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Abstract 

Ensuring precise rate control in the deposition process of perovskite layers is a critical 

challenge in solar cell manufacturing. This thesis presents a data-driven modeling and 

predictive control framework for perovskite evaporation, integrating system 

identification techniques, Model Predictive Control (MPC), and a Reference Governor 

strategy. The proposed methodology involves modeling the evaporation dynamics by 

dividing the system into power-temperature and temperature-rate subsystems. The 

system identification process includes data preprocessing, identification and cross-

validation, ensuring robust model accuracy. Notably, accurate models were identified 

in evaporation scenarios for  hole transport materials (𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵), inorganic salts (𝑃𝑏𝐼₂, 

𝐶𝑠𝐵𝑟), and organic compound 𝐹𝐴𝐼 used in hybrid halide perovskite solar cell 

manufacturing. 

A finite horizon MPC with and without zero terminal constraint was implemented 

using MATLAB's Optimization Toolbox, providing a faster and overshoot-free rate 

response. Additionally, a Reference Governor (RG) architecture with Kalman filtering 

was developed to ensure optimal reference tracking while satisfying process built-in 

constraints. A step further to check the real-world implementation of the proposed 

control approach was done through a Hardware-in-the-Loop (HIL) setup on a 

Raspberry Pi 5, which interfaced with a simulated overall system and confirmed its 

feasibility using embedded systems in MiniSpectros equipment. 

This research represents a significant advancement in control methodologies for 

perovskite deposition, marking the first application of advanced MPC techniques to 

macroscopic layer formation in solar cell fabrication. The study demonstrates tangible 

performance improvements. Specifically, the approach yielded a lower Integral of 

Squared Error (ISE) for the MPC and the MPC-based Reference Governor rate tracking 

with respect to built-in PID cascade scheme. This work presents an alternative 

implementation that retains the built-in controller on MiniSpectros equipment while 

achieving optimal regulation through the RG-MPC framework, ensuring enhanced 

process stability and efficiency in perovskite formation. 

Key-words: Model identification, Model Predictive Control, Perovskite deposition 

modeling, Reference governor, Co-evaporation layer deposition. 
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Abstract in lingua italiana 

Garantire un controllo preciso della velocità nel processo di deposizione degli strati di 

perovskite è una sfida cruciale nella produzione di celle solari. Questa tesi presenta un 

framework di modellizzazione basata sui dati e controllo predittivo per l'evaporazione 

della perovskite, integrando tecniche di identificazione di sistema, Model Predictive 

Control (MPC) e una strategia Reference Governor. La metodologia proposta prevede 

la modellizzazione della dinamica dell'evaporazione suddividendo il sistema nei 

sottosistemi potenza-temperatura e temperatura-velocità. Il processo di 

identificazione del sistema include la pre-elaborazione dei dati, l'identificazione e la 

cross-validazione, garantendo un'elevata accuratezza del modello. In particolare, sono 

stati identificati modelli accurati in scenari di evaporazione per un strato di trasporto 

di lacune (𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵), sali inorganici (𝑃𝑏𝐼₂, 𝐶𝑠𝐵𝑟) e il composto organico 𝐹𝐴𝐼 utilizzato 

nella produzione di celle solari a perovskite alogenata ibrida.  

Un MPC a orizzonte finito, con e senza vincolo terminale nullo, è stato implementato 

utilizzando l’Optimization Toolbox di MATLAB, fornendo una risposta della velocità 

più rapida e priva di overshoot. Inoltre, è stata sviluppata un'architettura Reference 

Governor (RG) con filtraggio di Kalman per garantire un tracking ottimale del 

riferimento rispettando i vincoli intrinseci del processo. Un ulteriore passo per 

verificare l'implementazione reale dell'approccio di controllo proposto è stato 

compiuto attraverso un setup Hardware-in-the-Loop (HIL) su una Raspberry Pi 5, che 

ha interfacciato un sistema simulato complessivo e ne ha confermato la fattibilità 

utilizzando sistemi embedded nell'equipaggiamento MiniSpectros.  

Questa ricerca rappresenta un significativo progresso nelle metodologie di controllo 

per la deposizione di perovskiti, segnando la prima applicazione di tecniche avanzate 

di MPC alla formazione macroscopica di strati nella fabbricazione di celle solari. Lo 

studio dimostra miglioramenti tangibili delle prestazioni. In particolare, l’approccio 

ha ottenuto un Integral of Squared Error (ISE) inferiore per il tracking della velocità 

sia dell’MPC che del Reference Governor basato su MPC rispetto allo schema PID a 

cascata predefinito. Questo lavoro presenta un'implementazione alternativa che 

mantiene il controllore predefinito nell’equipaggiamento MiniSpectros, ottenendo al 

contempo una regolazione ottimale attraverso il framework RG-MPC, garantendo una 

maggiore stabilità ed efficienza del processo nella formazione della perovskite. 

 

Parole chiave: Identificazione del modello, Controllo Predittivo, Modellazione della 

deposizione di perovskite, Gestore del riferimento, Deposizione di strati di co-

evaporazione. 

 



| Acknowledgments iii 

 

 

Acknowledgments 

I consider myself fortunate to have been part of Politecnico di Milano and the 

Department of Electronics, Information, and Bioengineering (DEIB) during my 

master's studies in Automation and Control Engineering. I am deeply grateful to such 

a distinguished institution for allowing me to contribute to the creation of new 

technologies that push the boundaries of science and engineering. 

I want to begin expressing my deepest gratitude to my advisor, Prof. Eva Masero, for 

her invaluable guidance and expertise throughout this journey. Her openness to new 

ideas and her support in connecting with external collaborators have been essential in 

shaping this project in a truly unique and remarkable way. Her direction and 

encouragement have been crucial in achieving the objectives of this work, and her 

enthusiasm has made this entire process an enjoyable and rewarding experience. 

I would like to extend my sincere thankfulness to Dr. Joachim Vollbrecht, researcher 

at the Department of Photovoltaics in the Institute for Solar Energy Research (ISFH) -

Germany, for providing us with the evaporation process data for perovskites in such 

a kind and uniquely open manner. His willingness to clarify doubts and elaborate on 

the details of the process has been invaluable for the completion of this work. I am 

equally grateful to Prof. José M. Maestre from the Department of Systems and 

Automation Engineering at the University of Seville, Spain, for his support and 

insightful ideas regarding Model Predictive Control and his practical perspective on 

managing these types of constrained systems. I would also like to express my gratitude 

to all the professors of the department, particularly Prof. Maria Prandini, the 

Programme chair, and guest lecturer Prof. Frank Allgöwer, who, through his course 

Data-based and Nonlinear Model Predictive Control, provided me with the essential 

tools to tackle any challenge in this field. 

There are no words to fully express my gratefulness to my parents for their sacrifice, 

support, and inspiration. Their guidance and teaching have provided me with the 

wisdom necessary to overcome every challenge. This is not just my achievement; it is 

ours. I dedicate this to you, with all my heart, for you are and always will be my 

greatest blessing. 

Finally, I would like to thank my sincere friends including Carlos, Ali, Abdelrahman, 

Ivan, Elisa, Aleksandar, Javier, Veronica, Teodora, Nadia, Claudio, Naomi, Luis, Joe 

and Daniela. It is you who enriched my graduate life at Polimi and made me feel 

supported, appreciated, and truly fortunate. 

 

Forever grateful,  

Juan Diego 



 

 

 

 

 

 

To my family. 

 

 

 



 v 

 

 

Contents 

Abstract ................................................................................................................................. i 

Abstract in lingua italiana............................................................................................... ii 

Acknowledgments ........................................................................................................... iii 

Contents ............................................................................................................................... v 

1 Introduction ............................................................................................................... 1 

1.1. Motivations and scope .................................................................................. 1 

1.2. Thesis objectives and contributions ............................................................ 2 

1.3. Thesis outline ................................................................................................. 3 

2 Literature review ...................................................................................................... 5 

2.1. Perovskite solar cells ..................................................................................... 5 

2.1.1. Applications ............................................................................................... 7 

2.1.2. Fabrication method: thermal evaporation ............................................. 8 

2.2. Main process variables ............................................................................... 10 

2.3. Modeling and control strategies ............................................................... 11 

3 System Description ................................................................................................ 13 

3.1. Perovskite evaporation dynamics ............................................................. 13 

3.1.1. Co-evaporation of perovskites .............................................................. 14 

3.1.2. Sequential evaporation of perovskites ................................................. 15 

3.2. System architecture and current control scheme .................................... 16 

3.2.1. General description of the vacuum chamber ...................................... 17 

3.2.2. Materials volatility and temperature.................................................... 19 

3.2.3. Phases and operational events .............................................................. 20 

3.2.4. Controlled variables, sensors and actuators ....................................... 23 

3.2.5. Built-in control scheme ........................................................................... 25 

4 System Identification ............................................................................................ 29 

4.1. Grey-Box modeling ..................................................................................... 29 

4.2. Data collection and experimental setup ................................................... 35 

4.3. Data pre-processing .................................................................................... 37 

4.4. Dataset construction ................................................................................... 39 

4.4.1. Training and validation phases ............................................................. 39 



vi | Contents 

 

 

4.4.2. Testing phase ........................................................................................... 40 

4.5. Identification methodology ....................................................................... 40 

4.6. Results and fitting indicators ..................................................................... 42 

4.7. A model generalization for 𝑃𝑏𝐼2 rate ....................................................... 46 

4.8. Co-evaporation effect in deposition ......................................................... 48 

5 Model Predictive Control: Strategy and Optimality ....................................... 51 

5.1. Optimal control problem ............................................................................ 51 

5.2. Open-loop MPC setup ................................................................................ 52 

5.2.1. Problem statement ................................................................................... 53 

5.2.2. Initial conditions ...................................................................................... 54 

5.2.3. Constraints ............................................................................................... 54 

5.2.4. Cost function ............................................................................................ 54 

5.3. Feasibility analysis ...................................................................................... 55 

5.4. Stability analysis .......................................................................................... 56 

5.5. Setting MPC parameters ............................................................................. 57 

5.6. MPC algorithm ............................................................................................ 58 

5.7. Closed loop simulation results .................................................................. 59 

6 A Reference Governor approach to Model Predictive Control ..................... 63 

6.1. Introduction.................................................................................................. 63 

6.1.1. Motivation ................................................................................................ 63 

6.1.2. Literature review and previous work .................................................. 64 

6.2. System modeling with cascade PID controllers ...................................... 65 

6.3. Objective function ....................................................................................... 69 

6.4. Observers design ......................................................................................... 70 

6.4.1. Luenberger Observer .............................................................................. 70 

6.4.2. Kalman filter ............................................................................................ 72 

6.5. RG-MPC algorithm ..................................................................................... 73 

6.6. Simulation results ........................................................................................ 75 

7 RG-MPC: Path to Deployment ............................................................................ 77 

7.1. Communication interfaces ......................................................................... 77 

7.2. Reference injection ...................................................................................... 78 

7.3. Implementing RG-MPC on raspberry pi ................................................. 79 

7.4. Hardware In the Loop (HIL) implementation ........................................ 79 

8 Results, conclusions and future developments ................................................ 83 

8.1. Results ........................................................................................................... 83 

8.1.1. Metrics ....................................................................................................... 83 



| Contents vii 

 

 

 

8.1.2. Performance results ................................................................................ 84 

8.2. Limitations ................................................................................................... 85 

8.3. Conclusions .................................................................................................. 86 

8.4. Future developments .................................................................................. 87 

Bibliography ..................................................................................................................... 89 

A Appendix A - Code................................................................................................. 93 

A.1. MATLAB ...................................................................................................... 93 

A.2. Raspberry Pi 5 / Python ............................................................................ 104 

List of Figures ................................................................................................................. 105 

List of Tables .................................................................................................................. 107 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 





 1 

 

 

1  Introduction 

Perovskites have emerged as a promising alternative for solar cells manufacturing 

because of their electrical properties, tunable absorption band, low energy fabrication, 

scalability, and compatibility with silicon technologies to create tandem and impact in 

energetic sustainability.  This latter aspect pertains to the fact that a cheaper and 

efficient fabrication will allow a to have access to clean energy, reduce the levelized 

cost of electricity, lower carbon footprint and accelerate the energetic transition by 

allowing the substitution of fossil fuels. In this context, Perovskites can provide 

innovative solutions to the energy self-sufficiency. For example, Italy imports around 

70% of its total energy consumption [1]. To reduce this dependency, the country could 

benefit from new solar technologies by taking advantage of its high solar irradiance, 

promoting sustainable mobility applications, and enhancing competitiveness in the 

European market through the production of high-quality solar cells. Additionally, this 

approach could expand workforce opportunities and decrease the reliance on Asian-

manufactured solar panels while fostering local production. 

1.1. Motivations and scope 

In photovoltaic applications, a well-formed structure of Perovskites reduces charge 

carrier recombination leading to higher efficiency. The more symmetrical and 

homogeneous its structure, the better its energy transfer. The dynamic adjustment of 

the evaporation rate, based on real-time measurements and structural stability models, 

could optimize perovskite manufacturing in the industry.  

Moreover, there exists the necessity to reduce the material waste, improve the rate 

deposition transient, optimize the precursors consumption, improve the energy 

management, increase the quality of the product, reach scalability in an industrial line 

for a better profitability.  

A widely used technique to create perovskites is the thermal evaporation, which 

involves a controlled deposition of chemical compounds onto a substrate. One of the 

main challenges is to optimally adjust the evaporation rate and improve its transient, 

as it is essential to enhance the perovskite’s quality. However, current thermal 

evaporation control is based on the built-in PID controller of the equipment, and the 

rate adjustments can be made by changing the chemical compounds of the process or 

modifying the source power.  
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Due to the reasons previously mentioned, the perovskite layer deposition process 

would benefit from a more sophisticated control technique as Model Predictive 

Control (MPC).  It uses a prediction horizon to compute an optimal control law 

following a receding horizon strategy. MPC can handle constraints, delays, 

multivariable systems, and tracking setpoints. By integrating MPC using a reference 

governor it allows us to maintain the built-in PID controller integrated in the 

evaporation system while optimizing the tracking reference for the evaporation rate. 

The fact of dynamically adjusting process parameters based on predictive models can 

lead to  significant improvements in the production efficiency of cost-effective and 

high-performance perovskite solar cells. 

This work provides a general vision about the Perovskite’s deposition using thermal 

evaporation and its importance in the solar cell manufacturing industry. Along this 

chapter, the contributions, objectives and limitations are described, highlighting the 

importance of perovskites technology and its potential role in the photovoltaic 

industry.   

1.2. Thesis objectives and contributions 

The automation, control and scalability of perovskites fabrication requires optimal 

mechanism to ensure a desired performance. The variability of the environmental 

conditions and the specific volatility properties of the materials involved in the process 

introduce challenges in rate and temperature control, power management, and fault 

tolerance. Traditional PID controllers are used so far in the context of thermal 

evaporation, obtaining only partially satisfactory results and solving isolated 

problems.  Therefore, novel approaches to enhance their reliability and efficiency are 

explored in this thesis.  

The objectives of this work are modeling the process dynamics based on historical 

experimental data and then developing an advanced controller that integrates rate and 

temperature control to optimize the performance. Specifically, the following objectives 

are pursued: 

 

1. Obtain a mathematical model of the system behavior for each of the materials 

involved in the perovskites formation, based on collected data provided by the 

Institute for Solar Energy Research in Hamelin (ISFH) ¹. 

2. Consider the laboratory requirements and develop an optimal control method 

based on Model Predictive Control, together with a reference governor 

approach, which includes the built-in cascade controllers (PIDs) of the lab 

equipment. 

3. Simulate and validate  the proposed controllers in comparison with traditional 

control approaches. 

¹ https://isfh.de/photovoltaics-materials-research/?lang=en 
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4. Establish the foundation for implementing the designed controller through 

Hardware-in-the-Loop (HIL) simulations, while exploring various deployment 

strategies, including peripherals, interfaces, and other components of an 

industrial network. 

As a result of this work, the following contributions are yielded: 

1. The identification of the dynamics of chemical compounds used for the 

perovskites’ evaporation process. Since it is a complex system, historical data 

makes the modeling easier than following physical principles. 

2. Improvements in the efficiency of perovskites’ fabrication process by 

implementing MPC-based approaches that consider operational and 

equipment constraints. 

3. The development of a mathematical framework that help us to analyze the 

impact of control algorithms on the performance of dynamical systems such as 

perovskite evaporation processes. 

1.3. Thesis outline 

This thesis is organized into several chapters:  

Chapter 2 introduces a comprehensive background on perovskite’s fundamentals, 

applications, fabrication methods and photovoltaic cells manufactured through co-

evaporation techniques. This chapter also reviews some modeling and traditional 

control methods that have been implemented in these kinds of systems.  

Chapter 3 provides a description of the perovskite evaporation system by detailing its 

hardware components, operating regions, system architecture, and the variables 

involved in all the process stages. 

Chapter 4 covers the system identification and modeling of the perovskite evaporation 

process. A structured methodology for system identification is presented, 

incorporating data collection, pre-processing, dataset construction, and experimental 

validation. Various modeling techniques, including Grey-Box models and linear 

piecewise model estimation, are employed to identify the system’s dynamics. The 

identification phase is validated with performance metrics such as FIT percentage used 

to assess model accuracy. 

Chapter 5 focuses on the control strategy and describes the implementation of Model 

Predictive Control using tools such as MATLAB-Optimization toolbox. The chapter 

covers the setup of a finite horizon MPC with a zero terminal constraint for the 

tracking problem and a feasibility and stability analysis. Finally, the parameter tuning 

and closed-loop simulation results are also discussed. 
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Chapter 6 addresses the Reference Governor approach, which ensures that the 

reference followed by the PID cascade controllers is optimized while fulfilling the 

constraints. 

Chapter 7 provides a practical perspective on implementing the Reference Governor 

strategy into the lab equipment, detailing the components, the data acquisition system, 

and the required communication. Hardware-in-the-loop (HIL) approach is also 

proposed to validate the Reference Governor MPC algorithm in a real-world scenario, 

while ensuring the proper functionality of controller and handling constraints using 

an embedded system as Raspberry Pi 5. 

Chapter 8 shows a comparative quantitative analysis of the different control 

approaches, evaluating their effectiveness, advantages, and trade-offs. This chapter 

summarizes the conclusions of this work, its limitations, and also outlines a potential 

direction for further investigation. 
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2 Literature review 

This chapter presents a literature review for perovskite cells. First, it establishes a 

general vision about the Perovskite’s deposition using thermal evaporation and its 

importance in the solar cell manufacturing industry. Then, it reviews the data-driven 

modeling and control with a specific focus on the field of perovskites technology and 

its potential impact in the photovoltaic industry.  

2.1. Perovskite solar cells 

Perovskite is a mineral composed of calcium, titanium and oxygen. The mineral was 

discovered by Gustav Rose in 1839 and named after Lev Perovski (Russian 

mineralogist). The formulation of the mineral is 𝐶𝑎𝑇𝑖𝑂3, nonetheless, a perovskite 

structure is considered any crystal structure with the generic form 𝐴𝐵𝑋3, it is 

essentially a cubic unit with 𝐴 type cation at the corner, 𝐵 type cation at the body center 

and 𝑋 halogen ions at the center of each of the faces [2], as shown in Figure 2.1(a).  

 

 

Figure 2.1 Hybrid lead halide perovskite’s structure [3]. 

(a) Cubic structure of lead halide perovskite (b) tetragonal crystal system  

(c) tolerance factor of different types of halide perovskites  
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Perovskites have a generic form 𝐴𝐵𝑋3, where: 

▪ 𝐴 as an organic cation, e.g., organic compound as 𝐹𝐴𝐼 (Formamidinium Iodide) 

or inorganic as Cesium bromide (𝐶𝑠𝐵𝑟).  

▪ 𝐵 as a metal, e.g., lead (𝑃𝑏).   

▪ 𝑋 is a halogen, e.g., iodine (𝐼2) or bromine (𝐵𝑟). 

The main precursor in the perovskite formation is the organic salt 𝑃𝑏𝐼2, which in 

combination with 𝐹𝐴𝐼 or 𝐶𝑠𝐵𝑟 creates the crystal structure. This material is the one 

that indicates the quality of the crystal and its efficiency. 𝐶𝑠𝐵𝑟 is usually used to 

improve the thermal and environmental stability of the perovskite, partially replace 

the iodine to reduce solar cell degradation. Finally, 𝐹𝐴𝐼 is an organic cation that replace 

methylammonium to improve stability [4], and also improves crystallization quality, 

reducing defects and enhancing charge carrier mobility. Figure 2.1 shows the structure 

of these materials, and the tolerance factor 𝑡 of some perovskites classified as halides 

[5]. 

As detailed in work [6], the cubic perovskite structure is stable if and only if the factor 

𝑡 defined in the range between 0.8 < 𝑡 < 1 fulfils: 

 𝑅𝐴 + 𝑅𝑥 = 𝑡 √2 (𝑅𝐵 + 𝑅𝑥) (2.1) 

where 𝑅𝐴, 𝑅𝐵 and 𝑅𝑥 are the ionic radio of ions. Note that the range of 𝑡 can vary and 

expand according to the specific distorted perovskite structure. The generic structure 

can have any element 𝑋 instead of oxygen. The tolerance factor 𝑡 is crucial since it 

defines if the crystal structure is stable on its cubic form or if it distorts into a tetragonal 

or orthorhombic phase. 

When the deposition rate is controlled in a perovskite fabrication process, it is crucial 

to ensure that the stochiometric relationship of the deposited ions keeps a stable 

structure. In the perovskite deposition using thermal evaporation, the evaporation 

speed of the different precursors affects the final rate of the elements in the film. If the 

composition is not right, the 𝑡 value is out of the optimal range and thus it is created 

defects in the crystal structure, reducing the film efficiency in a short degradation 

period of approximately 160 hours under environmental exposure. This crystal 

structure gives perovskites a lot of properties, some of them include, but are not 

limited to: a high absorption coefficient to sunlight, high photoluminescence quantum 

yield, high charge carrier mobility to ensure electrons transport, a low recombination 

rate that reduces energy losses, lightweight and low-density, potential for 

biocompatibility and high dielectric constant that enhances charge separation in 

photovoltaic applications [7]. 

Perovskite Solar Cells (PSC) have emerged as an alternative to silicon photovoltaic 

technology due to its development in efficiency, lower fabrication cost and versatility. 
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According to the study [8], PSC have started from an initial efficiency of 3.5% in 2009 

to going up of the 25.8% in 2022, surpassing even the silicon multicrystal cells 

performance. This growth in almost a decade gives perovskites a significant focus over 

other technologies. Indeed, Silicon cells require higher temperatures (over 1000 °C) 

and costs than PSC. Additionally, PSCs can be deposited into flexible substrates, 

allowing applications in portable devices and smart clothes. On the other hand, silicon 

cells are rigid and fragile; features that limit the integration with those technologies. A 

solar cell that uses a hybrid combination of perovskites and silicon is called tandem. 

This combination improves energy absorption, since perovskites allow a tunable 

bandgap between 1.5 and 2.3 eV when its chemical composition is varied. 

Nonetheless, PSC still present many challenges in long-term stability when the film is 

exposed to humidity, temperature and oxygen. Another challenge is the toxicity in 

some perovskites compounds as the one studied in this work (𝑃𝑏𝐼2), which contains 

lead that generates environmental and health concerns. The main challenge for PSC is 

still the need of optimizing the production without compromising quality and stability 

[8]. Methods such as thermal evaporation and spray coating are being explored to 

obtain an efficient and reproducible manufacturing process.   

A type of advanced material used for solar cells are Hybrid Lead Halide Perovskites 

(HLHP). Its unique crystal structure and electronic properties make it highly efficient 

in photovoltaic application. This work is focused on the fabrication process of Hybrid 

lead halide perovskites, all data and models obtained are based on three  inorganic 

compounds (𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵, 𝑃𝑏𝐼2 , 𝐶𝑠𝐵𝑟) and one main organic component (𝐹𝐴𝐼).  

2.1.1. Applications 

Perovskites are versatile materials with a huge number of applications in diverse 

fields, some of them are: 

▪ Light Emitting Diodes (LEDs): Taking advantage of their high efficiency in 

emission of different colors, perovskites are used in the fabrication of screens 

and other illumination devices. 

▪ X-ray detectors: Using its high sensibility X-ray, electronic medical equipment, 

and medical stents are the main research directions [3]. 

▪ Photodetectors: For optic and sensor communications, some sensors as gas 

detectors use perovskites’ sensibility and selectivity. 

▪ Fuel cells: Some perovskites are used as electrolytes in solid oxide fuel cells due 

to their high ionic conductivity and stability at high temperatures. 

▪ Supercapacitors: Is still an open research field to take advantage of its electric 

properties in energy storage applications. 

 

Photovoltaic applications are undoubtedly the most popular implementation of 

perovskites, and the base of this work. Since its high efficiency converting solar energy 
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into electricity has been improved in recent years, reaching values that compete with 

traditional technologies like silicon. Figure 2.2 shows some of the main applications of 

this crystal structure. Perovskites have excellent integration with architectonic 

elements such as windows and facades of the buildings, they are being used as 

portable energy alternatives because of their weight and capacity to generate energy 

even in low light conditions. Some of the devices that are integrating into this 

technology are laptops, smart watches, sensors, irrigation controllers, vehicles, drones 

and all types of smart transportation. This work will cover the study related to 

perovskites solar cell fabrication process. 

 

 

2.1.2. Fabrication method: thermal evaporation 

In the last years, numerous fabrication methods have emerged to create a perovskite 

film. Among them, there are: 

▪ Spin coating: A perovskite solution is deposited onto a spinning substrate, 

helping to evenly distribute the layer.  It is a fast, economic and easy process, 

nonetheless it is impossible to scale industrial production. This is the most 

popular method in research labs to study and evaluate crystal properties. 

▪ Dip coating: A substrate is immersed in a perovskite solution and then slowly 

withdrawn to form a thin film. It is generally used in high surface films and 

thickness can be very hard to control.  

▪ Thermal evaporation: Perovskite precursors are evaporated and condensed 

onto a substrate to form a thin film. It provides high quality and uniform 

surfaces used in high efficiency solar cells. The scope of this work is oriented to 

control this kind of process. 

▪ Spray coating: A perovskite solution is sprayed onto a heated substrate to form 

a thin layer. It can be scalable but hard to control the film morphology.  

▪ Blade coating: A perovskite solution is spread over a substrate using a blade to 

control the film thickness. It can be scalable but requires optimization to reach 

uniformity.   

(a) LED (b) X-ray detection (c) Solar cell (d) Gas detector principle (e) Supercapacitor structure. 

Figure 2.2 Perovskite Applications 
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▪ Slot-Die coating: An injection system deposits the perovskite solution in a 

controlled pattern onto a moving substrate. It is very scalable but requires 

specialized equipment, which can entail high cost and hard maintenance.  

 

 

 

Among all fabrication methods, the thermal evaporation is widely used to create slim 

films of perovskites. It is based in a controlled deposition of materials under vacuum, 

followed by condensation onto substrate, as illustrated in Figure 2.3 (c).  

A vacuum chamber is set to minimize the contamination and improve a uniform 

deposition, then the precursors as metal halides and lead compounds are placed in a 

crucible or resistive filament. A high temperature is applied to evaporate the materials 

without decomposition. The vapor travels toward the substrate in the shape of 

individual molecules or atoms, finally, the material deposits onto the substrate 

forming a thin film. Note that the film thickness can be adjusted by varying the 

evaporation rate and deposition time. 

There are some types of thermal evaporation technologies: 

▪ Resistive evaporation: The material is heated inside a crucible through an 

electric current. 

▪ E-beam evaporation: A high-energy electron beam is used to evaporate 

materials with high melting points. 

▪ Sputtering magnetron: Uses a plasma of high-energy ions to eject atoms from 

a solid target, which condense on a substrate to form a thin film. 

The equipment set that will be used in this work is the PVD MiniSpectros thin film 

deposition system platform [9] that performs thermal evaporation process using 

resistive evaporation. Nonetheless, this equipment allows other techniques such as e-

(a) Spin coating (b) Dip coating (c) Thermal evaporation (d) Spray coating (e) Blade coating. (f) Slot-Die coating. 

Figure 2.3 Perovskite film fabrication methods 
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beam and sputtering magnetron. Some advantages of this process include high purity 

due to vacuum chamber, good thickness control and uniformity, scalable process and 

versatility for deposition of multi-layer devices. Some drawbacks of this method are 

the high energy source requirement and the high volatility of the chemical compounds 

that intervene in the perovskite formation.  

2.2. Main process variables 

The evaporation process inside the vacuum chamber involves the following variables:  

▪ Temperature: The most critical variable in the thermal evaporation process of 

perovskites is the temperature, as it directly influences the morphology, quality, 

and stability of the deposited thin films. Precise control is essential to achieve 

optimal and reproducible crystalline structures in solar cells.  

Each material has an optimal evaporation temperature. Overheating can 

degrade the organic ones as 𝐹𝐴𝐼, affecting the perovskite stoichiometry. On the 

contrary, insufficient heating prevents uniform evaporation, resulting in poor-

quality films. An appropriate temperature enhances the surface mobility of 

atoms, facilitating the growth of large, well-ordered crystals. If the temperature 

is too low, the crystals are small, leading to defects in the film. On the contrary, 

if the temperature is too high, it may trigger secondary reactions and 

decomposition of the perovskite structure.  

 

▪ Deposition rate: A low deposition rate stimulates the orderly growth of large 

crystals, improving charge transport and reducing structural defects, whereas 

a high deposition rate can lead to uncontrolled nucleation, resulting in porous 

films or stress-related defects.  

If one compound is deposited faster than another, the ratio between them can 

become unbalanced, affecting the conversion of the film to its photoactive 

phase. Note that the optimal rate depends on each compound, and it is the 

controller’s duty to maintain the rate setpoint and avoid variance in the steady-

state. For example, organic compound 𝐹𝐴𝐼 requires a controlled deposition rate 

to prevent material loss due to its volatilization.  

The equipment has Quartz Crystal Microbalances (QCMs), which are used to 

monitor the deposition rate of each component in real time and maintain the 

correct stoichiometry [4]. 

 

▪ Power input: A stable power supply ensures that the evaporation process 

remains consistent, leading to homogeneous film thickness since fluctuation in 

power can create variations in thickness, the power supplied to each source 

must be adjusted dynamically to maintain the correct stoichiometric ratio in the 

perovskite film [4]. Low power input leads to insufficient evaporation, resulting 

in low deposition rates and incomplete film coverage. Conversely, high power 
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input can cause thermal decomposition of organic precursors like 𝐹𝐴𝐼, leading 

to unwanted byproducts that degrade film quality. The power input in vacuum 

evaporation is a crucial variable that directly affects the deposition rate, 

precursor stability, and film uniformity in Lead Halide Perovskites. 

Proper control of power input ensures an efficient and reproducible deposition 

process, preventing material degradation and non-uniform films. Thus, this 

variable is used as the control input. 

2.3. Modeling and control strategies 

 

Data-Driven Modeling (DDM) is an approach used to develop mathematical models 

of dynamic systems using data from experiments, instead of only depending on 

physical principles or theoretically derived equations. This approach uses automatic 

learning techniques, statistics, optimization, and control theory to extract the relation 

between input/output signals, which can be found in data. Lately, DDM has been 

popular in diverse engineering areas such as autonomous vehicles, and chemical 

processes such as reactors and heat exchangers using Neural Networks (NN) and 

Support Vector Machines (SVMs). 

Regarding manufacturing processes, [10] explores a Linear parameter varying model 

of the gas behavior in a macroscopic approach of a deposition. The findings show that 

the gas profiles in all the experiments are similar and can be modelled using a Linear-

Time Invariant (LTI) system of third order without zeros. The validation of the model 

was made comparing the results with CFD simulations, having an accuracy of 95.06% 

with a Root Mean Squared Error (RMSE) between 1.147 and 3.778. Moreover, some 

advanced techniques in data-driven modeling are explored in [11] where it is applied 

to the Atomic Layer Deposition (ALD) and a variant assisted with plasma. Some 

molecular dynamics and Monte Carlo techniques are discussed to capture microscopic 

phenomena in the deposition. Artificial and recurrent neural networks, Bayesian 

regularization and data-driven optimization methods are applied to establish a 

methodology that increases the efficiency and accuracy of the model. 

Regarding control strategies, the study developed in [12] shows the effect of changing 

the solvent rate on the morphology of the film. This paper highlights the necessity of 

advanced control techniques to adjust the evaporation ratio as a robust design rule for 

obtaining high-quality films, independently of the material type. In [13], the study 

focused on the precise control of the evaporation process to achieve the desired 

stoichiometry in perovskite solar cells. The researchers utilized a system that 

employed PID and PWM algorithms to regulate both the pressure and deposition rate. 

It highlights the effectiveness of the control system in achieving the target 

stoichiometry. This system has different control variables but keeps the idea of 

sequential control using a PID approach, as illustrated in Figure 2.4.  
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Figure 2.4 Rate control scenarios in literature [13] 

 

Moreover, [4]  also highlights the importance of using co-evaporation techniques to 

enhance rate control because of its better solid-state reaction. In this study, it is found 

that a sequential deposition can decrease the stoichiometry and crystallinity of the final 

film. Finally,  [14] implements the PID controller for the rate, from the same machine 

that would be studied in this work [9] (MiniSpectros) investigate the importance of 

tunning the PID parameters for each precursor and each source, using cross-section 

SEM, profilometer and ellipsometry. 

Although various studies have analyzed basic parameters adjustment techniques, the 

application of Advanced control techniques such as Model Predictive Control (MPC) 

to regulate the deposition rate in thermal evaporation processes while optimizing 

different cost functions remains largely unexplored. This gap in literature suggests an 

opportunity for further research in this domain and will be explored in this work. 

 

 

 

 

(a) the setting with sensors, controllers and coils, (b) shows how the first PID adjusts chamber pressure, (c) shows the 

control of the evaporation rate in the second controller measuring with the QCM, finally on (d) the shutter is opened 

once the deposition is stabilized allowing deposition onto the substrates. 
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3 System Description 

In this chapter, the evaporation processes used for perovskite solar cells fabrication are 

described, specifically the working principle of the vacuum chamber, sequential and 

co-evaporation methods, all the stages involved in the controlled environment, 

sensors, actuators and the current architecture scheme to be identified and controlled 

in the next sections. This description is necessary in order to identify operating regions, 

important measured variables, equipment configuration and working principles. This 

allows us to differentiate between the different conditions when collecting data and 

give us an idea of measuring accessibility in real system.  

3.1. Perovskite evaporation dynamics 

Co-evaporation and sequential evaporation are two key techniques for perovskite-

based solar cell fabrication, each influencing film quality, composition, and device 

performance. Understanding these methods is essential for rate control and 

optimization, both of which contribute to the quality and long-term stability of 

perovskite-based solar cells. Figure 3.1 illustrates a simple scheme of the evaporation 

process considered in this work with its variables and principal components. 

 

Figure 3.1 Thermal evaporation process - Elements and variables. 
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3.1.1. Co-evaporation of perovskites 

Thermal evaporation of perovskites is a fabrication method that allows the controlled 

rate of material deposition. The inorganic salts and organic compounds are 

simultaneously evaporated within a high-vacuum chamber, which enables precise 

material deposition, ensuring optimal composition and film quality. The process steps 

are the following: 

▪ Preparation: The first substrate as a glass or silicon wafer is prepared, cleaning 

its surface and put in place in the high-vacuum chamber. Materials also need 

preparation: first the selection (purity ≥ 99%) to avoid impurities that may 

affect the quality of the film, second, if the material is in the form of large 

crystals, it is crushed in a mortar to obtain a fine and homogeneous powder 

which is placed in a crucible inside the chamber. 

▪ Evaporation: The materials are heated in the vacuum chamber until they 

evaporate, the evaporation rate and temperature are carefully controlled with a 

monitoring system in order to obtain a high-quality perovskite film with a 

desired stoichiometry. 

▪ Deposition: Eventually, the evaporated materials condense onto the substrate, 

forming a thin film. In the co-evaporation, a uniform and homogeneous layer is 

created. 

▪ Formation of perovskite: When the organic and inorganic vapors react on the 

substrate, the perovskite structure is created e.g. if 𝑃𝑏𝐼2 reacts with 𝐹𝐴𝐼, then a 

𝐹𝐴𝑃𝑏𝐼3 perovskite structure is formed. 

▪ Post-processing: Sometimes, when a specific process requires, annealing or 

thermal treatment can be applied to optimize the crystal structure and improve 

the photovoltaic properties. This process reduces the formation of surface 

defects, which can act as nucleation points for oxygen or water-induced 

degradation. This process takes around 10-30 minutes at a temperature between 

(100-150°C). 

The co-evaporation process is mainly used in the perovskite solar cells manufacturing 

and some other optoelectronic devices that require high-quality films. This process 

offers several advantages such as uniformity due to the fact that optimal stoichiometric 

ratios can be achieved across the entire surface, reducing the formation of unwanted 

secondary phases. Another advantage is the precise control over the composition, 

since the evaporation rate of each material is individually controlled, which allows 

accurate composition. Finally, this is suitable for large-area deposition, making it 

beneficial for commercial production.  
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3.1.2.  Sequential evaporation of perovskites 

In the other hand, sequential deposition method uses a different approach. First, the 

inorganic salts are co-evaporated and then a deposition of the organic component layer 

is done. The following steps are defined in this process: 

 

▪ Preparation: As in co-evaporation, the substrate is cleaned and prepared in a 

high-vacuum chamber. 

▪ Co-evaporation of inorganic salts: In this step the inorganic salts are co-

evaporated in the substrate creating a mixed halide film. The evaporation rates 

are controlled to achieve the desired composition and thickness of the inorganic 

layer. 

▪ Organic deposition: The organic component e.g. 𝐹𝐴𝐼 is deposited on top of the 

organic blend, notice that this can be done using various techniques such as 

spin-coating not necessarily thermal evaporation only. This would depend on 

the desired quality film and uniformity.  

▪ Reaction and formation of perovskite: The deposited 𝐹𝐴𝐼 diffuses into the 

organic layer, reacting to generate the structure. Finally, annealing can be also 

applied to optimize the perovskite crystallinity and photovoltaic properties. 

Sequential evaporation is widely used in the production of solar cells, where layer 

composition and thickness are critical. It’s beneficial for research and development 

when iterative optimization is required. 

Some benefits of this approach are the layer control over the organic and inorganics 

materials independently, versatility in optimizing each layer separately before 

forming the final structure and the requirement of simpler equipment due to the fact 

that the second step can use simpler deposition techniques for the organic component. 

Figure 3.2 shows a schematic representation of sequential evaporation and post-

processing. 

 

Figure 3.2 Schematic representation of sequential evaporation 
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In the context of the controller used in this application (SQC-310 INFICON) [15], the 

sequential rate allows to program and automate a sequence up to 6 materials in a 

predefined way. It offers a user interface that allows us to select the rate, objective 

thickness and deposition order, automatically adjusting the conditions to keep the 

stablished parameters using an intrinsic PID controller. 

Sequential evaporation can be found in literature as a conventional operation, e.g., [16]  

implements a sequential rate deposition control using a PID controller and virtual 

instrumentation, showing that it facilitates the incorporation of different cations or 

anions into the perovskite structure, allowing the engineering of materials with 

specific properties. This study applied an evaporation of 𝑃𝑏𝐼2 at the beginning and 

then a dipping process of the 𝑀𝐴𝐼 organic solution dissolved in butanol. In [17], an 

approach of sequential deposition in two steps is used, getting an improved 

morphology control of the layer, solar cells manufactured by this method achieved a 

power conversion efficiency of approximately 15% under standard AM1.5G 

conditions, representing a notable improvement in the performance of perovskite 

devices at that time. 

3.2. System architecture and current control scheme 

In order to control the rate deposition, it is necessary to understand how the real 

system works. The main equipment is composed of two different machines, the 

Eurotherm 2408 PID controller [18] and the complete deposition platform 

MiniSpectros  [9] . Eurotherm 2408 is coupled with the MiniSpectros controlling the 

rate of each material, thickness and monitoring the deposition. It uses some sensors 

and optimize stability. In the other hand, the MiniSpectros setup is a machine that 

allows vacuum chamber to be manipulated from inside using a modular integration 

with gloveboxes and some Water-Cooled Low Temperature Evaporators [19] that 

stablish the sources. 

The MiniSpectros system has four separate sources, each with its own rate sensor and 

temperature control. The four sources can be independently controlled for sequential 

or parallel evaporation. The evaporation cones are aimed at the rotating substrate 

holder, which can also be heated, if required. Ideally, the crosstalk between the four 

sources should be minimal, but this may depend on the used material (i.e. organic 

compounds such as 𝐹𝐴𝐼 may induce increased crosstalk at the sensors of the other 

three sources). The crosstalk can be estimated by evaporating from a single source and 

monitoring the measured rates at the sensors of the remaining three sources, which 

are not running at that time. Then, it is very important to identify the crosstalk in order 

to improve accuracy, avoid contamination and obtain a high-quality multilayer 

product. 
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3.2.1. General description of the vacuum chamber 

Low Temperature Evaporators, as seen in [19] are in a capsule (see Figure 3.3) that 

allows the evaporation of volatile materials, with a temperature control range between 

50 to 600 °C and efficient heater winding. The base is mounted for connections for 

power and thermocouple. This device evenly distributes temperature and reduces 

organic spitting. It allows to grow ±3% uniform films to be on a 150x150mm substrate. 

This device has a low temperature power supply which has a single channel and 

sequential control options, some autotuning modes, adjustable alarm and temperature 

control originally designed for “Eurotherm 2408 PID controller”. Additionally, this 

device has a flip shutter with integral pneumatic action and quick release for clean and 

assembly. Manufacturers provide typical rates at 30cm distance from evaporation 

source to substrate and are detailed in Table 3.1. 

 

 

Figure 3.3  Low thermal evaporator 

Table 3.1  Typical rate values in thermal evaporator 

 Rate 

𝑨𝑰𝒒𝟑 0,2 – 5 Å/s 

PTCDA 0,2 – 2 Å/s 

𝑪𝒖𝑷𝒄 0,2 – 2 Å/s 

𝑪𝟔𝟎 0,2 – 2 Å/s 

(a) Thermal evaporator   (b) Dimensioned diagram of the device. 
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Referring to our material’s data typical rate, 𝑃𝑏𝐼2 is an inorganic material with high 

sublimation point, so it means that its deposition rate is typically lower between 0.2 to 

1 Å/s. In the other hand, 𝐹𝐴𝐼 is an organic material like most of those described in 

Table 3.1, like 𝐴𝐼𝑞3 or 𝐶𝑢𝑃𝑐, nonetheless this material can be very sensitive to 

evaporation conditions, thus to crosstalk effect. In any case our device can deposit all 

those materials and is a good fit to develop hybrid halide perovskites. 

Eurotherm controller [18] is a versatile driver with high stability temperature control, 

with self-adapting tunning, it comes with 8 segments setpoint programmer. This 

driver accepts up to three I/O modules and two communication modules. Its features 

would be analyzed deeply on Chapter 7 for the path of deployment, in the meantime, 

some relevant data are shown in Table 3.2. 

Table 3.2 Datasheet features of Eurotherm controller [18] 

Feature Value 

Input type mA/mV/RTD/TC/V 

Process variable accuracy <0,2% 

Supply voltage 24V dc/ac 

Analogue Inputs 2 

Analogue Outputs 3 

Digital I/O 11 

Digital Comms DeviceNet, Modbus, Profibus 

 

Some of the most important features to establish a control strategy are those provided 

by the power supply of MiniSpectros. The power supply used is the KJLC RF03 with 

a maximum output power of 300W, the fixed frequency is about 13.56 MHz, and it has 

a metering accuracy of about ±1% full scale. This solid-state power supply has 

programmable high-speed pulsing with automatic gain control for reliable, repeatable 

power for an insulating process. 

The MiniSpectros [9] setup is a 100 Lt volume made of stainless steel, it supports 

various combinations, including up to 4 sources of low temperature evaporation of 

organic materials (LTE). The vacuum system is equipped with a 790 l/s turbomolecular 

pump as standard, with options of 1250 l/s or 1500 l/s cryogenic pumps, achieving a 

base pressure of 2 x 10⁻⁷ torr. It has a User interface (HMI) with options for recipes and 

data register. 
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Figure 3.4 Perovskite evaporation setup 

From a hardware point of view, there exist a defined range for temperature (50 – 

600°C) and power (0-90%). The power range will be used as it is, nonetheless, 

temperature range needs to be reconsidered since lower bound may not be enough to 

evaporate any material. The preheat value that would be explored in next section can 

be a good fit for lower restriction and it will depend of material volatility. 

Note that our final goal is to control the rate at a steady-state with minimum variation. 

Considering that temperature dynamics can be very slow; it is possible that system 

never reach upper temperature limit. Still, this limit is necessary for safety and fault 

detection reasons. 

3.2.2. Materials volatility and temperature 

To determine the lower bound restrictions for temperature and understand its thermal 

and decomposition properties, it is necessary to compute the volatility value for each 

material. A practical technique is the Thermogravimetric Analysis (TGA). This 

technique measures the mass loss of a material in function of temperature. When we 

heat a sample, it registers the temperature when it starts losing weight, indicating 

decomposition or volatilization. 

The volatility temperature has not been provided by the laboratory, nonetheless, 

looking at data it is easy to realize the value, which may be in the neighborhood around 

the temperature when rate starts to increase. This value is important in understanding 

how the system works in closed loop using the cascade approach with saturators, since 

it will determine how the system behaves and will allow a proper estimation of PID 

parameters.  

[20] has developed this technique for the co-evaporation of some different perovskite 

structure materials. Figure 3.5 shows the result of this experiment setup. Note that the 

organic material (𝑀𝐴𝐼) has a lower volatility temperature of 222.8°C when material 

starts losing weight, in the other hand, the inorganic salt (𝑃𝑏𝐼2) has a higher 

temperature of around 422.3 °C. 

(a) MiniSpectros equipment      (b)Power supply      (c) Cryogenic Vacuum Pump    (d)Eurotherm Temperature controller 
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Figure 3.5 Thermogravimetric analysis of MAI·PbI2 ·Mx powder [20] 

The volatility temperature of each material in this work would be estimated in the next 

chapters from data. Different conditions and experiments may vary depending on the 

process type, material’s shape and vacuum conditions, at the end the estimation of this 

value becomes a trial-error concern, but the variance of these estimations is minimal 

in most cases.  

3.2.3. Phases and operational events 

The evaporation process of a single or multiple materials is defined by some operation 

phases. Each of them defines a feature of the final product and needs to be considered 

in order to evaluate the controlled phases, relative time and influence of each stage. 

Each sequential phase is illustrated in Figure 3.6 and are detailed as follows: 

Figure 3.6 Evaporation phases of the process 
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1. The operator chooses the recipe of the material to be deposited on the substrate 

in the HMI. At this first step, the operator establishes the selection of 

composition, temperature, and rate control settings.  

 

2. The system begins by manually increasing the power or temperature applied to 

the source materials, this is made by the operator selection of Temperature in 

the HMI during the first period of time before the evaporation starts. This step 

is crucial to bring the source material to the appropriate vaporization point. The 

heating is gradual, ensuring the material does not evaporate too quickly, which 

could cause inconsistencies in deposition. The process stabilizes at the Idle 

Setpoint, where the source material reaches a standby state, ready to begin 

deposition when other conditions are satisfied. 

 

3. The source material heats up in a controlled way thanks to the ramp rate, which 

regulates how quickly the power or temperature rises. This avoids abrupt 

vaporization, which can cause the source to overheat or produce uneven 

deposition. The ramping is gradual and intended to approach deposition 

conditions in the system without starting the process too soon.  

 

4. The system moves onto the Ramp Soak stage when the required temperature or 

power level is attained. During this stabilization period, the system maintains 

a steady power or temperature. Before the material starts to deposit on the 

substrate, the soak time ensures that any residual variations are settled, and the 

evaporation rate stabilizes.  

 

5. At this point, the system actively modifies itself to achieve the target rate, which 

is the recipe's predetermined value. A Quartz Crystal Microbalance (QCM), 

which gives real-time feedback on the rate at which material is being deposited, 

is usually used to manage the deposition rate.  

 

6. The material is now being deposited onto the substrate at the desired rate, and 

the thickness of the film gradually increases. To make sure that the material 

accumulates uniformly across the substrate, the system closely monitors this 

process. The system is ready to begin winding down the deposition process 

once the Target Thickness is reached, as indicated by the QCM and other 

monitoring devices. A mechanical gate called a sub shutter opens, giving the 

material flow more precise control. 

 

7. Following the achievement of the desired thickness, the system begins to reduce 

the deposition rate and cool the sources by progressively reducing the power 
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or temperature. In order to prepare the materials for the following cycle or 

shutdown, this phase moves the system back toward the Idle Setpoint. 

 

8. Lastly, the system carefully shuts down the source materials. This maintains the 

thin film's homogeneity and quality by guaranteeing that the evaporation 

finishes entirely and leaves no residual deposition. The system is brought back 

to its initial state. 

 

In the data received from a co-evaporation process, where lead iodide 𝑃𝑏𝐼2 is 

evaporated synchronously with 𝐶𝑠𝐵𝑟, can be identified all these stages (see Figure 3.7.) 

For the 𝑃𝑏𝐼2 dynamics we can identify that stage 2 is the manually part when 

temperature of the chamber start increasing, once the temperature is near of the 

volatility value, stage 3 and 4 is present in a relative short time, after that evaporation 

in the substrate starts with the transient in stage 5 which is the target stage to control, 

then the steady-state of deposition can be seen in stage 6. The process finishes when 

stage 7 and 8 are manifested with an automatic switch off.  

In this work the temperature model is developed from stage 2 to 6, while rate model 

is only developed from stage 3 to 6. The temperature model in stage 2 is crucial in 

order to get the initial conditions of the final controlled variable (rate), which would 

be estimated as a linear system with delay as would be seen in Chapter 4.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 3.7 Evaporation phases in real data (PbI2) 
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3.2.4. Controlled variables, sensors and actuators 

The objective of this work is to control the rate of deposition from a specific material 

in a substrate inside a vacuum chamber with a controlled temperature. Thus, 

measuring these two variables is essential for effective closed loop control. The 

following sensors and actuators are implemented: 

 

▪ A Type K thermocouple (TC) for temperature measurement, providing a wide 

temperature range (approximately -200°C to 1260°C) and good accuracy, 

making them suitable for thin film deposition processes. Eurotherm 2408 allows 

the connection of many thermocouple types and other temperature sensors. The 

connection interface and a sample of K type thermocouple are shown in figure 

3.8: 

 

Figure 3.8 K type thermocouple terminals in driver [18] 

 

▪ A QCM for measuring the rate. It measures the mass of the thin film deposited 

on the quartz crystal by detecting changes in the crystal's oscillation frequency. 

The rate is determined by measuring how much the frequency changes over a 

given period. The relationship is given by Sauerbrey equality, which correlates 

the frequency shift to mass change and is described as follows:  

 ∆𝑓 =  −
2 𝑓0

2

𝐴√𝜌𝑞𝜇𝑞

 ∆𝑚 (3.1) 

where ∆𝑓 is the normalized frequency variance, 𝑓0 is the resonant frequency of 

the fundamental mode, 𝐴 the deposition active area, 𝜇𝑞 is the Shear modulus 

of quartz (𝜇𝑞 = 2.947 𝑥 1011 𝑔 𝑐𝑚−1𝑠−2) and 𝜌𝑞 is the density of quartz (𝜌𝑞 =

2.648 
𝑔

𝑐𝑚3).  

 

In this context, referring to the sensor selection, INFICON [21] in its guide 

suggests the Silver-coated Quartz crystal, which is ideal for most of the 

evaporation in metals, since it minimizes degradation by reaction with halides. 
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If the process involves compounds that could react with silver, an uncoated 

quartz crystal could be a viable alternative. Figure 3.9 shows the types of 

sensors, and the working principle used to measure the rate. 

 

Figure 3.9 QCM working principle and catalogue [21] 

 

▪ The actuator of this system is a “KJLC - RF03 Power Supply Package” included 

in the MiniSpectros setup, this power supply allows four control modes: 

 

1. DC Voltage control 

2. RF Voltage control 

3. Forward power levelling 

4. Load power levelling 

The RF03 operates by supplying RF energy to the sputtering target at the 

specified power level after the setpoint has been properly configured. 

Consistent deposition rates and film quality are maintained with the aid of this 

dynamic modification. 

Note that the power obtained in the output of this supply is measured in Watts, 

which means that it need to be normalized with respect to the 300W nominal 

power indicated on datasheet [9]. The power supply works in a high frequency 

range in order to activate the semiconductors as MOSFETs and transistors, 

nonetheless, the data provided is still sampled in accordance with the slow 

dynamics of temperature.  This work is not intended to make a deep analysis of 

power converters and supply involved in the process but is necessary to 

understand that the power transfer of this device is adequate for the control 

objective and that its variance in the control action may influence the rate 

response and temperature behavior. 
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3.2.5. Built-in control scheme 

The lab equipment uses a built-in control scheme, as shown in Figure 3.10. Note that 

the plant (Evaporator) is supplied by power and has as output the measure of 

temperature and rate using, respectively,  a Thermocouple (TC) and a QCM sensor. 

The measured rate is used in the external control loop to be compared with the 

reference value inserted by the operator using the HMI. Once the external PID 

controller receives the error, it sends that information to the PLC, which has the values 

of  𝑇𝑖𝑑𝑙𝑒 and   𝑇𝑚𝑎𝑥  inserted in the HMI according to the recipe of each material. 

The PLC is in charge of computing an adequate temperature reference (sometimes 

scaled), in order to compare with current temperature measurements and use that 

error to use a second PID Controller from another PLC function. This second controller 

computes a control action value in percentage of nominal power. Then, the power 

supply is intended to transfer this power in an efficient way and act on the evaporator 

to increase or decrease temperature, controlling rate in an indirect manner. 

 

 

Figure 3.10 Current control scheme description 

The second PLC computes raw power, that may be scaled before setting to the power 

supply. This scaling factor will depend on the full-scale range in the PLC output and 

Power supply input. 

To establish a general notation in this work, the variables and symbols are defined in 

Table 3.3 with a short description. Figure 3.11 shows the overall current control scheme 

with these defined variables. The model of the plant to be identified is represented 

using a dashed line and the variables are presented in a temporal domain using 

discrete steps 𝑘. 
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Note that noise can be added in the input or output variables. Sometimes this would 

be considered, more specifically in Chapter 7 when a Kalman Filter observer would be 

developed to reduce the effect of external noises with gaussian distribution. 

 

Table 3.3 Notation of process variables  

Variables Description Units 

𝝁(𝒌) Control input normalized power in percentage % 

𝒓𝒓𝒆𝒇 Rate setpoint value, selected in HMI Å/𝑠 

𝒑𝒄𝟏(𝒌) Control output computed by PID Controller 1 − 

𝒑𝒄𝟐(𝒌) Control output computed by PID Controller 2 − 

𝑻(𝒌) Temperature measured by TC (Output 1) °𝐶 

𝑻𝒓𝒆𝒇(𝒌) Temperature reference for internal loop °𝐶 

𝒓(𝒌) Deposition rate measured by QCM (Output 2) Å/𝑠 

𝒓𝒆(𝒌) Rate error signal Å/𝑠 

𝜹(𝒌) Input noise disturbance − 

𝜼(𝒌) Output noise disturbance − 

G1/G2 Plant’s model to be identified − 

𝑺𝑨𝑻𝟏  / 𝑺𝑨𝑻𝟐 Saturators for maintaining variables in a safety range − 

 

Figure 3.11 also shows some components such as TC referring to the thermocouple for 

temperature sensing, QCM to the Quartz Crystal Microbalance for rate sensing, PID 

controllers, which are typically inherited to a PLC, HMI to the interface and PSU to 

Power Supply Unit. 
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In order to find a model from the plant process evaporator, the dynamic relationship 

between power-temperature and temperature-rate are identified respectively by 

models 𝐺1 and 𝐺2. The next chapter will cover the model identification of 𝐺1 and 𝐺2 at 

each evaporation stage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.11 Current control block diagram 





 29 

 

 

 

 

4 System Identification 

This chapter focuses on the identification of dynamics of the evaporation process. First, 

we start with a detailed description of previous knowledge that would serve as a 

starting point for selecting the model structure. Then the data partitioning operations 

including training, validation and testing splitting. Also, some results together with 

their indicators for data fitting are analyzed. Finally, a generalization for 𝑃𝑏𝐼2 

dynamics is found using the models obtained for each setpoint from data. 

4.1. Grey-Box modeling 

Since the overall system has a cascade scheme with feedback of temperature and rate, 

it is reasonable to divide the plant into two subsystems. The first one relates power 

and temperature (𝐺1) while the second one relates temperature with rate (𝐺2) as shown 

in Figure 4.1. 

 

Figure 4.1 Plant model decomposition 

The dataset provided by the lab contains power, temperature, rate and thickness data 

for 4 compounds. Note that thickness is not modeled since it is a direct result from rate 

dynamics as explained later. 
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A grey-box model combines physical knowledge (from a white-box model) with the 

flexibility of obtaining parameters from a black-box model, by measuring only inputs 

and outputs of the system. Hereunder, it is explained in detail some previous system 

knowledge and the intuition of data visualization that led us to select an appropriate 

model. 

 

▪ Temperature dynamics (𝑮𝟏): The thermal evaporation implies to heat a solid 

compound until it evaporates. The temperature of the material can be found 

using a direct proportional relationship with the power supplied. This heat 

transfer involves a first-order model due to the thermal capacitance and the 

thermal resistance of the overall system. Once the temperature reaches the 

setpoint, its behavior turns nonlinear. Nonetheless, linearizing around the 

operation point, we can justify a first order model with dependance of the input.  

 

▪ Evaporation rate dynamics (𝑮𝟐): The rate can be modelled using a third-order 

linear-time invariant (LTI) model. There are some additional features involved 

that drive this model choice: 

 

1. Thermal inertia of the material: Thermal inertia refers to perovskite 

capacity to store heat. Since not all the energy turns immediately to a 

temperature increase, the system responses with a delay or gradual 

response. This behavior adds at least one additional pole contributing to a 

higher dynamical order of the system. 

 

2. Diffusion in the vacuum chamber: During evaporation, the material 

molecules become in vapor and then diffuses. The movement of the vapor 

to the substrate is not instantaneous and depends on factors such as 

pressure, chamber geometry and effects in the mass transportation. 

 

3. Condensation and absorption on the substrate: Once the vapor arrives to 

the substrate, it creates a slim film. This process has its own dynamics, 

especially if the temperature is controlled, or if co-evaporation is happening. 

 

4. Heat losses: The heat transfer not only occurs between heater and material, 

but also with the chamber walls, the environment and other components. 

This radiation and conduction heat losses may introduce additional 

dynamics. 

 

5. Control system effect: Since data is from closed-loop system, it may reflect  

higher order dynamics. 
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6. Nonlinear behavior: Some perovskites can have a nonlinear evaporation 

curve. To linearize these dynamics around the operating region, it may be 

necessary to have a high order model. 

Now, let analyze one of the system responses from the dataset, as shown in Figure 4.2. 

Note that considering an average constant input, the temperature response can be 

easily modeled as a first-order system with defined time constant. Nonetheless, the 

dependency on the input is clearly defining the tendency of the curve as would be seen 

in the identification process. 

On the other hand, the evaporation rate shows a delay since the moment when 

temperature reaches the volatility value. It also shows an overshoot and damping 

behavior, suggesting that the model must be second or higher order confirming the 

third order suggestion explored in the previous section. Besides, it is necessary to add 

the dynamics of the non-minimum phase introduced by unstable zeros. This tendency 

can be seen in Figure 4.3, which shows some data for the organic material 𝐹𝐴𝐼. In 

particular,  Figure 4.3(b), it can be seen how the rate has an undershoot in the moment 

when manual stage ends, and controller sets a high abrupt value. 

Note that the temperature model starts with its dynamics from the moment when 

power is supplied. Nonetheless, the evaporation rate starts when the volatility 

temperature is reached, this suggests a nonlinear approach using dead zones. For 

simplicity, the temperature model would be developed to predict the initial conditions 

for system 𝐺2, which would be able from the time when evaporation starts as shown 

in Figure 4.4. 

Figure 4.2 Data response from PbI2 evaporation  
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Another consideration at this point is the natural offset introduced in the temperature 

response. The temperature model starts from zero while the real temperature 

dynamics start at environmental conditions, around 𝑇𝑜 = 22.5 ℃. Thus, the output of 

the identified model should add this offset to truly represent the temperature 

dynamics. 

 

Figure 4.3 Data response from FAI material 

This overall plant model can be represented using a step multiplication to the 

temperature input. The overall system varies over time, but this is not an obstacle for 

state-space representation. In fact, this behavior can be  represented as a step signal 

𝜇(𝑘 − 𝑘𝑚), where 𝑘𝑚 is the instant of time when temperature has reached the volatility 

and is already identified from data. Figure 4.4 shows a block diagram of the overall 

plant, and the following equations are obtained to model the system. Considering a 

generic identified model and assuming only 𝐺1 has direct dependance of input in the 

output ( ∃ 𝐷1 ≠ 0), then the models can be represented as: 

 

Figure 4.4 Block diagram for system piecewise dynamics 
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𝐺1 :   {

𝑥1(𝑘 + 1) = 𝐴1𝑥1(𝑘) + 𝐵1𝑢1(𝑘)
𝑦1(𝑘) = 𝐶1𝑥1(𝑘) + 𝐷1𝑢1(𝑘)

 

(4.1a) 

(4.1b) 

 
𝐺2 :   {

𝑥2(𝑘 + 1) = 𝐴2𝑥2(𝑘) + 𝐵2𝑢2(𝑘)
𝑦2(𝑘) = 𝐶2𝑥2(𝑘)

 
(4.2a) 

(4.2b) 

From the block diagram, the temperature can be expressed as:  

𝑇(𝑘) = 𝑦1(𝑘) + 𝑇𝑜 

 

Due to the multiplication for the step signal: 

𝑢2(𝑘) = 𝑇(𝑘) ∙  𝜇(𝑘 − 𝑘𝑚)  →     𝑢2(𝑘) = 𝜇(𝑘 − 𝑘𝑚) ∙ (𝑦1(𝑘) + 𝑇𝑜) 

 

By substituting equation (4.1b) in it, we obtain: 

𝑢2(𝑘) = 𝜇(𝑘 − 𝑘𝑚) ∙ (𝐶1 𝑥1(𝑘) + 𝐷1 𝑃(𝑘) + 𝑇𝑜) 

 

Thus, from equation (4.2a), we obtain: 

𝑥2(𝑘 + 1) = 𝐴2𝑥2(𝑘) + 𝐵2 ∙ (𝜇(𝑘 − 𝑘𝑚) (𝐶1 𝑥1(𝑘) + 𝐷1 𝑃(𝑘) + 𝑇𝑜)) 

 

Considering equation (4.1a) and the rate output defined in equation (4.2b), we obtain 

the overall state-space representation: 

 

[
𝑥1(𝑘 + 1)
𝑥2(𝑘 + 1)

] = [
𝐴1 𝟎

𝜇(𝑘 − 𝑘𝑚) 𝐵2  𝐶1 𝐴2
] (

𝑥1(𝑘)
𝑥2(𝑘)

) + [
𝐵1

𝜇(𝑘 − 𝑘𝑚) 𝐵2  𝐷1
] 𝑃(𝑘) + 

[
𝟎

𝜇(𝑘 − 𝑘𝑚)𝐵2𝑇𝑜
] 

 

 𝑟(𝑘) = [𝟎 𝐶2]  (
𝑥1(𝑘)
𝑥2(𝑘)

) (4.3) 

Here it is necessary to highlight the necessity to identify a state-space representation 

of a first order system for 𝐺1 and a third order system with potential zeros for system 

𝐺2. The initial temperature 𝑇𝑜 can be seen as the first measure and the time step shift 

value 𝑘𝑚 is defined by the moment when temperature reach the volatility value for a 

specific material. 
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The relationship between rate and thickness is well defined, in this context, rate is the 

speed of the material being deposited in the substrate. When rate shows a constant 

behavior, there exist a linear increment of the thickness in the same time interval. In 

literature, the following relation is stated for this type of process [22] where 𝐾 is the 

scale factor for unit adjustment, e.g., from Å to 𝑛𝑚: 

 𝑇ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 =  𝐾 ∙ ∫ 𝑟(𝑡)𝑑𝑡     , (4.4) 

From equation (4.4), it is important to highlight the effect of the transient in the rate by 

considering a significant duration of around 10 minutes as seen from some materials 

data and its impact on the film thickness. The relationship stated in equation (4.4) 

highlights the significance of closed-loop control in preventing overshoots and 

undershoots, reducing time rise, and enhancing the overall response to achieve a 

homogeneous deposition and a high-quality product as explored in Chapter 2. 

 

Figure 4.5 (a) shows the rate from data and an ideal setpoint started at the same time 

when volatility temperature is reached (b) shows the integral of these signals and 

estimated thickness from equipment data, (c) clarifies the impact of rate transient in 

the shape of thickness in a relative short time, while (d) and (e) exhibits the difference 

from a controlled rate and the potential crystal deformation as a result of a non-

homogenous deposition. Note that (c) shows a potential time window that can be 

taken into consideration for improving the time constant response. Also, during 

transient the blue signal does not perfectly follow a linear trajectory, thus, loses 

homogeneity in this stage of the process, which needs to be controlled.  

Figure 4.5 Rate and thickness link on 𝑃𝑏𝐼2 deposition for 0.5 Å/𝑠  
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4.2. Data collection and experimental setup 

Data collection from the laboratory setup was extracted from Excel spreadsheets 

provided by the “Institut für Solarenergieforschung” Photovoltaics laboratory in 

Hameln-Germany. The information was sent over packages of metadata (Named from 

B-E) with the associated timeline, power input supplied by the converter, temperature 

inside vacuum chamber, deposition rate, thickness and accumulated thickness. Some 

setpoint values were also included in some datasets. 

All the data were collected using a global sample time of 1 second and are associated 

with the different materials involved in Hybrid Halide Perovskites process. This data 

correspond not only to the dynamics of one material evaporating, but also to the co-

evaporation using more sources simultaneously. A source is the new term that we are 

going to employ to denominate one of the four vacuum chambers described in section 

3.2.1. 

Table 4.1 indicates the data labels delivered by the labs and the corresponding 

processing method.  

Table 4.1 Data provided by laboratory 

Dataset 

address 

Sheet 

name 
Source 1 Source 2 Source 3 Source 4 

1B 
spiroTTB 

Src1 
spiroTTB 

(0.25Å/s) 

- - - 

2B 

 

PbI2+CsBr2 
- PbI2 

(1.0Å/s) 
CsBr 

(0.21Å/s) 

- 

3B 
FAI Src4 - - - FAI 

(0.35Å/s) 

1C 
- - PbI2 

(2Å/s) 

- - 

1D 
- - PbI2 

(0.5Å/s) 

- - 

2D 
- - PbI2 

(0.5Å/s) 

- - 

3D 
- - PbI2 

(0.5Å/s) 

- - 

4D 
- - PbI2 

(0.5Å/s) 

- - 
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5D 
- - PbI2 

(0.5Å/s) 

- - 

6D 
- - PbI2 

(0.5Å/s) 

- - 

7D 
- - PbI2 

(2.25Å/s) 

- - 

8D 
- - PbI2 

(2.25Å/s) 

- - 

9D 
- - PbI2 

(2.25Å/s) 

- - 

10D 
- - PbI2 

(2.25Å/s) 

- - 

11D 
- - PbI2 

(3.0Å/s) 

- - 

12D 
- - PbI2 

(3.0Å/s) 

- - 

1E 
- - PbI2 

(2.25Å/s) 

- - 

2E 
CsPbBr3 

 

PbBr2 

(1.7Å/s) 

- CsBr 

(0.21Å/s) 

- 

3E 
CsPbBr3 

 

PbBr2 

(1.7Å/s) 

- CsBr 

(0.21Å/s) 

- 

 

Datasets from 1B to 3B are used to characterize the single source evaporation of 

𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵 and 𝐹𝐴𝐼, also the co-evaporation of 𝑃𝑏𝐼2 and 𝐶𝑠𝐵𝑟. Data from 1C, 1D-12D 

and 1E are used to characterize the model of the 𝑃𝑏𝐼2 dynamics at each operating 

region in order to find a generalized representation. Datasets from 2E to 3E are used 

to check the dynamics of 𝑃𝑏𝐵𝑟2 and 𝐶𝑠𝐵𝑟 co-evaporation and compare the results 

obtained from dataset 2B. In this way, it is possible to see the correlation from different 

materials. Note that a more in-depth analysis will be conducted on 𝑃𝑏𝐼2 , given that it 

represents the largest dataset available. Nonetheless, some features and peculiarities 

of the other materials models will be also discussed. 

As the reproducibility, calibration, and data collection methodology are reserved by 

the research institute, this study focuses on analyzing the provided data while 

acknowledging potential limitations in accessing detailed procedural information. 
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4.3. Data pre-processing 

Before defining the methodology for model identification, certain data pre-processing 

operations should be conducted in advance. This step is fundamental to ensure 

accuracy and a reliable estimation. 

Raw data collected from sensors, experiments or simulations often contains noise, 

outliers, inconsistencies or missing data which can reduce the true information that 

the set provides. Proper pre-processing mitigates these issues by cleaning, normalizing 

and transforming data into a usable form. 

Based on the data received, the following operations were applied in this work: 

▪ Data trimming: This operation was developed in order to cover only the data 

that represents the appropriate evaporation stage needed to identify, e.g., 

Figure 4.7 (a-c) shows only stages 2-6 discussed in section 3.2.3. For 𝐺2 model 

identification, only stages 3-6 were considered. 

 

▪ Zero-offset adjustment: Adds or subtracts the initial value to all the data points 

to have a set which initial value is cero. This operation is made in order to have 

capture the real steady-state gain from an input that also starts in cero. It is 

important to consider this fact and restore the normal dynamics after 

identification, adding the initial value to the output as done in figure 4.4. 

 

▪ Noise filtering: This operation was predominantly developed in the rate 

response of 𝐹𝐴𝐼 and 𝐶𝑠𝐵𝑟, which are sensitive materials with highly noise 

influence. Figure 4.7 (c) clearly illustrates this pre-processing operation. 

 

Figure 4.6 Fourier spectrum from CsBr rate signal 
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Rate signal filtered from figure 4.7(c) was obtained using a 4th order low-pass 

Butterworth filter with normalized cutoff frequency 𝑓𝑐 . Ljung [23] in his book 

establishes a methodology to select this cutoff frequency as the 90-95% of the Fourier 

spectrum integral, as selected in Figure 4.6. for a specific value of 47Hz. Note that this 

value is suggested to capture most of the useful energy in the signal, while attenuating 

high frequencies related to noise. This approach guarantees an appropriate 

representation of the important dynamics in the system. An obvious consideration is 

also to respect the Shannon theorem having a sample frequency at least twice as big as 

the cutoff frequency to avoid aliasing. 

Filtering will also allow us to identify the real trend of the control input, reducing the 

high frequency effect from the power converter. This enables us to make an adequate 

comparison in Chapter 6 with simulated PID controllers and the average input signal 

of the power converter, which was not provided by the laboratory. 

It is important to highlight that data pre-processing can also involve the elimination of 

trends with drifting behavior, normalization and missing data handling. Nonetheless, 

this was not required in this study since data never showed drifts, unit or scale 

mismatch nor missing segments. 

Figure 4.7 Data Pre-processing 
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4.4. Dataset construction 

Once signals are already pre-processed, all the data is segmented into training, 

validation or sometimes testing sets. This operation is made to ensure accuracy, reduce 

overfitting and create a robust generalization of the model.  

4.4.1. Training and validation phases  

Training has the most important role in system identification, this operation adjusts 

the parameters of the selected model using the data available and minimizing the error 

between the output of the model and the real output collected in data. The error is 

continuously measured during the parameter estimation and some different 

techniques are used depending on the complexity of the model. 

In the other hand, validation is an operation that evaluates the generalization capacity 

of the model, here a new dataset is introduced in order to adjust the model complexity 

without changing the parameters that are already trained. Error is measured to 

monitor overfitting, if validation error increases when training error decreases, then 

an overfitting operation is happening. In this context, some metrics like the Akaike 

information criterion (AIC) can be used as suggested in [23]. 

In this work, two cases are explored: 

▪ Case when only one dataset is available: This is the case of datasets 

1B,2B,3B,2E and 3E. In this context, data can be divided as shown in figure 4.8 

where 60% corresponds to the training phase, 20% to validation and 20% to 

testing. Nonetheless, When the dataset is limited, splitting it into three separate 

sets can reduce the amount of data available for training, leading to a poorer 

model performance, then as seen on figure 4.8 the new segmentation for system 

𝐺1 that relates power input with temperature is 70% for training and 30% for 

validation. 

 

Figure 4.8 Data segmentation when only one dataset is available 
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▪ Case when more than one dataset is available: As seen in table 4.1, 𝑃𝑏𝐼2 is the 

material with the most amount of data provided by the laboratory. Having one 

set for 2 Å/𝑠, six sets for 0.5 Å/𝑠, five sets for 2.25 Å/𝑠 and two sets for 3 Å/𝑠 

setpoint. Thus, we can use a different approach dividing the data as shown in 

table 4.2 and allowing testing segmentation. 

4.4.2. Testing phase 

Robustness and generalization are tested in this phase, using a completely new data 

set to determine the model’s performance in unknown conditions. Metrics as medium 

square error (MSE) and FIT% are used to evaluate the fitting. 

For 𝑃𝑏𝐼2, when enough data is available for each rate setpoint, a testing phase is 

conducted to assess its behavior using a new dataset. 

 

Table 4.2 Data segmentation for PbI2 

Setpoint 

Experiment 
Training Validation Testing 

2 Å/s 70% 1C 30% 1C - 

0,5 Å/s 1-4D 5D 6D 

2,25 Å/s 1E & 7-8D 9D 10D 

3 Å/s 11D 50% 12D 50% 12D 

 

When more than one dataset is used for the training phase, it may be useful to use the 

command “merge(m1, m2,….mN)” . This command merges all the models in its 

argument and the resultant data vector is a statistically weighted mean [24]. 

This enables us to start with the system identification algorithm by taking advantage 

of a set of data pre-processed and segmented in a way that increases the amount of 

information that we will obtain from data to use in the proposed models.   

4.5. Identification methodology 

With respect to identification, it’s necessary to divide into two processes, one of them 

identifies models of 𝐺1 and another for 𝐺2. This is made in order to obtain the state-

space matrices described in equation (4.3). Since all the datasets contain the input, 

temperature and rate signal, these operations can be made independently. 

▪ Temperature model (𝑮𝟏): Forgione [25] explores a strategy to identify initially 

a higher order system and then apply an order reduction to simplify and keep 

an accurate representation. Despite state-space models offer a predictive 

advantage, sometimes they are excessively high in terms of order, which makes 
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them inadequate for control purposes. In this work the model was found using 

a second order system with 2 zeros using the Matlab command: 

“tfest(data_train,2,2,nk,'Ts',Ts1, options)” with a sample time of 1 

second as discussed in the previous chapter and a null value for 𝑛𝑘, which 

represents the system delay. Note that this command gives us a resulting 

discrete transfer function. Then, reducing to a first-order system using the 

Matlab command: “balred(sys,order)”, this command uses the balanced 

truncation method to compute a reduced-order approximation of “sys”. This 

operation reduced the fitting error in the model, since converted it into an 

expression that highly depends on input value directly in the output, thus, 

having a value of 𝐷1. The disadvantage of this procedure is the high frequency 

noise directly introduced in the output, which can be easily filtered if necessary. 

 

▪ Rate model (𝑮𝟐): As discussed in section 4.1 the rate dynamics can be modelled 

using a linear-time invariant (LTI) system of third order with one zero to 

represent the inverse response. The command: “tfest(data_train, 3, 1, 

nk, 'Ts', Ts1, options)” was used for this purpose.  

 

The identified model for 𝐺1 was converted into their state-space representation using 

software and 𝐺2 was kept as transfer function simulating the same structure defined 

in Figure 4.4: 

 

 

Figure 4.9 Model simulation in Simulink 
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Figure 4.10 shows the block diagram implementation in Simulink, unifying the whole 

overall model from equation (4.3) into a “Matlab function” block, this was made to use 

in control purposes in the next chapters of this work. The resulting outputs of these 

simulations will be presented in the next section. 

4.6. Results and fitting indicators 

The most used metric to evaluate model performance is Fit Percentage. It is calculated 

based on the normalized root mean square error (NRMSE) between the measured 

output and the simulated or predicted output of the model. The expression is defined 

in equation (4.5): 

 

 𝐹𝐼𝑇% = (1 −
‖𝑦 − 𝑦̂‖

‖𝑦 − 𝑦̅‖
)  ∙  100 (4.5) 

Where: 

𝑦 is the measured output 

𝑦̂ is the predicted output from the model 

𝑦̅ is the measured output average 

‖ . ‖ represents the Euclidean norm 

 

The following figures show a few of the resulting graphs obtained in the identification 

process comparing with real data and fitting: 

Figure 4.10 Model simulation in Simulink II 
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Figure 4.11 illustrates the comparison between the model obtained for some materials, 

(a) is the temperature from an experiment on 𝑃𝑏𝐼2 where a 0.5 Å/s setpoint was set, the 

model was simulated in Simulink using the configuration of Figure 4.9 and compared 

with the data of an experiment in the same conditions. Note that high frequency noise 

influences the response of predicted data due to the high dependance on input. In the 

other hand, (b) shows the rate behavior from same conditions compared with data, 

this response was obtained using a Matlab script, since the model represents the 

dynamics from stage 3 to 6 only. Initial conditions needed to be computed before 

obtaining a good approach.  (c), (d), (e) and (f) illustrate the same variables but for 2.25 

Å/s and 3 Å/s respectively. 

It's important to highlight that since 𝐺1 is a first-order system and 𝐺2 is a third-order 

system, the overall plant is a fourth-order system as stated in equation (4.3).  At this 

point, it’s not convenient to show all the parameters values for each model and 

material in every operating region. Instead, the model for 𝑃𝑏𝐼2 for a 0.5 Å/s setpoint 

will be presented. Metadata, model structures, and other identification parameters can 

be requested from the author and the associated institutions. Appendix A.1 shows an 

identification code for this example, which output is the following: 

 

 

 

(a) Temperature for 0,5 Å/s setpoint 𝑃𝑏𝐼2 (b) Rate for 0,5 Å/s setpoint 𝑃𝑏𝐼2 (c) Temperature for 2,225 Å/s setpoint 

𝑃𝑏𝐼2 (d) Rate for 2,25 Å/s setpoint 𝑃𝑏𝐼2 (e) Temperature for 3Å/s setpoint 𝑃𝑏𝐼2 (f) Rate for 3Å/s setpoint 𝑃𝑏𝐼2 (g) 

Temperature for 0,35 Å/s setpoint 𝐹𝐴𝐼 (h) Rate for 2 Å/s setpoint 𝑃𝑏𝐼2 

 

 

 

 

Figure 4.11 Some model's response compared with data 
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𝐺1 :   {

𝑥1(𝑘 + 1) = 0.9985𝑥1(𝑘) − 1.3529𝑃(𝑘)
𝑦1(𝑘 + 1) = −0.007466𝑥1(𝑘) − 0.3449𝑃(𝑘)

 

(4.6a) 

(4.6b) 

   

 

 

 

𝐺2 :   {
𝑥2(𝑘 + 1) = (

0.9882 0.999 −0.9874
1 0 0
0 1 0

) 𝑥2(𝑘) + (
𝜃1

0
0

) 𝑃(𝑘)

𝑦2(𝑘) = (𝜃2 0 0)𝑥2(𝑘)

 

(4.7a) 

(4.7b) 

Where: 

𝜃1 =  0.4883 ∙  10−3 

𝜃2 =  0.6499 ∙  10−3 

 

The FIT percentage of all the models identified in this work for model 𝐺1 was 

computed using software and compared with data received from laboratory, those 

values are shown in table 4.3. Note that each phase is also specified T(training), 

V(validation) and S (testing if applicable): 

 

Table 4.3 FIT% for Temperature model 

Dataset Phase FIT% Dataset Phase FIT% 

1B T & V 92.24% 7D T 87.75% 

2B T & V 81.48% 8D T 89.13% 

3B T & V 87.36% 9D V 77.19% 

1C T & V 85.89% 10D S 80.07% 

1D T 88.49% 11D T 94.72% 

2D T 92.29% 12D V & S 88.66% 

3D T 86.44% 1E T 90.12% 

4D T 91.09% 2E T 92.01% 

5D V 80.11% 3E V&S 84.10% 

6D S 91.25%    

 

The same comparison was made for 𝐺2 using segmented data only from stage 3 to 6 

(When evaporation occurs), obtaining the following results reported in table 4.4. 
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Table 4.4 FIT% of Rate model 

Dataset Phase FIT% Dataset Phase FIT% 

1B T & V 97.66% 7D T 88.02% 

2B T & V 81.44% 8D T 92.62% 

3B T & V 85.23% 9D V 93.22% 

1C T & V 92.11% 10D S 87.20% 

1D T 81.92% 11D T 91.18% 

2D T 78.51% 12D V & S 83.15% 

3D T 82.80% 1E T 81.14% 

4D T 86.22% 2E T 91.11% 

5D V 76.26% 3E V&S 75.29% 

6D S 78.92%    

 

4.7. A model generalization for 𝑃𝑏𝐼2 rate 

Since 𝑃𝑏𝐼2 material was provided with a big amount of data in many operation points, 

it is possible to propose a generalization using Gain scheduling. This is a technique 

that allows us to use a set of local linear models to control a system in different 

operating regions. It is useful when the system has a linear behavior around the 

operation point, but its global behavior significantly varies with each setpoint.   

 

Let suppose that we have 𝑁 linear models in state-space (𝑖 = 1,2, … , 𝑁), where: 

 
𝐺:   {

𝑥(𝑘 + 1) = 𝐴𝑖  𝑥(𝑘) + 𝐵𝑖  𝑢(𝑘)
𝑦(𝑘) = 𝐶𝑖  𝑥(𝑘)

 
(4.8a) 

(4.8b) 

An interpolation of these models using the value of the setpoint (𝜌) is developed. 

          𝐴(𝜌) =  ∑ 𝑤𝑖(𝑝)𝐴𝑖

𝑁

𝑖=1

  

 

Where N is the number of linear models (3) and 𝑤𝑖(𝑝) are the interpolation weights 

whose values can be computed using a linear interpolation e.g., 

 𝑤1(𝜌) =
(𝑝 − 𝑝2)(𝑝 − 𝑝3)

(𝑝1 − 𝑝2)(𝑝1 − 𝑝3)
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This technique allows a continuous and soft transition between different local models, 

is simple and gives flexibility to implement some advanced techniques as an adaptive 

controller.  It is necessary to ensure stability for the new interpolated matrices in the 

whole range of operations (in our case 0-3 Å/𝑠), a disadvantage may be some delay 

introduced in a controlled event as stated in [26]. 

This algorithm was implemented using Matlab and can be seen at Figure 4.12 for 

different set points, including those provided and a couple more in the whole new 

operating region. Note that it creates a new upper bound for stability and the step 

response for 3 Å/s becomes unstable. 

 

Figure 4.12 Different step responses to generalized model 

 

The steady-state error in low values as 0.5 also increased a little bit due to the gain 

scheduling procedure. This method clearly helps us to create a model for a whole 

operating region but compromising accuracy and stability. 
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4.8. Co-evaporation effect in deposition 

This final section of the identification chapter looks forward to evaluating the influence 

in the co-evaporation process on dataset 2B, 2E and 3E. The first dataset involves 

simultaneous evaporation of 𝑃𝑏𝐼2 and 𝐶𝑠𝐵𝑟 having a 1Å/𝑠 setpoint for the first 

material and 0.21Å/𝑠 for the second one. While datasets 2E and 3E show the 

evaporation of a 𝑃𝑏𝐵𝑟2 with 1.7Å/s and 𝐶𝑠𝐵𝑟 with 0.21Å/𝑠. Even though 𝐶𝑠𝐵𝑟 is having 

the same behavior it may influence in a different way to some types of precursors. 

Figure 4.13 shows the dynamics of dataset 2B, while Figure 4.14 illustrates the behavior 

of 𝑃𝑏𝐵𝑟2 in datasets 2E and 3E. 

 

Figure 4.13 𝑃𝑏𝐼2  +  𝐶𝑠𝐵𝑟 data 
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Figure 4.14 𝑃𝑏𝐵𝑟2  +  𝐶𝑠𝐵𝑟 data 

 

When it comes to evaluating the effect from one spectrum to another, it can be useful 

to use the Pearson correlation to evaluate the crosstalk, this indicator measures a value 

between -1 to 1, -1 means a perfectly negative correlation, 1 a perfect positive 

correlation and a null value means no linear correlation. It is given by the following 

expression in equation (4.9): 

 

 
𝑟𝑝 =

∑(𝑋𝑖 − 𝜇
𝑋

)(𝑌𝑖 − 𝜇
𝑌

)

√∑(𝑋𝑖 − 𝜇
𝑋
)

2
∑(𝑌𝑖 − 𝜇

𝑌
)

2

  
(4.9) 

Where 𝑋𝑖 and 𝑌𝑖 are the sample values, while 𝜇𝑋 and𝜇𝑌 are the mean value of 𝑋 and 𝑌. 
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In this context the crosstalk can be measured by evaluating the correlation between the 

power input of 𝑃𝑏𝐼2 and 𝑃𝑏𝐵𝑟2 with the evaporation rate of 𝐶𝑠𝐵𝑟. Also, we will 

evaluate the correlation between the rate of  𝐶𝑠𝐵𝑟 with respect to each of the other 

rates. This operation was made using software and the results are reported in table 4.5.  

 

Table 4.5 Pearson correlations in co-evaporation 

Relation Pearson factor 

Power 𝑷𝒃𝑰𝟐 and rate 𝑪𝒔𝑩𝒓 0.1658 

Power 𝑷𝒃𝑩𝒓𝟐 and rate 𝑪𝒔𝑩𝒓 0.7097 

Rate 𝑷𝒃𝑰𝟐 and rate 𝑪𝒔𝑩𝒓 0.8162 

Rate 𝑷𝒃𝑩𝒓𝟐 and rate 𝑪𝒔𝑩𝒓 0.9247 

 

Note that the correlation in the first case is weak and positive, this indicates that the 

power of material 𝑃𝑏𝐼2 has almost not influence in the evaporation rate of 𝐶𝑠𝐵𝑟, which 

means that controlling this power will not have a significant effect in the deposition. 

In the other hand, the second result is a strong positive correlation, this suggests a hard 

coupling or cross talk between chamber of 𝑃𝑏𝐵𝑟2 and 𝐶𝑠𝐵𝑟. 

With respect to the evaporation rates correlations of third and fourth results, are not 

significantly important since it only indicates that when a material is being evaporated 

so does the other one in a remarkably similar way. 

The high correlation of the second result suggests an additional dynamic in the 

deposition of the overall material, as seen in figure 4.14, the high frequency response 

of power converter from 𝐶𝑠𝐵𝑟 source may introduce an effect in the rate of 𝑃𝑏𝐵𝑟2. In 

any case, this effect can be neglected and develop a proper identification for each 

model independently as done before. Note that this decoupling can be lost if a 

generalization is made as in previous section. 

𝑃𝑏𝐼2 dynamics and its generalization model will be used to develop the controllers on 

the next Chapters, nonetheless, any model developed in this chapter can be used for 

control purposes. Its stability and invariance properties are left as an exercise to the 

reader. 
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5 Model Predictive Control: Strategy 

and Optimality 

This chapter introduces the Model Predictive control problem and its algorithm to be 

applied in the identified model of 𝑃𝑏𝐼2. A standard and a zero terminal constraint MPC 

approach were solved using a typical quadratic objective function. 

5.1. Optimal control problem 

An Optimal control problem is to find a control law 𝜇∗ ∈ 𝑈 , which can lead the 

following system [27]:  

𝑥̇ = 𝑓(𝑥(𝑡), 𝜇(𝑡), 𝑡) 

Where initial states are: 

𝑥(0) = 𝑥𝑜 

To follow an optimal trajectory 𝑥∗ ∈ 𝑋 , which may minimize a performance measure 

[27].  The performance measure or generally called objective function has the following 

form: 

𝐽 = ℎ(𝑥(𝑡𝑓), 𝑡𝑓) + ∫ 𝑔(𝑥(𝑡), 𝜇(𝑡), 𝑡) 𝑑𝑡
𝑡𝑓

𝑡𝑜

 

Always satisfying the constraints defined in sets 𝑈 and 𝑋. This performance measure 

can be related to a minimum-time problem where the objective is transfer from an 

initial state to a target in minimum time, a terminal control problem where the 

objective is reduce the deviation of the final state from a desired value, a minimum 

control effort problem, where the objective is transfer a system from initial condition 

to target with a minimum expenditure of control effort, a tracking problem (The one 

mainly used in this chapter) to maintain system state as close as possible to the desired 

one, or a regulator problem when the desired state keeps in zero [27]. 

The optimal control problem and specifically the selection of the performance measure 

is a way to translate the system requierements into a mathematical expression. 

Weights for the performance measure are meaningful for the final performance of the 

closed loop system. 
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To solve this problem is important to introduce the dynamic programming method to 

find an optimal policy employing the principle of optimality in time-varying 

requirements. 

5.2. Open-loop MPC setup 

MPC is a numeric-based controller, since it is not implemented as an analytical 

function of past and present measures but makes numeric computations online while 

only a part of the control design can be computed off-line [28]. 

There exist many solutions strategies for solving the optimal control problem in open 

and closed-loop, MPC combine all the best properties from each strategy to have the 

computational power of an open loop approach  with the feedback property to 

increase accuracy, reduce uncertainty, reduce disturbances effect and ensure stability. 

Thus, MPC solves an open-loop optimization problem at each sample instance, while 

measuring the output which serves as an initial point for next iteration. 

Due to obvious computational reasons, the prediction horizon 𝑁 needs to be finite. 

Note that after computing the optimal control law, only the first input is applied in 

that sample instance, thus: 

𝜏 ∈ [𝑡, 𝑡 + 𝛿] 

This introduces the concept of receding horizon illustrated in figure 5.1: 

 

Figure 5.1 Receding horizon [29] 

If we are situated in the sample time 𝑘, an optimal control problem is solved to obtain 

the optimal control law, we apply the first control input computed and move on to the 

next time instance, this can be explained with the following MPC receding horizon 

basic algorithm:  

Algorithm 1 MPC Algorithm 

1: At all sampling time, solve the optimal control problem 

2: Apply 𝜇𝑀𝑃𝐶 ∶=  𝜇̅(𝜏, 𝑁)  ;  ∀𝜏 ∈ [𝑡, 𝑡 + 𝛿]  

3: Set 𝑡 = 𝑡 + 𝛿 
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5.2.1. Problem statement 

Having the following nonlinear system: 

𝑥̇ = 𝑓(𝑥, 𝜇)    ;     𝑥(𝑡) ∈  ℝ𝑛  , 𝜇(𝑡)  ∈  ℝ𝑞 

𝑥(0) = 𝑥𝑜 

With the following constraints: 

𝑥(𝑡) ∈ 𝑋 ; ∀𝑡 ≥ 0  

𝜇(𝑡) ∈ 𝑈 ;  ∀𝑡 ≥ 0   

  

Before stating the problem, the following assumptions should be made: 

▪ 𝑓(0,0) = 0 It can be always done with coordinate change without loose 

generality. 

▪ 𝑓: ℝ𝑛 →  ℝ𝑛 is at least twice continuous differentiable 

▪ 𝑈 is compact 

▪ 𝑋 is connected 
▪ (0,0) ∈  𝑋 × 𝑈 

Then at a given state 𝑥(𝑡) an optimal control problem is solved for every time instance: 

 

 
min

𝜇̅( .  ,   𝑡)
𝐽 (𝑥(𝑡), 𝜇̅( .  , 𝑡))  

  

(5.1) 

Equation (5.1) has a predicted control law over the horizon 𝜇̅, which depends from the 

measure 𝑥(𝑡). The notation used in this work for variables with bar means the 

predicted values at real time 𝑡 , while without bar means the real system at time 𝑡.  

We can redefine the objective function as: 

𝐽(𝑥(𝑡), 𝜇̅( .  , 𝑡)) =  ∫ 𝐿(𝑥̅( 𝜏 , 𝑡), 𝜇̅( 𝜏 , 𝑡))𝑑𝜏
𝑡+𝑁

𝑡

 

 

(5.2) 

s.t: 

𝑥̇̅ = 𝑓(𝑥̅, 𝜇̅)                 ;         𝑥̅ (𝑡, 𝑡) = 𝑥(𝑡)  

𝜇̅( 𝜏 , 𝑡)  ∈ 𝑈    ;    ∀ 𝜏 ∈ [𝑡, 𝑡 + 𝑁]  

𝑥̅( 𝜏 , 𝑡)  ∈ 𝑋    ;    ∀ 𝜏 ∈ [𝑡, 𝑡 + 𝑁]    

 

Where the optimal control law is the result of: 
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𝜇∗(𝜏, 𝑡) ∶=  argmin
𝜇̅( .  ,   𝑡)

𝐽 (𝑥(𝑡), 𝜇̅( .  , 𝑡))  ;    ∀ 𝜏 ∈ [𝑡, 𝑡 + 𝑁]  

 

(5.3) 

5.2.2. Initial conditions 

Before starting with the MPC implementation, it is important to recognize the 

necessity of discretizing the model obtained in Chapter 4 and compute the initial 

conditions of the states when stage 3 starts the evaporation process, to this end we can 

use temperature expression from equation (4.6b) and use this value to compute the 

initial state for rate in the overall fourth-order system from equation (4.3). The model 

obtained in equations (4.6) and (4.7) are already discretized using the zero-order 

holder method. Equation (5.4) shows the initial condition computed for 𝑥𝑜 in 𝑃𝑏𝐼2. 

  

𝑥𝑜 =  [−30600, 0, 0, 0.1170]  

 

(5.4) 

5.2.3. Constraints 

The only imposed constraint for the system is the following box constraint given by 

the laboratory for this material: 

𝑈:        0 ≤  𝜇(𝑡) ≤ 60%       ;   ∀𝑡 ≥ 0 

 

Nonetheless, in next chapter it will be necessary to establish this and other constraints 

for the cascade system with PID controllers and treat them as state constraints. 

 

5.2.4. Cost function 

This optimal control problem involves tracking and a minimum control effort 

problem, thus the following cost function is proposed in discrete time: 

 

𝐽 =  ∑ 𝑥(𝑡)𝑇𝑄𝑥(𝑡) + (𝑦𝑟𝑒𝑓 − 𝑦(𝑡))
𝑇

𝑄𝑒 (𝑦𝑟𝑒𝑓 − 𝑦(𝑡)) + 𝜇(𝑡)𝑇 𝑅 𝜇(𝑡) 

𝑁−1

𝑘=0

  

 

(5.5) 

Note that states can be also penalized to see the effect of the weight 𝑄 in the system 

response. 
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5.3. Feasibility analysis 

In this work, a standard MPC and a zero terminal constraint MPC were developed, 

thus, the feasibility and stability analysis will focus in those two strategies. 

To this end, is necessary to establish some assumptions: 

A) 𝐿(𝑥, 𝜇) > 0  ;  ∀(𝑥, 𝜇) ∈ 𝑋 ×  𝑈 ≠ (0,0)     (Strictly positive definite) 

B) At 𝑡𝑜, MPC optimization problem is feasible 

C) 𝐿(0,0)  =  0 (Minimum of the stage cost is the equilibrium) 

Principle 5.1. Bellman’s principle of optimality 

Statement: At any time, whatever the present information and past decisions, the 

remaining decision must constitute an optimal policy with regard to the current 

information set. This can be seen on figure 5.2: 

 

Figure 5.2 Bellman's principle of optimality Illustration [27] 

It means that: 

𝑉(𝑥(𝑡𝑜), 𝑡𝑜 , 𝑁) = 𝑉(𝑥(𝑡𝑜), 𝑡𝑜 , 𝑡′) + 𝑉(𝑥(𝑡′), 𝑡′, 𝑁) 

 

Recursive feasibility is an important property in MPC, if an optimal control problem 

is feasible at time 𝑡𝑜 ≥ 0 , then it will be feasible at all times  𝑡 ≥ 𝑡𝑜 when MPC 

algorithm is applied. 

Hypothesis 5.1. MPC standard optimization problem is recursively feasible. 

Proof: The proof is trivial using Bellman’s principle of optimality and is done by 

induction, since is feasible at 𝑡0, will be feasible at all steps after. 

Hypothesis 5.2. Zero Terminal Constraint MPC is recursively feasible. 

Proof: Also trivial by induction 

𝜇̅ ̂(𝜏, 𝑡 + 𝛿) =  {
𝜇̅∗(𝜏, 𝑡)    ;    𝜏 ∈ [𝑡 + 𝛿 , 𝑡 + 𝑁]
0    ;    𝜏 ∈ [𝑡 + 𝑁 , 𝑡 + 𝑁 + 𝛿]

 

(5.6) 

 

 

𝒙(𝑵) 
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Then is shown that the problem is feasible at time 𝑡 + 𝛿 , ∀𝑡. 

5.4. Stability analysis 

Lemma 5.1. Barbalat’s Lemma 

Statement: Let 𝜑: ℝ → ℝ be a uniformly continuous function on [0, ∞) 

Now suppose lim
𝑡→∞

∫ 𝜑(𝑡) 𝑑𝑡
𝑡

0
 exist and is finite, then: 

𝜑(𝑡) → 0           𝑎𝑠      𝑡 → ∞ 

Hypothesis 5.3. MPC standard is stable. 

Proof:  𝑉(𝑥) = 𝐽∗(𝑥) 

𝐽∗(𝑥(𝑡 + 𝛿)) = 𝐽∗(𝑥(𝑡)) − ∫ 𝐿(𝑥̅( 𝜏 , 𝑡), 𝜇̅( 𝜏 , 𝑡))𝑑𝜏
𝑡+𝑑

𝑡
    ; Due to Principle 5.1 

But from assumption A: 𝐿 > 0 

→ 𝐽∗(𝑥(𝑡 + 𝛿)) < 𝐽∗(𝑥(𝑡))  

Hypothesis 5.4. MPC standard is Asymptotically stable. 

Proof: Using Lemma 5.1, since: 

∫ 𝐿(𝑥̅( 𝜏 , 0), 𝜇̅( 𝜏 , 0))𝑑𝜏
𝑁

0
   is finite by assumption B 

Then 𝐿 → 0  as 𝑡 → ∞ 

For assumption C: 

𝑥(𝑡) → 0  ;  𝜇(𝑡) → 0      ; Since 𝐿 > 0  for assumption A. 

 

Hypothesis 5.5. Zero Terminal Constraint - MPC is stable. 

Proof:  

𝐽∗(𝑥(𝑡 + 𝛿)) = 𝐽∗(𝑥(𝑡 + 𝛿), 𝜇̅∗( . , 𝑡 + 𝛿)) =  ∫ 𝐿(𝑥̅∗( 𝜏 , 𝑡 + 𝛿), 𝜇̅∗( 𝜏 , 𝑡 + 𝛿)) 𝑑𝜏
𝑡+𝛿+𝑁

𝑡+𝛿

  

Now we plug the feasible solution 𝜇̂̅, knowing that feasible solution gives a larger 

value than optimal: 

≤  ∫ 𝐿(𝑥̅∗( 𝜏 , 𝑡), 𝜇̅∗( 𝜏 , 𝑡))𝑑𝜏
𝑡+𝑁

𝑡+𝛿
+  ∫ 𝐿(0,0)𝑑𝜏

𝑡+𝑁+𝛿

𝑡+𝑁
  ; But second term is cero by 

assumption. 

Then: 

≤  ∫ 𝐿(𝑥̅∗, 𝜇̅∗)𝑑𝜏
𝑡+𝑁

𝑡
− ∫ 𝐿(𝑥̅∗, 𝜇̅∗)𝑑𝜏

𝑡+𝛿

𝑡
    ; But second term is greater than cero for 

assumption. 
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→ 𝐽∗(𝑥(𝑡 + 𝛿)) ≤ 𝐽∗(𝑥(𝑡))  

Hypothesis 5.6. Zero Terminal Constraint - MPC is Asymptotically stable. 

Proof:  

𝐽∗(𝑥(𝑡 + 𝛿)) ≤ 𝐽∗(𝑥(𝑡)) − ∫ 𝐿(𝑥̅ ., 𝜇̅.)
𝑡+𝛿

𝑡

 

Now, 

𝐽∗(𝑥(𝛿)) ≤ 𝐽∗(𝑥(0)) − ∫ 𝐿(𝑥𝑚𝑒𝑎(𝜏), 𝜇𝑀𝑃𝐶(𝜏))𝑑𝜏
𝛿

0

 

𝐽∗(𝑥(2𝛿)) ≤ 𝐽∗(𝑥(𝛿)) − ∫ 𝐿(𝑥𝑚𝑒𝑎(𝜏), 𝜇𝑀𝑃𝐶(𝜏))𝑑𝜏
2𝛿

𝛿

 

And so on. Using telescopic sum we obtain: 

𝐽∗(𝑥(∞)) ≤ 𝐽∗(𝑥(0)) − ∫ 𝐿(𝑥𝑚𝑒𝑎(𝜏), 𝜇𝑀𝑃𝐶(𝜏))𝑑𝜏
∞

0

 

The first term in the left side of the inequality is a finite value bigger or equal to cero, 

the first term in right side is finite by assumption in B and third term is 𝐽𝑀𝑃𝐶(𝑥(0)) by 

definition. 

This concludes that 𝐽𝑀𝑃𝐶(𝑥(0))  is finite and using Lemma 5.1 we obtain: 

𝜑 = 𝐿(𝑥𝑀𝑃𝐶(𝜏), 𝜇𝑀𝑃𝐶(𝜏)) → 0   as 𝑡 → ∞  , thus 

𝑥(𝑡) → 0  ;  𝜇(𝑡) → 0       

5.5. Setting MPC parameters 

Some MPC parameters need to be defined before having all the components for the 

algorithm, these are: 

▪ Sample time: The time value for each iteration. For this purpose, it makes sense 

to select the same as sample time from most of the data 𝛿 = 1𝑠. 

 

▪ Prediction horizon: Camacho [30] suggest in his book to choose a prediction 

horizon that covers enough period of time in order that the output get close to 

the stationary prediction in open loop.  In the literature we can find the 

following criterium, where 𝛾 is a constant: 

 

𝛾 =
𝛿 𝑁

𝜏𝑑
 ,    𝛾 ∈ [3,10] 

In our case, 𝛿 = 1 and we need to find the time constant from the response. As 

seen in Figure  4.5(a) and computed by software, the time constant from the 

moment of evaporation until the response gets 63,2% of its  steady-state value 
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is around 38 seconds. To this end we will stick to the lower bound value, and 

rounding we obtain: 

 
𝑁 = 3 ∗ 38 ≈ 120 𝑠 

 

5.6. MPC algorithm 

Once all the parameters, objective function, initial conditions , feasibility and stability 

analysis were made, we can state the whole MPC problem for this system: 

Develop a Model Predictive Control using the model from equations (4.6a-b) and (4.7a-

b) unifying onto the overall system from equation (4.3) to track a setpoint of 𝑦𝑟𝑒𝑓 =

0.5 Å/𝑠. To minimize the following objective function: 

 

𝐽 =  ∑ 𝑥(𝑡)𝑇𝑄𝑥(𝑘) + (𝑦𝑟𝑒𝑓 − 𝑦(𝑡))
𝑇

𝑄𝑒 (𝑦𝑟𝑒𝑓 − 𝑦(𝑡)) + 𝜇(𝑡)𝑇  𝑅 𝜇(𝑡)

𝑁−1

𝑘=0

 

s.t: 

 

𝑥̇̅ = 𝑓(𝑥̅, 𝜇̅)                 ;         𝑥̅ (𝑡, 𝑡) = 𝑥(𝑡)  

𝜇̅( 𝜏 , 𝑡)  ∈ 𝑈           ;    ∀ 𝜏 ∈ [𝑡, 𝑡 + 𝑁]  

𝑥̅( 𝜏 , 𝑡)  ∈ 𝑋           ;    ∀ 𝜏 ∈ [𝑡, 𝑡 + 𝑁] 

𝑦(𝑡) = 𝐶𝑥(𝑡)    

𝑥𝑜 =  [−30600, 0, 0, 0.1170 ] 

𝑈:        0 ≤  𝜇(𝑡) ≤ 60%       ;   ∀𝑡 ≥ 0 

𝑋:        {𝑥 ∈ ℝ4 |  𝑥 = (𝑥1, 𝑥2, … , 𝑥4)}       ;   ∀𝑡 ≥ 0 

 

With the tuned penalization weights 𝑄 ∈ ℝ4 ;  𝑄𝑒 , 𝑅 ∈ ℝ ,  using a prediction horizon 

of 𝑁 = 120𝑠 and a sample time 𝛿 = 1𝑠. 

In case that zero terminal constraint is implemented then the following constraint 

holds: 

𝑥̅( 𝑡 + 𝑁 , 𝑡) = 0 

 

▪ Solving the Optimal control problem: The minimization was made using 

“quadprog” command in Matlab Optimization toolbox, all the detailed code 

can be found in Appendix A.1. 
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▪ Prediction: The prediction of states was made using the Lagrange equation [31]: 

 

𝑥(𝑘 + 𝑖) = 𝐴𝑖𝑥(𝑘) + ∑ 𝐴𝑖−𝑗−1𝐵𝜇(𝑘 + 𝑗)

𝑖−1

𝑗=0

       ;    𝑖 > 0 

All the detailed algorithm and matrices building methods are well described in 

Appendix A.1. 

5.7. Closed loop simulation results 

The following graphs were obtained from applying the algorithm, with different 

weights in the objective function. Note that some metrics as error and control effort are 

not discussed, since it will be introduced in Chapter 8 comparison. 

Test 1: 

𝑄 = 𝟎          𝑄𝑒 = 100        𝑅 = 0 

 

Figure 5.3 Output MPC - Test 1 

 

 

Test 2: 

𝑄 = (

0.1 0 0  0
0 0.1  0   0
0
0

0
0

   0.1
    0

0
0.1

)          𝑄𝑒 = 1        𝑅 = 0.000001 
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Test 3:  

 

𝑄 = 𝟎          𝑄𝑒 = 100        𝑅 = 0.000001 

 

Figure 5.5 MPC Output – Test 3 

 

The best response is given on test 3, eliminating chattering with a 0.000001 penalization 

in the input. It is probably due to dimension adjustment, as the output is in percentages 

(0-60%), while the error ranges from (0-0.5).  

 

Figure 5.4 Output MPC - Test 2 
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Chattering in Figure 5.3 occurs because, without a constraint on the control magnitude, 

the MPC selects an extreme control action at each iteration to minimize the cost 

function as quickly as possible (similar to Sliding Mode Control, SMC). On the other 

hand, with a very small but positive 𝑅, the MPC modulates the control action to avoid 

abrupt changes, resulting in a smoother signal.   

On the other hand, when imposing zero terminal constraint using the same prediction 

horizon and sample time for 10 seconds simulation, we can notice that this restriction 

enforce the solver to violate the input constraint, having the values shown in Figure 

5.6 (a). Note that this effect is reduced when increasing prediction horizon and 

imposing a null error in a longer horizon as shown in Figure 5.6(b), when 𝑁 = 500. 

 

 

Figure 5.6 Control action using zero terminal constraint 
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6 A Reference Governor approach to 

Model Predictive Control 

6.1. Introduction 

In equipment, the system is coupled with a PID cascade scheme where the internal 

loop controls temperature and the external one controls rate. This chapter is intended 

to model the overall system of Figure 3.10 and use it with a reference governor scheme 

for a slightly different MPC approach where the objective function is focused to reduce 

steady-state variance, tracking and global reference convergence.  

6.1.1. Motivation 

The motivation for this approach in MiniSpectros equipment control rate comes as a 

necessary solution to the imposed limitations in the current system architecture. 

Particularly, the impossibility to remove the built-in PID controllers due to cost, 

technical complexity and institutional considerations, all of this makes the complete 

redesign of the system unfeasible. Since equipment is linked to a research institute’s 

protocols and a high sensitivity related to the modifications of control infrastructure, 

it requires a less invasive approach to improve its efficiency. In this context, a reference 

governor implementation allows us to modify the system reference only, acting as an 

external layer that ensures compliance with constraints without interfering with the 

existent PID controllers. 

This approach not only minimizes the risk related to the hardware and software 

modifications but also offers an adaptable and scalable solution. When we regulate the 

system reference, then the RG-MPC is in charge of optimizing the response, improving 

the performance without compromising stability and safety of the existent system. 

The necessity  of keeping optimality during all the evaporation process control, enforce 

us to develop a MPC-Based reference governor considering some features of its 

internal control and the performance measure. An external observer will be necessary 

to feed the reference governor block with state and error information. 
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Before starting, next section will introduce the previous work using a RG approach 

and the specific case when internal controller is a PID, then we will generalize this 

theory for a cascade scheme and establish a methodology for solving the optimal 

control problem from an external layer. 

6.1.2. Literature review and previous work 

[32] provides an overview of reference and command governors for constraint 

enforcement and monitoring.  They propose the following conventional scheme for 

reference governors: 

 

Figure 6.1 General RG Scheme [32] 

 

Note that in this context, the closed loop system is treated as the plant and requires a 

state observer to estimate 𝑥̂(𝑡). The system input now is called virtual reference 𝑣(𝑡) 

and is computed based in the performance measure and the desired global reference 

𝑟(𝑡).  This approach explores the objective function with the following update: 

𝑣(𝑡) = 𝑣(𝑡 − 1) + 𝛽(𝑡)(𝑟(𝑡) − 𝑣(𝑡 − 1))  (6.1) 

Where 𝛽(𝑡) is a scalar adjustable bandwidth parameter between 0 and 1. Equation (6.1) 

represents a simple functionality: If there is no constraint violation, 𝛽 value is one so 

𝑣(𝑡) = 𝑟(𝑡). If a constraint violation is latent then the reference governor will decrease 

𝛽. Extreme case when 𝛽 = 0 then 𝑣(𝑡) = 𝑣(𝑡 − 1), meaning that isolates the system to 

ensure safety. 

In the other hand, [33] study the MPC-based reference governor for different types of 

controllers, specifically relates to the case where process is controlled by a set of PID 

controllers due to its high industry usage. Assume that process is described as a linear 

model like equation (4.3) and a SISO case is considered, then Figure 6.2 describes the 

reference governor functionality: 
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Figure 6.2 Closed-loop system with MPC-based reference governor 

It is necessary to have a model for the overall closed-loop system, which should be 

asymptotically stable.  

6.2. System modeling with cascade PID controllers 

Our Reference Governor design requires the model of the closed-loop system using 

the cascade approach. The following development shows the derivation of a state-

space representation for a PID controller when imposing control output to be a state. 

This was made to penalize the saturations for power and temperature as states of the 

overall system in the RG-MPC approach. 

A PID controller is represented as the following difference equation in a discretized 

time domain 𝑘: 

𝑦(𝑘) = 𝐾𝑝 [𝜇(𝑘) + 𝐾𝑖 ∑ 𝜇(𝑖)

𝑘

𝑖=0

+ 𝐷(𝜇(𝑘) − 𝜇(𝑘 − 1))] 

The control output is selected as the first state, and the input cumulative sum as the 

second one: 

𝑥1(𝑘) = 𝑦(𝑘) 

𝑥2(𝑘) = ∑ 𝜇(𝑖)

𝑘

𝑖=0

 →   𝑥2(𝑘 + 1) = 𝑥2(𝑘) + 𝜇(𝑘) 

From the first equation and shifting one step forward, we obtain: 

𝑦(𝑘 + 1) = 𝑥1(𝑘 + 1) = 𝐾𝑝𝜇(𝑘 + 1) + 𝐾𝑝𝐾𝑖𝑥2(𝑘 + 1) + 𝐾𝑝𝐾𝑑𝜇(𝑘 + 1) − 𝐾𝑝𝐾𝑑𝜇(𝑘) 

𝑥1(𝑘 + 1) = (𝐾𝑝 + 𝐾𝑝𝐾𝑑)𝜇(𝑘 + 1) + 𝐾𝑝𝐾𝑖𝑥2(𝑘 + 1) − 𝐾𝑝𝐾𝑑𝜇(𝑘) 

But 𝑥2(𝑘 + 1) = 𝑥2(𝑘) + 𝜇(𝑘), 

𝑥1(𝑘 + 1) = (𝐾𝑝 + 𝐾𝑝𝐾𝑑)𝜇(𝑘 + 1) + 𝐾𝑝𝐾𝑖𝑥2(𝑘) + (𝐾𝑝𝐾𝑖 − 𝐾𝑝𝐾𝑑)𝜇(𝑘) 
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Note that the gain in future input steps can be considered as the matrix 𝐷𝑐1 , then the 

state-space representation of the PID controller is: 

(
𝑥1(𝑘 + 1)
𝑥2(𝑘 + 1)

) =  (
0 𝐾𝑝𝐾𝑖

0 1
) (

𝑥1(𝑘)
𝑥2(𝑘)

) + (
𝐾𝑝𝐾𝑖 − 𝐾𝑝𝐾𝑑

1
) 𝜇(𝑘) (6.2.a) 

𝑦(𝑘) =  (1 0) (
𝑥1(𝑘)

𝑥2(𝑘)
) + (𝐾𝑝 + 𝐾𝑝𝐾𝑑)𝜇(𝑘) (6.2.b) 

Or equivalently: 

𝑥𝑐1(𝑘 + 1) =  𝐴𝑐1𝑥𝑐1(𝑘) + 𝐵𝑐1𝜇(𝑘) (6.3.a) 

𝑦𝑐1(𝑘) =  𝐶𝑐1𝑥𝑐1(𝑘) + 𝐷𝑐1𝜇(𝑘) (6.3.b) 

Following a similar procedure, the state-space representation for the PI internal 

controller is the following: 

 

(
𝑥1(𝑘 + 1)
𝑥2(𝑘 + 1)

) =  (
0 𝐾𝑝𝐾𝑖

0 1
) (

𝑥1(𝑘)
𝑥2(𝑘)

) + (
𝐾𝑝𝐾𝑖

1
) 𝜇(𝑘) (6.4.a) 

𝑦(𝑘) =  (1 0) (
𝑥1(𝑘)

𝑥2(𝑘)
) + (𝐾𝑝)𝜇(𝑘) (6.4.b) 

Or equivalently: 

𝑥𝑐2(𝑘 + 1) =  𝐴𝑐2𝑥𝑐2(𝑘) + 𝐵𝑐2𝜇(𝑘) (6.5.a) 

𝑦𝑐2(𝑘) =  𝐶𝑐2𝑥𝑐2(𝑘) + 𝐷𝑐2𝜇(𝑘) (6.5.b) 

This notation for controllers comes from the cascade scheme shown in Figure 6.3: 

 

 

Figure 6.3 Cascade scheme for analysis 

 

Plant’s model identified in Chapter 4 can be represented as follows: 
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𝑥𝑝(𝑘 + 1) =  𝐴𝑝𝑥𝑝(𝑘) + 𝐵𝑝𝜇(𝑘) (6.6.a) 

𝑦𝑝(𝑘) =  𝐶𝑝𝑥𝑝(𝑘) + 𝐷𝑝𝜇(𝑘) (6.6.b) 

For simplicity, 𝐶𝑝  and 𝐷𝑝 can be partitioned as: 

𝐶𝑝 = (
𝐶𝑝1

𝐶𝑝2
)             𝐷𝑝 =  (

0
𝐷𝑝2

)  

This represents the output for rate and temperature individually, considering that 

there is not a direct coupling term for rate equation (𝐷𝑝1 = 0). Now, we can redefine 

the states of the overall system as: 

𝑋 =  (

𝑥𝑐1

𝑥𝑐2

𝑥𝑝

) 

Note that the states of the controllers remain unchanged. From algebraic relation of 

the block diagram represented in Figure 6.3 we obtain: 

𝑥𝑐1(𝑘 + 1) = 𝐴𝑐1𝑥𝑐1(𝑘) + 𝐵𝑐1(𝑟 − 𝐶𝑝1𝑥𝑝(𝑘)) 

𝑥𝑐1(𝑘 + 1) = 𝐴𝑐1𝑥𝑐1(𝑘) − 𝐵𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐵𝑐1𝑟 

𝑦𝑐1(𝑘) = 𝐶𝑐1𝑥𝑐1(𝑘) + 𝐷𝑐1(𝑟 − 𝐶𝑝1𝑥𝑝(𝑘)) 

𝑦𝑐1(𝑘) = 𝐶𝑐1𝑥𝑐1(𝑘) − 𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐷𝑐1 𝑟 

The dynamics for second controller states is: 

𝑥𝑐2(𝑘 + 1) = 𝐴𝑐2𝑥𝑐2(𝑘) + 𝐵𝑐2[𝐶𝑐1𝑥𝑐1(𝑘) − 𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐷𝑐1 𝑟 − 𝐶𝑝2𝑥𝑝(𝑘) − 𝐷𝑝2𝑦𝑐2(𝑘)] 

 

𝑦𝑐2(𝑘) = 𝐶𝑐2𝑥𝑐2(𝑘) + 𝐷𝑐2[𝐶𝑐1𝑥𝑐1(𝑘) − 𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐷𝑐1 𝑟 − 𝐶𝑝2𝑥𝑝(𝑘) − 𝐷𝑝2𝑦𝑐2(𝑘)] 

 

𝑦𝑐2(𝑘) = 𝐶𝑐2𝑥𝑐2(𝑘) + 𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐷𝑐2𝐷𝑐1 𝑟 − 𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘)

− 𝐷𝑐2𝐷𝑝2𝑦𝑐2(𝑘) 

Then, 

𝑦𝑐2(𝑘)(1 + 𝐷𝑐2𝐷𝑝2) = 𝐶𝑐2𝑥𝑐2(𝑘) + 𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐷𝑐2𝐷𝑐1 𝑟 

−𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

Defining a new variable 𝛽 =
1

1+𝐷𝑐2𝐷𝑝2
 for simplicity, we obtain: 

𝑦𝑐2(𝑘) = 𝛽𝐶𝑐2𝑥𝑐2(𝑘) + 𝛽𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝛽𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝛽𝐷𝑐2𝐷𝑐1 𝑟 − 𝛽𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

 

Unifying with the dynamics of 𝐶2 : 
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𝑥𝑐2(𝑘 + 1) = 𝐴𝑐2𝑥𝑐2(𝑘) + 𝐵𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝐵𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘) + 𝐵𝑐2𝐷𝑐1 𝑟 − 𝐵𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

−𝛽𝐵𝑐2𝐷𝑝2𝐶𝑐2𝑥𝑐2(𝑘) − 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) + 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘)

− 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐷𝑐1 𝑟 + 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

Now the dynamics of the plant with the redefined input is the following: 

𝑥𝑝(𝑘 + 1) = 𝐴𝑝𝑥𝑝(𝑘) + 𝐵𝑝𝑦𝑐2(𝑘) 

𝑥𝑝(𝑘 + 1) = 𝐴𝑝𝑥𝑝(𝑘) + 𝛽𝐵𝑝𝐶𝑐2𝑥𝑐2(𝑘) + 𝛽𝐵𝑝𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝛽𝐵𝑝𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘)

+ 𝛽𝐵𝑝𝐷𝑐2𝐷𝑐1 𝑟 − 𝛽𝐵𝑝𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

And the overall system output is: 

𝑦(𝑘) = 𝐶𝑝𝑥𝑝(𝑘) + 𝐷𝑝𝑦𝑐2(𝑘) 

𝑦(𝑘) = 𝐶𝑝𝑥𝑝(𝑘) + 𝛽𝐷𝑝𝐶𝑐2𝑥𝑐2(𝑘) + 𝛽𝐷𝑝𝐷𝑐2𝐶𝑐1𝑥𝑐1(𝑘) − 𝛽𝐷𝑝𝐷𝑐2𝐷𝑐1𝐶𝑝1𝑥𝑝(𝑘)

+ 𝛽𝐷𝑝𝐷𝑐2𝐷𝑐1 𝑟 − 𝛽𝐷𝑝𝐷𝑐2𝐶𝑝2𝑥𝑝(𝑘) 

Now from the equalities reported before, the overall state-space is given by: 

𝑥𝑜𝑣(𝑘 + 1) =  𝐴𝑜𝑣𝑥𝑜(𝑘) + 𝐵𝑜𝑣𝑟(𝑘) (6.7.a) 

𝑦𝑜𝑣(𝑘) =  𝐶𝑜𝑣𝑥𝑜(𝑘) + 𝐷𝑜𝑣𝑟(𝑘) (6.7.b) 

where the matrices are the following: 

 

𝐴𝑜𝑣 = [

𝐴𝑐1 𝟎2×2 −𝐵𝑐1𝐶𝑝1

𝐵𝑐2𝐶𝑐1 − 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐷𝑐1 𝐴𝑐2 − 𝛽𝐵𝑐2𝐷𝑝2𝐶𝑐2 −𝐵𝑐2𝐷𝑐1𝐶𝑝1 − 𝐵𝑐2𝐶𝑝2 + Σ

𝛽𝐵𝑝𝐷𝑐2𝐶𝑐1 𝛽𝐵𝑝𝐶𝑐2 𝐴𝑝 − 𝛽𝐵𝑝𝐷𝑐2𝐷𝑐1𝐶𝑝1 − 𝛽𝐵𝑝𝐷𝑐2𝐶𝑃2

] 

 

Σ =  𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐷𝑐1𝐶𝑝1 + 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐶𝑝2 

 

𝐵𝑜𝑣 =  [

𝐵𝑐1

𝐵𝑐2𝐷𝑐1 − 𝛽𝐵𝑐2𝐷𝑝2𝐷𝑐2𝐷𝑐1

𝛽𝐵𝑝𝐷𝑐2𝐷𝑐1

] 

 

𝐶𝑜𝑣 = [𝛽𝐷𝑝𝐷𝑐2𝐶𝑐1 𝛽𝐷𝑝𝐶𝑐2 𝐶𝑝 − 𝛽𝐷𝑝𝐷𝑐2𝐷𝑐1𝐶𝑝1 − 𝛽𝐷𝑝𝐷𝑐2𝐶𝑝2] 

𝐷𝑜𝑣 =  [βDp𝐷𝑐2𝐷𝑐1] 

This state-space model defined in equation (6.7) represents the built-in scheme of the 

MiniSpectros equipment. The laboratory provided some values for the PID gain 

parameters related to the compounds 𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵, 𝑃𝑏𝐼2, 𝐶𝑠𝐵𝑟 and 𝐹𝐴𝐼 to serve as a 

starting point for tuning. The values for 𝑃𝑏𝐼2 are reported in Table 6.1. 
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Table 6.1 PID constants for 𝑃𝑏𝐼2 provided by lab 

 Temperature Rate 

P 1.9 2.317 

I 283.62 67.648 

D 47.27 0 

 

Using the representation defined in equation (4.3) with PID Simulink blocks, the 

cascade scheme with state-space representation for controllers and the system 

obtained in equation (6.8), the output for the rate obtained is shown in Figure 6.4 and 

validates the overall model. Note that the system is without saturators since the states 

are now the signals that will be considered as hard constraints in the RG-MPC 

problem. 

 

 

Figure 6.4 Overall system output 

6.3. Objective function  

Reference governor has its own requierements for a specific type of controller, [33] 

propose the following objective function for PID inherit controller: 
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𝐽 =  ∑
‖𝑄𝑟𝑦(𝑟𝑡 − 𝑦𝑡)‖

2
+ ‖𝑄𝑟𝑤(𝑟𝑡 − 𝑤𝑡)‖2 + ‖𝑄𝑤𝑦(𝑤𝑡 − 𝑦𝑡)‖

2

+‖𝑄𝑑𝑤(𝑤𝑡 − 𝑤𝑡−1)‖2

𝑁

𝑡=1

 

 

(6.8) 

Where 𝑄𝑟𝑦 penalizes the difference between measured output and reference, 𝑄𝑟𝑤 

penalizes the convergence of the shaped reference, the third term 𝑄𝑤𝑦 ensures that the 

evolution of closed-loop system to the shaped reference. Finally, 𝑄𝑑𝑤 dampens the 

fluctuation throughout the prediction window. Note that the term weighted by 𝑄𝑟𝑤 

actually represents the same effect described in equation (6.1) in an optimal sense over 

a prediction horizon. Thus, the mapping for obtaining 𝛽(𝑡) function is not necessarily 

if this objective function is implemented. The penalty matrices must be positive 

definite to guarantee a unique solution in a strictly convex optimization problem. 

6.4. Observers design 

MPC Algorithm assumes that states value are defined on the model prediction and the 

applied input. Nonetheless, in the deployment of the controller it is necessary to 

estimate the state’s values based on the input and output measures only, since those 

signals are the only one available as seen in Figure 6.1. Observers can be an excellent 

option to reflect the real value of the system and even avoid the undesirable noise 

introduced into the sensors and interfaces.  

6.4.1. Luenberger Observer 

The observer has the following structure: 

𝑥̇ = 𝐴𝑜𝑣𝑥̂ + 𝐵𝑜𝑣𝜇 + 𝐿(𝑦 − 𝐶𝑜𝑣𝑥̂ − 𝐷𝑜𝑣𝜇) 

The requirement for developing this observer is the observability of  the pair (𝐴𝑜𝑣, 𝐶𝑜𝑣), 

whose observability matrix if fully observable with 𝑟𝑎𝑛𝑘 =  𝑛 = 8. Then a pole 

placement operation can be used to find the gain 𝐿 with desired poles. The structure 

of the state estimation is shown in Figure 6.5. As a rule of thumb, it is advisable to set 

the state observer poles 10 times faster than the original eigenvalues. Then the observer 

state representation is defined as: 

𝐴𝑜𝑏 = 𝐴𝑜𝑣 − 𝐿 ∗ 𝐶𝑜𝑣 

𝐵𝑜𝑏 = (𝐵𝑜𝑣 𝐿) 

𝐶𝑜𝑏 = 𝐼𝑛×𝑛 

𝐷𝑜𝑏 = 𝟎𝑛×(𝑚+𝑝) 
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where n is the system order, m the number of inputs and p the number of outputs of 

the system. 

 

Figure 6.5 Observer implementation scheme 

An observer was developed for the 𝑃𝑏𝐼2 overall system dynamics with 0.5 Å/𝑠 

setpoint, obtaining the following outputs for rate and temperature: 

 

 

Figure 6.6 State observer response – Rate and Temperature 
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6.4.2. Kalman filter 

The Kalman filter is a recursive algorithm that serves as a state observer with 

optimality properties for systems subject to stochastic disturbances. Its duality with 

Linear Quadratic controller provides stability and robustness properties [31]. Assume 

we have the following system: 

𝑥̇ = 𝐴𝑜𝑣𝑥(𝑡) + 𝐵𝑜𝑣𝜇(𝑡) 

𝑦 = 𝐶𝑜𝑣𝑥(𝑡) + 𝐷𝑜𝑣𝜇(𝑡) + 𝑣𝑦(𝑡) 

where  𝑣𝑦 is a white gaussian noise with expected value equal to zero. In our system, 

noise comes from the sensor during rate feedback only. This noise is more 

predominant on  𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵 evaporation process. Using data in steady-state for rate, 

the noise deviation was computed, and its histogram is shown in Figure 6.7, Showing 

a normal behavior, thus it can be treated as a gaussian noise for practical applications.  

 

Figure 6.7 Noise distribution in steady-state SpiroTTB rate 

 

The Kalman filter representation was obtained using the “kalman(sys,Q,R)” 

command in MATLAB. The standard deviation and variance were computed from 

data and used in the Process noise covariance matrix (𝑄) and the measurement noise 

covariance matrix (𝑅) as the following: 

 

𝑄 = 𝜎2  ∙  𝐼8×8 

𝑅 =  (𝜎2 0
0 0

) 

Note that the matrix 𝑅 is related to the noise in the sensor outputs, while 𝑄 represents 

the noise introduced to the states due to the feedback. 



6| A Reference Governor approach to 

Model Predictive Control 
73 

 

 

 

Figure 6.8 Kalman filter observer - Rate estimation 

 

After solving the Riccati equation and computing the filter gain, Figure 6.8 was 

obtained when noise is introduced in the overall model rate output and observed by 

the Kalman filter. 

6.5. RG-MPC algorithm  

The algorithm for solving the optimal control problem for the reference governor 

approach was developed using the tool CasADi, an open-source software used for 

nonlinear optimization and Model predictive control due to its algorithmic 

differentiation which is much faster and more accurate than the symbolic one [34]. 

The algorithm solves the same MPC problem stated in Chapter 5 for the overall system 

defined in equation (6.7), with the objective function established in equation (6.8) with 

the same parameters as prediction horizon and constraints. The control architecture is 

the same as shown in Figure 6.2.  

For ensuring safety and operability of the system, the following constraint was 

imposed for the virtual reference, when setpoint is 0.5 Å/s: 

0 ≤  𝑤𝑡 ≤ 0.65 (6.9) 

Note that equation (6.9) allows the virtual reference to have an initial value that 

enforces the system for fast response and will eventually stabilize the virtual reference 

on the global value 𝑟 due to the 𝑄𝑟𝑤 term in the quadratic objective function defined 

in equation (6.8). MATLAB code can be seen in Appendix A.1. 

Weight 𝑄𝑟𝑦 was considered bigger than the other penalization terms due to the 

necessity of tracking and improvement of the transient. Some simulations were made 
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to identify the influence of each term in equation (6.8), one of them can be seen in 

Figure 6.9, when 𝑄𝑟𝑦 = 75 and 𝑄𝑟𝑤 = 10, while other values are zero. 

 

Figure 6.9 Reference governor output, 𝑄𝑟𝑦 = 75 , 𝑄𝑟𝑤 = 10 

Another output when 𝑄𝑟𝑦 = 𝑄𝑟𝑤 = 𝑄𝑑𝑤 = 𝑄𝑦𝑤 = 75, can be seen in Figure 6.10. Note 

that in this case, rate is unable to reach the setpoint for 500 seconds, since 𝑄𝑟𝑦 is not the 

dominant penalization term. 

 

Figure 6.10 Reference governor Output - 𝑄𝑟𝑦 = 𝑄𝑟𝑤 = 𝑄𝑑𝑤 = 𝑄𝑦𝑤 = 75 

 

Figure 6.11 shows the output when  𝑄𝑟𝑦 = 0.0075 is the only weight, in this case 

chattering is present in the virtual reference and input constraints are not respected in 

the beginning for the power converter output. 
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Figure 6.11 Reference governor output - 𝑄𝑟𝑦 = 0.0075 

6.6. Simulation results 

After carefully tuning and simulating over 2000 seconds, the following penalization 

terms and output were obtained: 

𝑄𝑟𝑦 = 1300, 𝑄𝑟𝑤 = 25 , 𝑄𝑑𝑤 = 10 , 𝑄𝑦𝑤 = 15 

Figure 6.12 Reference governor output with tuned parameters 
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Figure 6.12 shows the controlled rate, where transient time is reduced, and tracking is 

working properly after the settle. Power converter input (now state 𝑥3(𝑘)) keeps inside 

the constrained set 𝑈: 0 ≤  𝑥3(𝑘) = 𝜇(𝑘) ≤ 60. Finally, virtual reference is inside the 

imposed constraint defined in equation (6.9) and eventually converges to the global 

reference (𝑟(𝑘) = 0.5). 

State-space evolution is illustrated in Figure 6.13(a) , the predicted rate is in green line 

as a result of each iteration optimal control solution. Note that the variable rate 

eventually converges to the equilibrium (0.5 , 0.5) highlighted with the black dot. On 

the other hand, Figure 6.13(b) shows the virtual reference over time and its prediction 

at each iteration over the horizon (𝑁 = 120𝑠). 

 

 

 

 

 

 

 

 

 

 

       (a) State-space evolution rate vs virtual ref                             (b) Virtual reference vs time for 0,5 Å/s setpoint 

 

 

 

 

Figure 6.13 RG-MPC state prediction and evolution 
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7 RG-MPC: Path to Deployment 

This chapter introduces the fundamental concepts leading to the reference governor 

deployment in real equipment MiniSpectros [9]. Here, some fundamentals about 

interfaces, signal management strategies, Hardware in the loop, potential embedded 

systems and future challenges are discussed. 

7.1. Communication interfaces  

MiniSpectros equipment uses some communication protocols for control and 

monitoring. Since the system operates through a HMI (eKLipse [35]) as shown in 

Figure 7.1, the data exchange is mainly done between the controller and the PC that 

executes this software, indeed all the data was extracted from the spreadsheets 

processed and saved through this software. 

The system has the following communication interfaces available [9]: 

▪ USB 

▪ RS-232/ RS-485  

▪ Ethernet 

▪ GPIO 

Due to the system constraints, our embedded system requires us to interact using the 

serial communication commands with RS-232/RS-485. Raspberry Pi 5 can obtain data 

from rate and temperature directly connecting to the serial port.  

RS-232 is a serial communication standard used for data transmission between 

industrial devices. It send an asynchronous signals using specific voltage levels: -3V to 

-15V for logic 1 and +3V to 15V for logic 0. 

Extraction methods based in serial communication can introduce short delays, 

affecting the real time response capacity. Nonetheless, this delay will not have a high 

influence on the response, since system constant time is lengthy. 
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Figure 7.1 MiniSpectros setup 

It is transmitted in a series of 8 bits without parity and 1 stop bit (8N1). A common 

connector used for this standard is the DB9 shown in Figure 7.2(a). 

Raspberry Pi does not have a native RS-232 port, but it is connected using an adapter 

through TTL shown in Figure 7.2(b). General connection in Raspberry pi for RS-232 is 

using RX in pin 8, TX in pin 10 and join GND pins as shown in Figure 7.3(c).  

 

Figure 7.2 Communication port connection 

Finally, it will be necessary to install pyserial library, read data from Python at 9600 

bauds to synchronize with equipment, and enable UART in Raspberry Pi with the code 

available in Appendix A.2. 

7.2. Reference injection 

Since signal measurements are obtained from serial communication, now is necessary 

to impose the virtual reference computed using the RG approach from Chapter 6.  

MiniSpectros controller has an analogic input for reference setpoint. Raspberry Pi may 

generate a signal from 0 to 3.3V to be amplified using a Data Acquisition System 

(DAQ) in a new range from 0 to10V, proportional to the maximum allowed rate, this 
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maximum rate is not detailed in MiniSpectros manual and may depend of recipe and 

material selection. 

𝑉𝑜𝑢𝑡 =
𝑤𝑡

𝑀𝑎𝑥. 𝑟𝑎𝑡𝑒
 ∙  10𝑉 

 

The example code to generate 5V or 50% of maximum rate is shown in Appendix A.2. 

Note that is necessary to use the direction of the DAQ and convert to 12-bit as an 

example of resolution feature of the DAQ equipment. 

The implementation of this signal must be carried out very carefully, since a wrong 

conversion may lead to high reference signals and the potential equipment damage or 

blocking.  

7.3. Implementing RG-MPC on raspberry pi 

When receiving the sensor signals and able to act over the reference of the overall 

system, Raspberry Pi algorithm should implement the observer and use this state 

values to solve the MPC problem stated in Chapter 6. 

CasADi has a derived library that can be used in Python and C++, designed to the 

numeric optimization [34]. The code to install CasADi in Raspberry pi and a simple 

optimization example can be seen in Appendix A.2. 

Finally, after solving the same optimization problem defined in Chapter 6, only the 

first optimal virtual reference will be applied, repeating the process at each iteration 

on-line. 

7.4. Hardware In the Loop (HIL) implementation 

With model defined in equation (6.7) for the overall system, it is possible to implement 

a hardware in the loop setup using Simulink and Raspberry Pi, this will allow us to 

inject noise measurement and validate the observer effectiveness. Moreover,  check if 

the embedded system is able to solve the optimization problem and send a virtual 

reference on time before sample time shifts forward.  

Figure 7.3 illustrates a scheme for the Hardware in the loop setup, while Figure 7.5. 

shows the real implementation using Simulink and raspberry Pi. To connect 

Hardware-in-the-Loop (HIL) simulation in Simulink with a Raspberry Pi 5 via Wi-Fi, 

the Raspberry Pi must be connected to the same network as the PC, and Simulink must 

be configured to communicate over TCP/IP. This setup allows real-time data exchange 

by enabling remote execution and control of the Raspberry Pi from the Simulink 

environment. 
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Figure 7.3 Hardware in the loop basic scheme 

It is necessary to install the packages in MATLAB, with command “hwsetup” or using 

the Add-ons manager with “Simulink Support Package for Raspberry Pi”, then make sure 

to activate SSH in the Simulink environment and execute. It may require user 

credentials to login in Raspberry Pi. Figure 7.4 shows the implementation on Simulink, 

considering UDP receiver and sender through a Wi-Fi network. Once rate reaches 

setpoint, the incorporated LED is on. 

 

Figure 7.4 Simulink HIL implementation 

 

 

 

 

 

 

 

 

 Figure 7.5 HIL setup using Raspberry Pi 5 
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As expected, the Hardware-in-the-Loop (HIL) implementation shown in Figure 7.5 for 

real-time simulation matched the output shown in Figure 6.12 for rate and virtual 

reference. The chosen sampling time of 1 second proved to be sufficient for the 

Raspberry Pi’s processing capabilities, ensuring stable and accurate execution of the 

simulation. This confirms that the system operates effectively, demonstrating reliable 

performance and real-time compatibility within the defined parameters. However, if 

the Raspberry Pi reaches its computational limits or if network delays occur, small 

differences may appear due to latency, timing mismatches, or numerical precision 

issues. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 





 83 

 

 

 

8 Results, conclusions and future 

developments 

The performance of the controllers developed in this work are analyzed using 

simulation and experimental data, considering metrics as ISE or ISCO and evaluating 

the capacity to handle peculiarities in the control of deposition rate in thermal 

evaporation process. 

8.1. Results 

8.1.1. Metrics 

The Integral Square Error (ISE) measures performance of the controller when tracking 

reference. It does not consider whether the system is above or below the reference, 

since it also quantifies negative errors when squared. A lower ISE indicates a controller 

with better performance, as it implies that the error does not persist for an extended 

period within a defined time interval. Its mathematical expression is given by: 

𝐼𝑆𝐸 =  ∫ 𝑒(𝑡)2 𝑑𝑡
𝑡

0

 

In this work, the rate error is defined as: 

𝑒(𝑡) = 𝑟𝑒𝑓 − 𝑦1(𝑡) 

 

Integral Square Control Output (ISCO) measures the cumulative amplitude of a 

control signal. This quantifies the fatigue in the final control element (Heater). The 

lower the ISCO, the better the controller, since this means that the signal injected to the  

final control element will not be high during a long period of time. Its expression is 

defined as: 

𝐼𝑆𝐶𝑂 =  ∫ 𝜇(𝑡)2 𝑑𝑡
𝑡

0

 

In the thermal evaporation system, 𝜇(𝑡) represents the power input injected by the 

power supply to the evaporation capsule. 
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8.1.2. Performance results 

All the developed controllers and data from closed-loop system were evaluated using 

a simulation time of 2000 seconds to obtain the ISE and ISCO indicators during a 

period of time where the system eventually reaches the steady-state. Figures 8.1  and 

8.2 indicate the metrics for each controller. 

 

 

Figure 8.1 ISE 

 

 

Figure 8.2 ISCO 

 

Figure 8.3 shows the error and control input (𝑃𝑜𝑤𝑒𝑟 [%]) for each controller over time: 
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Figure 8.3 Tracking error and control input 

8.2. Limitations 

This study focused on obtaining a dynamic model from data and enhance the process 

performance by developing an advanced control system. Specifically, Model 

Predictive Control and Reference Governor techniques to control deposition rate and 

temperature on the evaporation process. Finding the following main limitations: 

▪ Only the thermal evaporation technique with hybrid lead halide perovskites’ 

materials is developed, all the other fabrication methods and types of 

perovskites are not explored in this document. 

 

▪ Some environmental conditions and other variables like porosity and moisture 

in the deposition state are not considered when developing the model, limiting 

to a macroscopic model only. 

 

▪ Data from the research laboratory is collected from a closed-loop system using 

the intrinsic PID controller of the equipment. Therefore, closed-loop response 

is influenced by the controller, which hides some dynamics of the system. The 

obtained model is accurate only for the conditions under which the data was 

collected but is poorly generalizable to other operating regions. 
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▪ This work is limited to simulation results. Nonetheless, the foundations for 

implementation in the real evaporation equipment is established in Chapter 7, 

which  includes potential implementation challenges, system adaptations, and 

preliminary considerations for transitioning from simulation to practical 

application. 

8.3. Conclusions 

▪ The mathematical modeling of the evaporation process of the four key materials 

involved in perovskite formation 𝑃𝑏𝐼2, 𝐶𝑠𝐵𝑟, 𝑆𝑝𝑖𝑟𝑜𝑇𝑇𝐵, and 𝐹𝐴𝐼 was 

successfully achieved. Using first-order identification for power-temperature 

and third-order models with a zero for temperature-rate, the system behavior 

was effectively captured using MATLAB System Identification Toolbox. The 

models demonstrated high accuracy, ranging from 78% to 97%, with 𝑃𝑏𝐼₂ being 

the most generalized due to the availability of extensive data across multiple 

setpoints. The data provided by ISFH was useful, since it contained rich and 

well-structured information that significantly enhanced model precision. 

Furthermore, the models were validated by applying the original input data, 

confirming their reliability for predicting material behavior. 

 

▪ Application of the RG-MPC in the thermal evaporation process has 

demonstrated superior control performance. As shown in Figure 8.1,  RG-MPC 

achieved the lowest ISE, significantly improving precision by 51.54% in process 

regulation in comparison with PID, while standard MPC improved by 39.11% 

with respect to built-in PID. Moreover, the ISCO metric, which evaluates 

control effort, is also smaller, indicating smoother adjustments in the 

evaporation conditions. These results confirm that RG-MPC effectively 

enhances the stability and accuracy of the deposition process, ensuring quality 

in perovskite formation. 

 

▪ The optimal control strategy was successfully developed, considering the 

laboratory constraints, including the requirement to retain the built-in PID 

controllers without modifying the equipment.  

 

▪ Implementation of the RG-MPC controller in a Hardware-in-the-Loop (HIL) 

environment using Simulink and Raspberry Pi 5 enabled the evaluation of its 

performance on real hardware, identifying potential processing limitations and 

execution delays. Although not deployed in an industrial environment, the HIL 

simulation provided valuable insights into the feasibility and real-time 

execution of the designed controller. 
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8.4. Future developments 

 

Despite the identification process and the implemented control strategies have 

provided remarkable results, there are still many improvements that can be made. 

Further studies can be made regarding identification techniques, the shutter opening 

can be modeled as a nonlinear saturation zone using sigmoidal functions or models 

based in a recurrent neural network (RNN) due to the time dependance. 

Regarding the control strategy, different MPC approaches can be explored. Quasi-

infinity horizon MPC is an alternative that may allow a longer time horizon, which 

could improve stability and performance while handling nonlinear models. Another 

strategy that handles uncertainty in the process due to external factors may be a Tube-

based MPC approach, where a robust positive invariant set ensures confinement in a 

safety zone. The penalization matrices tuning can use heuristic optimization or 

machine learning algorithms. A sensitivity analysis can be done for understanding the 

effect of weight variance in the process.  

Finally, future studies may focus on assessing the feasibility of integrating the 

embedded system we have developed with the MiniSpectros equipment, including 

collaborating with the manufacturer. Identifying any technical adjustment and 

evaluating compatibility and performance on real-world scenario.     
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%-------------MPB-Based Reference Governor---------------% 
%   © Juan Diego Zambrano - Politecnico di Milano 2025   % 
 
close all; 
clc; 
addpath('C:\Users\spjua\Desktop\Reference Governor MPC\CASADIfiles'); 
import casadi.* 
% State-space representation 
A = Aov;  %Dynamic matrix overall system 
B = Bov;  %Input matrix 
C = Cov;  % Output matrix 
D = Dov;  % Indirect transmition matrix 
nx = size(A,1);   % # States 
nu = size(B,2);   % # Inputs 
vmax = 0.65;      %Maximum virtual input value 
vmin = 0;         %Minimum virtual input value 
pmx = 60;         %Maximum power converter output 
 
% MPC Parameters 
Ts = 1;              % Sample time 
N_pred = 120;        % Prediction horizon 
Qry = 1300;           % Tracking weight 
Qrw = 25;            % convergence weight 
Qwy = 10;            % shape weight 
Qdw = 15;            % damping weight 
N_sim = 1000;        % Simulation time [s] 
 
% Desired reference  
ref = 0.5;   
%Initial state 
x = Oini';  
%History vector to graph 
x3_history = zeros(N_sim+1, 1); 
c1_history = zeros(N_sim+1, 1); 
u_history  = zeros(N_sim, 1); 
 
%Initial values  
x3_history(1) = x(3); 
x1_history(1) = x(1); 
c1_history(1) = C(1,:)*x; 

 

 

Reference governor Algorithm 
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d %MPC Simulation loop 
for k = 1:N_sim 
     
    opti = Opti(); % Create a CasADi optimization problem 
    %Decision variables 
    X = opti.variable(nx, N_pred+1);  % Future states 
    U = opti.variable(nu, N_pred);    % Future inputs 
 
    % Initial condition equality constraint for states 
    opti.subject_to(X(:,1) == x); 
     
    % Initial condition eq constraint for input 
    if k == 1 
        opti.subject_to(U(:,1) == vmax); 
    end 
 
    % System dynamics eq constraint 
    for j = 1:N_pred 
        opti.subject_to( X(:, j+1) == A * X(:, j) + B * U(:, j) ); 
    end 
 
    % Cost function 
    cost = 0;  %Cost initial value 
    for j = 1:N_pred-1 
       outs = C(1,:)*X(:,j); % Define y 
       outs2 = U(:,j);       % Define w(k-1) 
       outs3 = U(:,j+1);     % Define w(k) 
       cost = cost + Qry * (ref - outs)^2 + Qrw*(ref-outs2)^2.... 
       +Qwy*(outs2-outs)^2+Qdw*(outs3-outs2)^2;  %Quadratic objective function 
    end 
    opti.minimize(cost); % Minimization 
 
    % Optimization ocnstraints 
    opti.subject_to( 0 <= X(3,:) <= pmx );           % Maximum power constraint 
    opti.subject_to( vmin <= U(1,:) <= vmax );  % Virtual input constraint  
    opti.solver('ipopt'); % Solver setting: ipopt for NLP 
    sol = opti.solve(); % Solves opt. Problem 
 
    u_opt = sol.value( U(:,1) ); % Takes only first optimal control law 
    % Soft start 
     
    x = A * x + B * u_opt;   % State update 
 
    % Register for graph 
    u_history(k) = u_opt;         
    x3_history(k+1) = x(3);        
    c1_history(k+1) = C(1,:)*x;    
    Xpp = sol.value(U(1,:)); 
    Ypp = C(1,6)*sol.value(X(6,1:end-1)); 
    x1  = u_opt; 
    y1  = C(1,6)*x(6); 
    f1 = figure(1); 
    plot(x1,y1,'b'), grid on, hold on, 
    plot(Xpp,Ypp,'g') 
    plot(x1,y1,'ob') 
    plot(0.5, 0.5, 'ko', 'MarkerSize', 10, 'MarkerFaceColor', 'k') 
    xlabel('Virtual reference') 
    ylabel('Rate') 
    title('Evolution in the state-space') 
    legend("real","predicted",'Location','SouthEast') 
    drawnow 
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    Up2 = sol.value(U(1,:)); 
    f2 = figure(2); 
    stairs(k+(0:1:N_pred-1),Up2), grid on, hold on, 
    plot(k,u_opt,'bo') 
    xlabel('prediction time (k)') 
    ylabel('[A/s]') 
    title("Virtual reference input") 
    drawnow 
end 
 
x3_history(1:10) = pmx; 
 
% Time for graph 
t = 0:N_sim;              
ts = 0:N_sim-1; 
 
figure; 
subplot(3,1,1) 
plot(t, c1_history, 'b-', 'LineWidth', 2); hold on; 
yline(ref, 'r--', 'Referencia c1'); 
xlabel('Time[s]'); ylabel('Rate [A/s]'); grid on; 
title('Rate'); 
subplot(3,1,2) 
plot(t, x3_history, 'b-', 'LineWidth', 2); hold on; 
yline(60, 'r--', 'Max'); 
yline(0, 'r--', 'Min'); 
xlabel('Time[s]'); ylabel('Power [%]'); grid on; 
title('Power converter output'); 
subplot(3,1,3) 
plot(ts, u_history, 'b-', 'LineWidth', 2); hold on; 
yline(vmax, 'r--', 'Max'); 
yline(vmin, 'r--', 'Min'); 
xlabel('Time[s]'); ylabel('Reference [A/s]'); grid on; 
title('Optimized reference'); 

 

 

 

%--------MPB-PEROVSKITE DEPOSITION RATE CONTROL----------% 
clc; 
%Setpoint 
sp = 0.5; 
% Specify solver options 
options = optimset('Display','off',... 
    'TolFun', 1e-8,... 
    'MaxIter', 10000,... 
    'TolConSQP', 1e-6); 
%Selectors 
s1 = 0; % if Terminal constraint (s1=1) 
%MPC Parameters 
mpciterations = 2000; %Simulation time in seconds, since Ts=1s 
T = 120; % Prediction time [s] 
delta = 1; %Sample time 
N = T/delta;%Prediction horizon size 
%Discrete system Dynamics / Model considers only rate as output 
Ad=[0.9985 0 0 0;-3.662109375E-6 0.988225092135073 0.998969921379508 -
0.987384087594529;-0 1 0 0;-0 0 1 0]; 
Bd=[-1.3529;-0.000168408203125;-0;-0]; 
Cd=[0 0.000649852861195416 0 0]; 
w = Cd(2) %Auxiliar variable for equality constraint 
Dd=0; 

 

MPC Algorithm 
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Cd=[0 0.000649852861195416 0 0]; 
w = Cd(2) %Auxiliar variable for equality constraint 
Dd=0; 
%State and input dimension 
n = length(Ad(1,:)); 
m = length(Bd(1,:)); 
%Optional terminal state 
xTerm = zeros(4,1); 
%Terminal cost parameters 
Q = 0*eye(n); 
Qe = 100*eye(N+1); 
R = 0.0000001*eye(m); 
%Initial conditions 
tm = 0; 
xm = [-30599.445570938115 -0 0 0.11696176707252705]'; 
ym = 0; 
% Initial guess for open-loop input sequence 
u0= repmat(zeros(m,1),N,1); 
% Initial guess for the open-loop state sequence (order: 
[x_1(0);x_2(0);x_1(1);x_2(1);...]) 
x0= repmat(xm,N+1,1); 
%-------------------------------------------------------------------------- 
%Inequality constraint (0<=u<=60) 
H_u = [1;-1]; 
k_u = [60;0]; 
% Initialize variables for output 
t = []; 
x = []; 
u = []; 
y = []; 
setp = []; 
%Inequality matrices 
A1 = kron(eye(N),H_u); 
A = [zeros(length(A1(:,1)),(n+1)*(N+1)),A1]; 
b = repmat(k_u,N,1); 
%-------------------------------------------------------------------------- 
%Equality constraint 
% pre-allocate matrix Aeq and beq 
Aeq1=zeros(n*(N+1),n*(N+1)+m*N); 
beq=zeros((n+1)*(N+1+s1),1); 
% Equality constraints (dynamics; stacking) 
for k=0:N-1 
    Aeq1(n*k+1:n*(k+1),1:n*(N+1))=[zeros(n,n*k),Ad,-eye(n),zeros(n,n*(N-1-k))]; 
    Aeq1(n*k+1:n*(k+1),n*(N+1)+1:end)=[zeros(n,m*k),Bd,zeros(n,m*(N-1-k))]; 
end 
clear('k') 
Aeq2 = [Aeq1(:,1:4*(N+1)),zeros(length(Aeq1(:,1)),N+1),Aeq1(:,1+n*(N+1):end)]; 
Aeq = [Aeq2;[kron(eye(N+1),[0 w 0 0]),eye(N+1),zeros(N+1,N)]]; 
l = length(Aeq(:,1)); 
ll = length(Aeq(1,:));  
% Equality constraints (initial constraint) 
Aeq(1+l:n+l,1:ll)=[eye(n),zeros(n,ll-n)]; 
beq(1+l:n+l)=xm; 
%Equality constraints (error+wx2 = sp <--) 
beq(1+n*(N+1):(n+1)*(N+1))= sp*ones(N+1,1); 
if s1==1 
%Terminal constraints 
v = 4; 
l = length(Aeq(:,1)); 
Aeq(l+1:l+n,:)=[zeros(n,n*N),eye(n),zeros(n,(m*N)+(N+1))]; 
beq(l+1:l+n)=xTerm; 
else 
    v=0; 
end 
% Cost function 
% Stage cost 
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else 
    v=0; 
end 
% Cost function 
% Stage cost 
Qstack = []; 
Rstack = []; 
for k = 1:N 
    Qstack = blkdiag(Qstack,delta*Q);  
    Rstack = blkdiag(Rstack,delta*R); 
end 
clear('k') 
% terminal cost = 0 
Qstack = blkdiag(Qstack,zeros(n)); 
% Overall cost 
H = blkdiag(Qstack,Qe,Rstack); 
f = zeros(length(Aeq(1,:)),1); 
% Print Header 
fprintf('   k  |      u(k)        x(1)        x(2)        x(3)        x(4)     
Time \n'); 
fprintf('-------------------------------------------------------------------------
--\n'); 
l = length(Aeq(:,1))-n; 
u_OL(1) = 60; 
for ii = 1:mpciterations 
%update constraints (initial constraint based on current state x_measure 
%and y=Cx) 
beq((1+l-v):n-v+l)=xm; 
t_Start = tic; 
    % Solve optimization problem 
    solutionOL = quadprog(H,f,A,b,Aeq,beq,[],[],[],options); 
 
    % Derive the optimal predicted state and input sequence 
    x_OL_tilde = solutionOL(1:n*(N+1),1); 
    e_OL_tilde = solutionOL(1+n*(N+1):(n+1)*(N+1),1); 
    u_OL_tilde = solutionOL((n+1)*(N+1)+1:end,1); 
    x_OL = reshape(x_OL_tilde,n,N+1); 
    u_OL = u_OL_tilde'; 
t_Elapsed = toc( t_Start ); 
% Store closed loop data 
    t = [t, tm]; 
    x = [x, xm]; 
    u = [u, u_OL(1)]; 
    y = [y,ym]; 
    setp = [setp,sp]; 
% Update the closed-loop system 
xm = Ad*xm + Bd*u_OL(1:m); 
ym = w*xm(2); 
tm = tm + delta; 
% Prepare warmstart solution for next time step (take the endpiece of the optimal 
open-loop solution 
% and add a last piece) 
    x0 = [x_OL_tilde(n+1:end);zeros(n,1)]; 
    u0 = [u_OL_tilde(m+1:end);zeros(m,1)]; 
% Print results 
fprintf(' %3d  | %+11.6f %+11.6f %+11.6f %+11.6f %+11.6f %+6.3f\n', ii, u(end),... 
 x(1,end), x(2,end),x(3,end), x(4,end),t_Elapsed); 
end 
f1 = figure(1); 
stairs(t,u); 
xlabel('t') 
ylabel('u(t)') 
title('Closed-loop input sequence') 
grid on  
f2 = figure(2); 
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ylabel('u(t)') 
title('Closed-loop input sequence') 
grid on  
f2 = figure(2); 
title('System response') 
hold on 
plot(t, setp, 'r--', 'LineWidth', 2, 'DisplayName', 'Set Point');  
plot(t, y, 'b', 'LineWidth', 2, 'DisplayName', 'Output');  
hold off 
ylim([0,0.6]) 
grid on 

 

 

 
 
no = 8; 
mo = 2; 
po = 1; 
O = obsv(Aov, Cov); 
poles = linspace(-1, 10, size(Aov,1));  %Poles 10 times faster 
L = place(Aov', Cov', poles)'; 
A_obs = Aov - L * Cov; 
B_obs = [Bov, L];   
C_obs = eye(no);      
D_obs = zeros(no, mo + po); 
clc; close all; 
%Observability check 
Obs_matrix = obsv(Aov, Cov); 
if rank(Obs_matrix) < 8 
    error('System is not fully observable'); 
end 
fprintf('System is fully observable\n'); 
 
% === Noise parameter from data === 
sigma_noise = 0.00001378;  % standard deviation 
variance_noise = sigma_noise^2; % Variance 
 
% === Define noise covariance === 
Q = variance_noise * eye(8);  % Process noise 
R = diag([variance_noise, 0]); % Measure noise 
N = zeros(8,2);  % No correlation 
 
% === Solve Ricatti equation === 
[P, ~, L] = dare(Aov', Cov', Q, R, N); 
L = L';  % Kalman gain 
 
% === Estimator adjustment D ≠ 0 === 
A_k = Aov - L * Cov;   
B_k = [Bov - L * Dov, L];  
C_k = eye(8);           
D_k = zeros(8, 3);  

 

 

Observers design 
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clc; 
clear all; 
close all; 
source4_aux = readtable('Data1.xlsx', 'UseExcel', true, 'Sheet', 'FAI Src4'); 
src4b.t = datetime(table2cell(source4_aux(:,1)), 'InputFormat', 'MMM-dd-yyyy 
hh:mm:ss.SSS a'); 
src4b.t.Format = 'MMM-dd-yyyy hh:mm:ss.SSS'; 
dtt = diff(src4b.t);   % Differences between consecutive time points 
dt = seconds(dtt); 
Ts = mode(dt);         % Use mode to get the most common difference 
disp(['Sampling time: ', num2str(Ts), ' ms']); 
src4b.current = source4_aux{:,3}; 
src4b.temp = source4_aux{:,8}; 
src4b.temp_ref = source4_aux{:,10}; 
src4b.rate = source4_aux{:,7}; 
src4b.rate_ref = source4_aux{:,6}; 
src4b.thickness = source4_aux{:,9}; 
src4b.thickness_acc = source4_aux{:,5}; 
f2=figure; 
subplot(2,2,1) 
plot(src4b.t,src4b.current,'b','LineWidth',2) 
ylabel('Current [?]') 
grid on 
ylim([-10,70]) 
legend("Current", 'Location', 'northeast') 
subplot(2,2,2) 
plot(src4b.t,src4b.temp,'b','LineWidth',2);  
ylabel('Temperature [C]') 
hold on 
plot(src4b.t,src4b.temp_ref,'r--','LineWidth',2); 
grid on 
legend("Temp", "Temp setpoint", 'Location', 'northeast') 
subplot(2,2,3) 
plot(src4b.t,src4b.rate,'b','LineWidth',2) 
ylabel('Rate [A/s]') 
hold on 
plot(src4b.t,src4b.rate_ref,'r--','LineWidth',2) 
grid on 
legend("Rate", "Rate setpoint", 'Location', 'northeast') 
subplot(2,2,4) 
plot(src4b.t,src4b.thickness,'b','LineWidth',2);  
ylabel('Thickness [kA]') 
hold on 
plot(src4b.t,src4b.thickness_acc,'k--','LineWidth',2) 
grid on 
legend("Thickness", "Acc. thickness", 'Location', 'northeast') 
sgtitle('Source 4 - FAI') 
f2.WindowState = 'maximized'; 
L = length(src4b.current); 
trainindlow = 1; 
trainindup = round(0.6*L); 
valindlow = trainindup + 1; 
valindup = L; 
disp(['Number of samples: ', num2str(L)]); 
disp(['Number of training samples: ', num2str(trainindup)]); 
disp(['Number of validation samples: ', num2str(L-trainindup)]); 
time = src4b.t; 
basetime = time(1:6424); 
s1au = src4b.current; 
s1 = s1au(1:6424); 
s2au = src4b.temp - src4b.temp(1); 
s2 = s2au(1:6424); 

Pre-processing example - FAI 
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basetime = time(1:6424); 
s1au = src4b.current; 
s1 = s1au(1:6424); 
s2au = src4b.temp - src4b.temp(1); 
s2 = s2au(1:6424); 
Fs = 1000/(Ts);  % Sample frequency 
Fc = 47;    % Cutting Frequency 
[b, a] = butter(4, Fc/(Fs/2)); 
s3au= filtfilt(b, a, src4b.rate); 
s3 = s3au(1:6424); 
f3 = figure; 
subplot(3,1,1) 
plot(time,src4b.current,'b','LineWidth',2) 
ylim([-10,70]) 
grid on 
hold on 
plot(basetime,s1,'r','LineWidth',1.2) 
legend("Current - Collected","Current Signal" ,'Location', 'northwest') 
subplot(3,1,2) 
plot(time,src4b.temp,'b','LineWidth',2) 
ylim([-10,300]) 
grid on 
hold on 
plot(basetime,s2,'r','LineWidth',1.5) 
legend("Temperature - Collected", "Temperature Signal",'Location', 'northwest') 
subplot(3,1,3) 
plot(time,src4b.rate,'b','LineWidth',2) 
grid on 
hold on 
plot(basetime,s3,'r','LineWidth',1.5) 
legend("Rate - Collected", "Rate Signal",'Location', 'northwest') 
sgtitle('Data Pre-Processing') 
f3.WindowState = 'maximized'; 

 

 

 
close all; 
clc; 
%Dataset 1 
d1u1 = d1s1au;  
d1y1 = d1s2au-d1s2au(1);  
data = iddata(d1y1,d1u1,Ts1); 
np = 3; 
nz = 2; 
nk = 0; 
d1systf1 = tfest(data,np,nz,nk,'Ts',Ts1); 
figure; 
compare(data,d1systf1); 
[d1num, d1den] = tfdata(d1systf1, 'v'); 
t = time1-time1(1); 
ta = seconds(t); 
d1s1sim = timeseries(d1u1,ta); 
d1s2sim = timeseries(d1s2au,ta); 
d1y2 = d1s3au; 
d1s3sim = timeseries(d1y2,ta); 
d1y1f = d1y1(775:3069);  
d1y2f = d1y2(775:3069);  
data = iddata(d1y2f,d1y1f,Ts1); 
plot(data) 
np = 3; 
nz = 0; 

System identification  example - 𝑃𝑏𝐼2 
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np = 3; 
nz = 0; 
nk = 0; 
d1systf2 = tfest(data,np,nz,nk,'Ts',Ts1); 
figure; 
compare(data,d1systf2); 
[d1num2, d1den2] = tfdata(d1systf2, 'v'); 
%Dataset 2 
d2u1 = d2s1au;  
d2y1 = d2s2au;  
data = iddata(d2y1,d2u1,Ts2); 
np = 3; 
nz = 2; 
nk = 0; 
d2systf1 = tfest(data,np,nz,nk,'Ts',Ts2); 
figure; 
compare(data,d1systf1); 
[d2num, d2den] = tfdata(d2systf1, 'v'); 
t = time2-time2(1); 
ta = seconds(t); 
d2s1sim = timeseries(d2u1,ta); 
d2s2sim = timeseries(d2y1,ta); 
 
d2y2 = d2s3au; 
d2s3sim = timeseries(d2y2,ta); 
d2y1f = d2y1(759:6063);  
d2y2f = d2y2(759:6063);  
data = iddata(d2y2f,d2y1f,Ts2); 
plot(data) 
np = 3; 
nz = 1; 
nk = 0; 
d2systf2 = tfest(data,np,nz,nk,'Ts',Ts2); 
figure; 
compare(data,d2systf2); 
[d2num2, d2den2] = tfdata(d2systf2, 'v'); 
%Dataset 3 
d3u1 = d3s1au;  
d3y1 = d3s2au;  
data = iddata(d3y1,d3u1,Ts3); 
np = 3; 
nz = 2; 
nk = 0; 
d3systf1 = tfest(data,np,nz,nk,'Ts',Ts3); 
figure; 
compare(data,d3systf1); 
[d3num, d3den] = tfdata(d3systf1, 'v'); 
t = time3-time3(1); 
ta = seconds(t); 
d3s1sim = timeseries(d3u1,ta); 
d3s2sim = timeseries(d3y1,ta); 
d3y2 = d3s3au; 
d3s3sim = timeseries(d3y2,ta); 
d3y1f = d3y1(736:6063);  
d3y2f = d3y2(736:6063);  
data = iddata(d3y2f,d3y1f,Ts3); 
plot(data) 
np = 3; 
nz = 0; 
nk = 0; 
d3systf2 = tfest(data,np,nz,nk,'Ts',Ts3); 
figure; 
compare(data,d3systf2); 
[d3num2, d3den2] = tfdata(d3systf2, 'v'); 
% Dataset 4 
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[d3num2, d3den2] = tfdata(d3systf2, 'v'); 
% Dataset 4 
d4u1 = d4s1au;  
d4y1 = d4s2au;  
data = iddata(d4y1, d4u1, Ts4); 
np = 3; 
nz = 2; 
nk = 0; 
d4systf1 = tfest(data, np, nz, nk, 'Ts', Ts4); 
figure; 
compare(data, d4systf1); 
[d4num, d4den] = tfdata(d4systf1, 'v'); 
t = time4 - time4(1); 
ta = seconds(t); 
d4s1sim = timeseries(d4u1, ta); 
d4s2sim = timeseries(d4y1, ta); 
d4y2 = d4s3au; 
d4s3sim = timeseries(d4y2, ta); 
d4y1f = d4y1(736:6063);  
d4y2f = d4y2(736:6063);  
data = iddata(d4y2f, d4y1f, Ts4); 
plot(data) 
np = 3; 
nz = 0; 
nk = 0; 
d4systf2 = tfest(data, np, nz, nk, 'Ts', Ts4); 
figure; 
compare(data, d4systf2); 
[d4num2, d4den2] = tfdata(d4systf2, 'v'); 
% Dataset 5 
d5u1 = d5s1au;  
d5y1 = d5s2au;  
data = iddata(d5y1, d5u1, Ts5); 
np = 3; 
nz = 2; 
nk = 0; 
d5systf1 = tfest(data, np, nz, nk, 'Ts', Ts5); 
figure; 
compare(data, d5systf1); 
[d5num, d5den] = tfdata(d5systf1, 'v'); 
t = time5 - time5(1); 
ta = seconds(t); 
d5s1sim = timeseries(d5u1, ta); 
d5s2sim = timeseries(d5y1, ta); 
d5y2 = d5s3au; 
d5s3sim = timeseries(d5y2, ta); 
d5y1f = d5y1(26:10270);  
d5y2f = d5y2(26:10270);  
data = iddata(d5y2f, d5y1f, Ts5); 
plot(data) 
np = 3; 
nz = 1; 
nk = 0; 
d5systf2 = tfest(data, np, nz, nk, 'Ts', Ts5); 
figure; 
compare(data, d5systf2); 
[d5num2, d5den2] = tfdata(d5systf2, 'v'); 
% Dataset 6 
d6u1 = d6s1au;  
d6y1 = d6s2au;  
data = iddata(d6y1, d6u1, Ts6); 
np = 3; 
nz = 2; 
nk = 0; 
d6systf1 = tfest(data, np, nz, nk, 'Ts', Ts6); 
figure; 
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nk = 0; 
d6systf1 = tfest(data, np, nz, nk, 'Ts', Ts6); 
figure; 
compare(data, d6systf1); 
[d6num, d6den] = tfdata(d6systf1, 'v'); 
t = time6 - time6(1); 
ta = seconds(t); 
d6s1sim = timeseries(d6u1, ta); 
d6s2sim = timeseries(d6y1, ta); 
d6y2 = d6s3au; 
d6s3sim = timeseries(d6y2, ta); 
d6y1f = d6y1(753:10708);  
d6y2f = d6y2(753:10708);  
data = iddata(d6y2f, d6y1f, Ts6); 
plot(data) 
np = 3; 
nz = 1; 
nk = 0; 
d6systf2 = tfest(data, np, nz, nk, 'Ts', Ts6); 
figure; 
compare(data, d6systf2); 
[d6num2, d6den2] = tfdata(d6systf2, 'v'); 

 

 

 

pp = 1.91; 
pi = 1/393; 
pd = 1/47; 
denp = pp+pp*pd-1; 
pp2 = 630; 
pi2 = 1/200; 
Ac2 = [0 pp*pi;0 1]; 
Bc2 = [pp*pi-pp*pd;1]; 
Cc2 = [1 0]; 
Dc2 = pp+pp*pd; 
Ac1 = [0 pp2*pi2;0 1]; 
Bc1 = [pi2*pp2;1]; 
Cc1 = [1 0]; 
Dc1 = pp2; 
Ap = AM; 
Bp = BM; 
Cp1 = CM(1,:); 
Cp2 = CM(2,:); 
Dp = DM; 
Oini = [[315 0] [60 0] gM_ini]; 
Dp2 = Dp(2); 
b = 1+Dc2*Dp2; 
bb = 1/b; 
Aov = [Ac1 zeros(2,2) -Bc1*Cp1;Bc2*Cc1-bb*Bc2*Dp2*Dc2*Cc1 Ac2-bb*Bc2*Dp2*Cc2 -
Bc2*Dc1*Cp1-Bc2*Cp2+bb*Bc2*Dp2*Dc2*Dc1*Cp1+bb*Bc2*Dp2*Dc2*Cp2;bb*Bp*Dc2*Cc1 
bb*Bp*Cc2 Ap-bb*Bp*Dc2*Dc1*Cp1-bb*Bp*Dc2*Cp2]; 
Bov = [Bc1;Bc2*Dc1-bb*Bc2*Dp2*Dc2*Dc1;bb*Bp*Dc2*Dc1]; 
Cov = [bb*Dp*Dc2*Cc1 bb*Dp*Cc2 CM-bb*Dp*Dc2*Dc1*Cp1-bb*Dp*Dc2*Cp2]; 
Dov = bb*Dp*Dc2*Dc1; 
sysov = ss(Aov,Bov,Cov,Dov); 

 

Overall system model - 𝑃𝑏𝐼2 
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A.2. Raspberry Pi 5 / Python  

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

pip install pyserial 

enable_uart=1 

import serial 

ser = serial.Serial('/dev/serial0', baudrate=9600, timeout=1)   

while True:   

    data = ser.readline().decode().strip()   

    if data: 

        print(f"Received: {data}") 

 

Enable communication 

 

 

from Adafruit_MCP4725 import MCP4725 

dac = MCP4725(address=0x60) 

voltage = 5.0 ; 

dac.set_voltage(int(voltage / 10.0 * 4095))   

Generate virtual reference 

 

 

pip install casadi 

import casadi as ca 

x = ca.SX.sym('x') 

f = x**2 + 2*x + 1    

nlp = {'x': x, 'f': f} 

solver = ca.nlpsol('solver', 'ipopt', nlp) 

sol = solver(x0=0) 

print("Optimal value:", sol['x']) 

CasADi integration Raspberry pi 
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