
Academic year:  2025 / 2026   
 

 

University of Mohamed Boudiaf - M’sila 

FACULTY OF TECHNOLOGY 

DEPARTMENT OF ELECTRONICS 

 

 

          Serial Number: ……………… 

                                                                                                  Registration Number: ……….   

      

Thesis 

A dissertation submitted in partial fulfillment of the 

 requirements for the degree of  

DOCTORATE IN SCIENCES 

Specialty: Electronics  

Option: Control 

TITLE  

 Contribution to the analysis of the performance of 

dynamic neural networks in the modeling of nonlinear 

systems and classification problems 

 
 

Presented by 

MERZOUKA Nouressadate 

 

Presented and publicly defended on December 17, 2025 
Examined by the jury composed of: 

Full Name Grade Institution Position 

BENNACER Hamza Professor University of  M’sila President 

LADJAL Mohamed Professor University of  M’sila Supervisor 

DAACHI Mohamed  El hossine Professor University of  Sétif 1 Examiner 

BEKKOUCHE Tewfik Professor University of  Bordj Bouarreridj Examiner 

SAOUDI Kamel Professor University of  Bouira Examiner 

OUALI Mohamed Assam MCA University of  M’sila Examiner 

KHETTAB Khatir Professor University of  M’sila Guest 



Acknowledgments                                                                                                                                  .      

 

I 

 

ACKNOWLEDGMENTS 

In the name of ALLAH, the Most Gracious and the Most Merciful. 

I would like to express my profound gratitude to Almighty Allah, who granted me the 

strength, patience, and perseverance to bring this doctoral work to completion. 

I sincerely thank my supervisor, Prof. LADJAL Mohamed, for his expert guidance 

and persistent support that greatly contributed to the success of this work. 

I am also greatly indebted to the members of the defense committee: Prof. Bennacer 

Hamza, President of the jury, for presiding over this defense, and to Prof. Daachi 

Mohamed Elhossine, Prof. Bekkouche Tewfik, Prof. Saoudi Kamel, Mr. Ouali Mohamed 

Assam, and Prof. Khettab Khatir,   for the honor they have done me by agreeing to examine 

this thesis, and for their pertinent remarks and suggestions which have enriched the quality 

of this work. 

I also reserve a special place for Professor, Djamel Chikouche, to whom I owe deep 

gratitude for his guidance and inspiration throughout my academic journey. I pray that 

Allah bestows upon him health, protection, and blessings. 

I wish to express my heartfelt thanks to  Prof. Mouloud Ayad (University Ferhat 

Abbas of Setif), Dr. Nadir Boutalbi (University of Béjaïa), and Dr. Abdesslam Belaout 

(CRTI), for their invaluable assistance and scientific contributions at different stages of this 

research, which were essential to the success of this project. 

Furthermore, I would like to thank the University of M’sila, Faculty of Science and 

Technology, Department of Electronics, as well as all the faculty members, for providing me 

with an excellent academic environment and continuous encouragement. 

Finally, I owe my deepest gratitude to my family, especially my parents, whose prayers, 

sacrifices, and unwavering support have been the foundation of this accomplishment. 

 

 



Dedication                                                                                                                                  .      

 

II 

 

 

 

DEDICATION 

 

 

I dedicate this modest work To: 

My dearest parents. 

My wife and My children Khalil and Zaineb 

my sisters and brothers. 

All my friends, family, and colleagues. 

 

 

 

 

 

 

 

 

 

 

M. Nour Essadate 



Table of Contents                                                                                                                                  .      

 

  III  

TABLE OF CONTENTS 

Acknowledgments....................................................................................................................... I 

Dedication .................................................................................................................................. II 

Table of Contents ...................................................................................................................... III 

List of Figures ........................................................................................................................ VIII 

List of Tables ............................................................................................................................. V 

Nomenclature ........................................................................................................................... XI 

Abstract .................................................................................................................................... XI 

General Introduction ................................................................................................................... 1 

CHAPTER I: State of the art on neural networks for dynamic systems 

I.1 Introduction ........................................................................................................................... 5 

I.2 Modeling Nonlinear DynamicSystems .................................................................................. 6 

I.2.1 Definition, Ubiquity, and Complexity of Nonlinear Systems ............................................ 6 

I.2.2. Illustrative Examples of Nonlinearity................................................................................ 6 

I.2.2.1 Weather chaos and the butterfly effect ........................................................................ 6 
I.2.2.2 Nonlinearity in electrical and electronic systems ........................................................ 6 

I.2.3  Principles of Dynamic System Modeling .......................................................................... 8 

I.2.3.1 Defining the Modeling Process ................................................................................... 8 
I.2.3.2 Classification of Models .............................................................................................. 8 

I.2.3.3  The Model Design Process ....................................................................................... 10 
I.2.3.4   Key Choices in Hypothesis Model Selection .......................................................... 10 

I.2.4 The Limits of Traditional Models for Nonlinear Dynamics............................................. 12 

I.2.4.1. Models Based on Differential Equations (The "White-Box" Approach) ................. 12 
I.2.4.2. Statistical Time-Series Models (The "Linear Black-Box" Approach) ..................... 13 

I.3 Sequential Classification and its Applications .................................................................... 14 

I.3.1. Definition ......................................................................................................................... 14 

I.3.2. Applications of Temporal Classification ......................................................................... 14 

I.3.3 Classical Approaches and Their Limitations .................................................................... 16 
I.3.3.1  The Probabilistic Approach: Hidden Markov Models (HMMs) .............................. 16 



Table of Contents                                                                                                                                  .      

 

  IV  

I.3.3.2 The Static Classifier Workaround: Support Vector Machines (SVMs) .................... 17 

I.4 Neural Networks as a Solution: From Static to Dynamic ................................................... 17 

I.4.1Introduction to Artificial Neural Networks ....................................................................... 17 

I.4.2 The Multi-Layer Perceptron (MLP): a first neural approach ........................................... 18 

I.4.2.1 Mathematical Formulation ........................................................................................ 18 

I 4.3 Architectural Evolution: From Shallow to Deep Networks ............................................. 20 

I.4.4 The Learning Process in Neural Networks ....................................................................... 21 

I.4.4.1  Foundational Concepts: Loss Function and Optimization ....................................... 22 
I.4.4.2  Paradigms of Learning.............................................................................................. 22 
I.4.4.3  The Backpropagation Algorithm: The Engine of Supervised Learning ................... 23 

I.4.5. Challenges and limitations inherent in using MLPs in a sequential approach ................ 25 

I.4.5.1. The "Sliding Window" Technique ........................................................................... 26 
I.4.5.2. Critical Drawbacks of the Workaround .................................................................... 27 

I.5 Focus on the Case Study: The Photovoltaic System as a Complex Nonlinear System ....... 28 

I.5.1 A Brief History and the Growing Importance of PV Systems ......................................... 28 

I.5.2 The Photovoltaic Cell: From Physics to the I-V Characteristic ....................................... 29 
I.5.2.1 The Photovoltaic Effect ............................................................................................. 29 

I.5.2.2 The I-V Characteristic: The Cell's "Fingerprint" ....................................................... 29 

I.5.3 Modeling the PV Generator: The Limits of "White-Box" Models................................... 30 

I.5.4 The Challenge of Fault Diagnosis in PV Systems ............................................................ 33 
I.5.4.1 Why Fault Diagnosis is Crucial ................................................................................. 33 
I.5.4.2 A Catalogue of Common PV Faults .......................................................................... 33 

I.5.4.3 Traditional Diagnostic Approaches and the Power of I-V Curve Analysis .............. 34 

I.6 Conclusion ........................................................................................................................... 34 

CHAPTER II : Dynamic Neural Network Architectures and Their 

Evolution 

II.1 Introduction ........................................................................................................................ 36 

II.2 Representing Time in Nonlinear System Modeling ........................................................... 37 

II.2.1 Spatial Representation (External Memory Mechanism) ................................................. 37 

II.2.2 Internal Representation (Intrinsic Temporal Mechanism) .............................................. 37 

II.3 Architectures of Dynamic Neural Networks ...................................................................... 38 



Table of Contents                                                                                                                                  .      

 

  V  

II.3.1 Introduction to Dynamic Neural Network Architectures ................................................ 38 

II.3.2 The Input-Output Paradigm: NARX Models .................................................................. 39 
II.3.2.1 The Direct Input-Output Philosophy ........................................................................ 39 
II.3.2.2 Mathematical Formulation ....................................................................................... 39 

II.3.2.3 Distinction from TDNN (Time Delay Neural Network) .......................................... 40 
II.3.2.4 Architecture and Memory Mechanism ..................................................................... 41 
II.3.2.5 Operating Modes ...................................................................................................... 42 
II.3.2.6 Learning Algorithm .................................................................................................. 43 

II.3.3 Neural State-Space Models (NSSMs) ............................................................................. 47 

II.3.3.1 The Principle of Separated Dynamics ...................................................................... 47 

II.3.3.2 Learning in State-Space Models .............................................................................. 49 

II.3.3.2.1 Backpropagation Through Time (BPTT) .............................................................. 49 
II.3.3.2.2 Alternative and Advanced Optimization Algorithms............................................ 54 

II.3.4 Recurrent Neural Networks (RNNs): The Intrinsic Memory Paradigm ......................... 58 
II.3.4.1 The Shift to a Unified, Flexible Architecture ........................................................... 58 
II.3.4.2 The Simple RNN (Elman Network) ......................................................................... 58 

II.3.4.3 Specialized Recurrent Architectures ........................................................................ 59 
II.3.4.4 Other Architectural Variants .................................................................................... 61 

II.4 The General Learning Framework: Unfolding and the "Copy" Concept ........................... 63 

II.4.1 The Modular Representation and the "Copy" Concept ................................................... 63 

II.5 The Core learning Algorithm: Backpropagation Through Time (BPTT) .......................... 65 

II.5.1 The General Principle of BPTT ...................................................................................... 65 

II.5.2 The BPTT Algorithm in Practice .................................................................................... 66 

II.5.3 Challenges and Optimization Strategies ......................................................................... 67 

II.5.4 Summary of the Learning Process .................................................................................. 67 

II.6 Gated Architectures for Long-Term Memory .................................................................... 68 

II.6.1 The Architectural Solution to the Vanishing Gradient Problem ..................................... 68 

II.6.2 Long Short-Term Memory (LSTM) ................................................................................ 68 

II.6.3 Gated Recurrent Unit (GRU): A Simpler Alternative ..................................................... 71 

II.6.4 Conceptual Distinction: GRU vs. LSTM ........................................................................ 72 

II.6.5 Bidirectional LSTM (BiLSTM): Leveraging Past and Future Context .......................... 73 

II.6.5.1 The Limitation of Unidirectional Processing ........................................................... 73 

II.6.5.2 The Bidirectional Principle ...................................................................................... 73 
II.6.5.3 Mathematical Formulation ....................................................................................... 74 
II.6.5.4 Why BiLSTM is Crucial for This Thesis ................................................................. 75 



Table of Contents                                                                                                                                  .      

 

  VI  

II.7 Conclusion .......................................................................................................................... 76 

CHAPTER III : Performance Analysis For Modeling Nonlinear Pv 

Systems 

III.1 Introduction ....................................................................................................................... 77 

III.2 Methodology: From Data to a State-Space Model ........................................................... 79 

III.2.1 Experimental Setup and Dataset Generation ................................................................. 79 

III.2.2 Problem Formulation: A Unified State-Space Approach .............................................. 82 
III .2.2.1 The General State-Space Framework .................................................................... 82 
III .2.2.2  Our Contribution: A Unified and Implicit Learning Approach ............................ 83 

III.2.3 The BiLSTM Architecture for State-Space Modeling ................................................... 83 
III.2.3.1  Rationale for the Architectural Choice .................................................................. 84 

III.2.3.2 Proposed Model Implementation ............................................................................ 84 

III.2.4 Training and Optimization Protocol .............................................................................. 86 
III.2.4.1 Hyperparameter Tuning with Bayesian Optimization ............................................ 86 
III.2.4.2 Final Model Training .............................................................................................. 87 

III.2.5 Evaluation Metrics ......................................................................................................... 88 

III.2.5.1 Root Mean Square Error (RMSE)........................................................................... 88 
III .2.5.2 Coefficient of Determination (R²) .......................................................................... 88 
III.2.5.3 Physical Parameter Validation ................................................................................ 89 

III.3 Results and Discussion ..................................................................................................... 89 

III.3.1 Optimal Model Configuration and Training Convergence ............................................ 90 

III.3.2 Overall Identification Performance................................................................................ 91 

III.3.3 Analysis of Prediction Errors ......................................................................................... 92 

III.3.4 Qualitative Performance: Visualizing the Predicted I-V Curves ................................... 93 

III.3.5  Detailed Analysis and Validation of the Identified State-Space Model ....................... 94 

III.3.5.1 Dynamic Identification Performance ...................................................................... 94 
III.3.5.2 Analysis of the Learned Internal State .................................................................... 95 

III.3.5 Physical Parameter Extraction ....................................................................................... 96 

III.3.6 Validation Against Experimental Physical Trends ........................................................ 98 
III.3.6.1 Comparison of Physical Trends .............................................................................. 98 

III .3.6.2 What Our Model Has Learned ............................................................................... 98 

III.3.7 Comparison with a Static Input-Output Model .............................................................. 99 

III.3.7.1 The Comparative Model ......................................................................................... 99 



Table of Contents                                                                                                                                  .      

 

  VII  

III.3.7.2 Quantitative Performance Comparison ................................................................. 100 
III.3.7.3 Qualitative Performance Comparison ................................................................... 100 

III.4 Conclusion ...................................................................................................................... 101 

CHAPTER IV: Fault Classification in a Nonlinear PV System: A DWT-

BiLSTM Approach 

IV.1 Introduction..................................................................................................................... 103 

IV.2 The Hybrid Dwt-BiLSTM Methodology........................................................................ 104 

IV.2.1 Data Preprocessing and Multi-Resolution Feature Extraction .................................... 104 
IV.2.1.1 The Rationale for a Feature-Based Approach ...................................................... 105 
IV.2.1.2 Building a Comprehensive, Multi-Domain Feature Set ....................................... 105 
IV.2.1.3 Target Label Re-Grouping .................................................................................... 106 

IV.2.2 Feature Selection with Neighborhood Component Analysis (NCA) .......................... 106 

IV.2.2.1 The "Curse of Dimensionality": Why Feature Selection is Necessary ................. 106 
IV.2.2.2 Our Chosen Method: Neighborhood Component Analysis (NCA) ...................... 106 

IV.2.3 The BiLSTM Classifier and its Optimization .............................................................. 107 

IV.2.3.1 The BiLSTM Classifier Architecture ................................................................... 107 

IV.2.3.2 Ensuring Robustness through Bayesian Optimization ......................................... 108 

IV.3 Results and Analysis ....................................................................................................... 108 

IV.3.1 Initial Feature Space Visualization .............................................................................. 108 

IV.3.2 Feature Selection Using NCA and Its Impact on the Input Space ............................... 110 

IV.3.3 BiLSTM Classifier Performance and Detailed Analysis ............................................. 112 

IV.3.3.1 Optimization of Model Hyperparameters by Bayesian Approach ....................... 112 
IV.3.3.2 Quantitative and Per-Class Performance Analysis ............................................... 114 

IV.3.4 Visual Analysis of Classification Performance ........................................................... 116 
IV.3.4.1 The Confusion Matrix: A Detailed Look at the Model's Decisions ..................... 116 

IV.3.4.2. Success Rate by Class .......................................................................................... 117 
IV.3.4.3 Visualizing Defect Separation with t-SNE ........................................................... 117 

IV.3.5 Validating the Architectural Choices ........................................................................... 118 
IV.3.5.1 The Importance of Bidirectional Context: BiLSTM vs. Unidirectional LSTM ... 119 
IV.3.5.2 Benchmarking Against Previous Work: Comparison with MC-NFC .................. 121 

IV.4 Conclusion ...................................................................................................................... 122 

 General Conclusion ................................................................................................................ 125 



List of Figures                                                                                                                                  .      

 

  VIII  

LIST OF FIGURES 

CHAPTER I: State of the art on neural networks for dynamic systems 

Figure I.1: Conceptual representation of various modeling approaches ..................................... 9 

Figure I.2: Schematic Representation of a Multi-Layer Perceptron (MLP) .............................. 18 

Figure I.3: Architectural Evolution from a Simple MLP to a Deep Neural Network ............... 20 

Figure I.4: Principle of the NARX Architecture for Dynamic Modeling ................................. 26 

Figure I.5: A typical I-V characteristic curve of a photovoltaic cell ......................................... 30 

Figure I.6: Equivalent circuit models for a PV cell ................................................................... 32 

CHAPTER II: Dynamic Neural Network Architectures and Their Evolution 

Figure II.1: A Schematic Comparison of Temporal Representation Approaches ..................... 38 

Figure II.2: The architecture of a NARX neural network ......................................................... 41 

Figure II.3: The NARX architecture with tapped delay lines ................................................... 42 

Figure II.4: Architecture of a "black-box" State-Space Neural Network (SSNN) .................... 48 

Figure II.5: Comparison of Weight Magnitudes Before and After L2 Regularization ............. 53 

Figure II.6: Bayesian Prior Distribution on Model Weights Represented by a Gaussian ......... 53 

Figure II.7: Convergence Comparison of Different Optimizers on Model Training ................ 57 

Figure II.8: Architecture of a simple Recurrent Neural Network (Elman Network) ................ 59 

Figure II.9: Architecture of a Jordan Network .......................................................................... 60 

Figure II.10: Architecture of a deep (or Stacked) RNN with two recurrent layers ................... 60 

Figure II.11: The learning network configurations formed by N copies ................................... 64 

Figure II.12: Modular representation of a recurrent network as a non-recurrent "copy" .......... 64 

Figure II.13: The internal structure of a Long Short-Term Memory (LSTM) cell ................... 69 

Figure II.14: Architecture of a Gated Recurrent Unit (GRU) cell ............................................ 71 

Figure II.15: The architecture of a Bidirectional Long Short-Term Memory (BiLSTM) network 

………………………………………………………………………………………………...74 

CHAPTER III: Performance Analysis For Modeling Nonlinear PV Systems 

Figure III.1: Photograph of the emulator used for data collection ............................................ 80 

Figure III.2: Comparison of I-V curve families under different operational conditions ........... 81 

Figure III.3: The proposed stacked BiLSTM network architecture for I-V curve modeling .... 84 

Figure III.4: Training and validation Progress of Final BiLSTM Network .............................. 91 



List of Figures                                                                                                                                  .      

 

  IX  

Figure III.5: Correlation between Predicted and Actual Current Values on the Test Set ......... 92 

Figure III.6: Distribution of Prediction Errors (I_{actual} - I_{predicted}) on the Test Set .... 93 

Figure III.7: Comparison of actual and predicted I-V curves for randomly selected samples ...93 

Figure III.8: Dynamic identification performance of the state-space model ............................. 94 

Figure III.9: Evolution of the first three components of the learned hidden state vector .......... 95 

Figure III.10: t-SNE visualization of the learned latent space .................................................. 96 

Figure III.11: Probability density functions of the prediction errors ......................................... 97 

Figure III.12: Qualitative comparison of the BiLSTM and MLP models ............................... 100 

CHAPTER IV: Fault Classification in a Nonlinear PV System: A DWT-BiLSTM 

Approach 

Figure IV.1: DWT Energy Indicators for one sample from each class ................................... 109 

Figure IV.2: DWT Entropy Indicators for one sample from each class .................................. 109 

Figure IV.3: Distribution of Feature Values by Category for one sample per class................ 110 

Figure IV.4: NCA Feature Weights for the initial 90 indicators ............................................. 111 

Figure IV.5: Convergence plot of the Bayesian optimization process .................................... 114 

Figure IV.6: Graph of Per-Class Metrics (Precision, Recall, and F1-Score) .......................... 115 

Figure IV.7: Confusion Matrix for the BiLSTM model on the test set ................................... 116 

Figure IV.8: Success Rate (Recall) by Class for the BiLSTM model ..................................... 117 

Figure IV.9: t-SNE visualization of the relu1 layer of the BiLSTM model ............................ 118 

Figure IV.10: Visual comparison of Precision, Recall, and F1-Score for BiLSTM vs. LSTM 

……...………………………………………………………………………………………... 120 

 

 

 



List of tables                                                                                                                                  .      

 

  X  

LIST OF TABLES 

CHAPTER III: Performance Analysis For Modeling Nonlinear PV Systems 

Table III.1: Detailed description of the layers and key hyperparameters of the proposed 

BiLSTM model ..................................................................................................................... 85 

Table III.2: Final Hyperparameters of the Proposed BiLSTM Model ................................. 90 

Table III.3: Performance on Key Physical Parameter Extraction ......................................... 97 

Table III.4: Configuration of the Comparative MLP Model ................................................ 99 

Table III.5: Performance Comparison between the State-Space (BiLSTM) and Input-Output 

(MLP) Models .................................................................................................................... 100 

 

CHAPTER IV: Fault Classification in a Nonlinear PV System: A DWT-BiLSTM 

Approach 

Table IV.1: Optimal hyperparameters determined by Bayesian optimization ................... 112 

Table IV.2: BiLSTM Model Architecture and Training Hyperparameters ........................ 113 

Table IV.3: Evaluation Results of the BiLSTM Model by Fault Class .............................. 114 

Table IV.4: Configuration of the Comparative Unidirectional LSTM Model ................... 119 

Table IV.5: Comparative performance of the BiLSTM and unidirectional LSTM models 120 

Table IV.6: Comparative performance (R²) by fault type: MC-NFC vs. our BiLSTM ..... 122 

  

 



Nomenclature                                                                                                                                             .      

 

  XI  

NOMENCLATURE 

Symbol Definition 

RNN Recurrent Neural Network 

LSTM Long Short-Term Memory 

BiLSTM Bidirectional LSTM 

GRU Gated Recurrent Unit 

MLP Multi-Layer Perceptron 

NARX Nonlinear AutoRegressive with eXogenous input 

NSSM Neural State-Space Model 

PV Photovoltaic 

DWT Discrete Wavelet Transform 

NCA Neighborhood Component Analysis 

RMSE Root Mean Square Error 

R² Coefficient of Determination 

MPPT Maximum Power Point Tracking 

I-V Current-Voltage Characteristic 

 

General Mathematical Symbols 

Symbol Definition 

k, t Discrete time step index 

x(k) Network input vector at time k 

u(k) System external input vector at time k 

y(k) Network/system output vector at time k 

ŷ(k) Model's predicted output vector at time k 

θ Vector of learnable network parameters (weights and biases) 

J(θ) Cost or loss function to be minimized 

W Weight matrix 

b Bias vector 

σ(·) Sigmoid activation function 



Nomenclature                                                                                                                                             .      

 

  XII  

tanh(·) Hyperbolic tangent activation function 

⊙ Element-wise (Hadamard) product 

∇ Gradient operator 

 

 

Gated RNN Symbols 

Symbol Definition 

h(k) Hidden state vector at time k 

C(k) Cell state vector (LSTM) at time k 

ft Forget gate activation vector (LSTM) 

it Input gate activation vector (LSTM) 

ot Output gate activation vector (LSTM) 

zt Update gate activation vector (GRU) 

rt Reset gate activation vector (GRU) 

h⃗(k) Forward hidden state vector (BiLSTM) 

h⃖(k) Backward hidden state vector (BiLSTM) 

 

 

Photovoltaic System Variables 
 

Symbol Definition 

G Solar Irradiance (W/m²) 

T Cell Temperature (°C) 

Pmax Maximum Power (W) 

Vmpp Voltage at Maximum Power Point (V) 

Impp Current at Maximum Power Point (A) 

Voc Open-Circuit Voltage (V) 

Isc Short-Circuit Current (A) 



      .                                                                                                            ملخص الرسالة
 

  XIII  

 ملخص الرسالة

ة في تحليل أداء الشبكات العصبية الديناميكية في نمذجة الأنظمة غير الخطية ومسائل مساهم

 .التصنيف

   

ي توفرها نمذجة "الصندوق الأسود" للأنظمة الديناميكية غير  
تتمحور هذه الأطروحة حول استقصاء المزايا الت 

(؛ وهو نهج يختلف State-spaceء الحالة" )الخطية، وذلك بالاعتماد على الشبكات العصبية الموصوفة ضمن إطار "فضا 

 عن النماذج التقليدية القائمة على علاقة "الدخل
ً
الخرج". وتتجلى قوة ومرونة هذا المسعى العلمي من خلال -جوهريا

، تم تطبيقهما على دراسة حالة للأنظمة الكهروضوئية ) ن ن رئيسيتير  ( المعقدة. PVمساهمتير

ي تطوير  
" ) تتمثل المساهمة الأولى فن ( عالىي الدقة لنظام  Digital Twinمنهجية متكاملة لإنشاء "توأم رقمي

ي باستخدام شبكة 
(. 0.997يتجاوز   R2R2. وقد أظهرت النتائج دقة تنبؤية استثنائية )معامل تحديدBiLSTMكهروضوئ 

ي للنموذج من خلال استقراء حالاته ال
يائ  ن خفية؛ مما أدى إلى الارتقاء والأهم من ذلك، برهنت التحليلات على الاتساق الفير

مات —(Black-boxبه من نموذج "صندوق أسود" ) ن الذي يقتصر على البيانات الإحصائية دون الإلمام بالميكانير

" إلى نموذج—الداخلية ي
يائ  ن ن Grey-box models"الصندوق الرمادي" ) يُعرف بـ "شبه فير ن القوانير اعة بير (، الذي يدمج بير

يائية والبيانات ال ن . الفير  للتفسير العلمي
ً
 قابلا

ً
 تجريبية، مما يجعله نموذجا

ن   ن ومتير اح إطار عمل هجير عالج مهمة التصنيف لأغراض تشخيص الأعطال؛ حيث تم اقي 
ُ
أما المساهمة الثانية، فت

ن "تحويل المويجات المتقطع" ) ( لاختيارها، NCA( لاستخلاص السمات، و"تحليل المكونات المجاورة" )DWTيجمع بير

ف مع دم
ِّ
ن. حقق هذا النموذج دقة تصنيف تتجاوز  BiLSTMج مُصن ن 96مُحسَّ ن بير ي التميير

 على كفاءته العالية فن
ً
هنا %، مير

 .
ً
 الأعطال ذات البصمات الكهربائية المتشابهة جدا

ي نمذجة  
ي هذه الأطروحة إلى تأكيد صحة الفرضية القائلة بأن نهج "فضاء الحالة" يتفوق فن

فضن
ُ
خلاصة القول، ت

ثبت النتائج المرونة الملحوظة الأ 
ُ
ي الواضح. كما ت

يائ  ن ن الدقة العالية والتماسك الفير نظمة المعقدة، لقدرته على الجمع بير

 واعدة لتطبيقات 
ً
ي التعامل مع مهام النمذجة والتصنيف على حد سواء، مما يفتح آفاقا

للشبكات العصبية الديناميكية فن

ي أنظ
 مة الطاقة. الصيانة التنبؤية والتحكم الذكي فن

 

، نمذجة الصندوق الأسود، فضاء الحالة، النظام BiLSTMالشبكات العصبية الديناميكية،  :الكلمات المفتاحية

، تحديد الأنظمة، تصنيف الأعطال ي
 .الكهروضوئ 
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ABSTRACT 

 
Contribution to the analysis of the performance of dynamic neural networks in the 

modeling of nonlinear systems and classification problems. 

 

 

 This doctoral work explores the advantages of "black-box" modeling for nonlinear 

dynamic systems by using neural networks within a state-space framework, an approach that 

stands apart from traditional input-output models. The thesis demonstrates the power and 

versatility of this approach through two main contributions, both applied to the complex case 

study of photovoltaic (PV) systems. 

 The first contribution focuses on the task of modeling. We developed a complete 

methodology to create a high-fidelity "digital twin" of a PV system using a BiLSTM network. 

The results show exceptional predictive accuracy (with an R² score over 0.997) and, more 

importantly, physical coherence, which we validated by analyzing the model's hidden states. 

This approach turns the "black box" into an interpretable "grey box." 

 The second contribution tackles the task of classification for fault diagnosis. We 

proposed a robust hybrid framework that combines DWT for feature extraction, NCA for 

feature selection, and an optimized BiLSTM classifier. This model achieves a classification 

accuracy of over 96%, showing its superiority in distinguishing between faults with very 

similar electrical signatures. 

 In summary, this thesis validates the hypothesis that the state-space approach is superior 

for "black-box" modeling, as it facilitates the development of models that combine precision 

with a clear physical interpretation. It also confirms the remarkable versatility of dynamic 

neural networks for both modeling and classification tasks, opening up essential avenues for 

predictive maintenance and the intelligent control of energy systems. 

 

 

 

Keywords: Dynamic neural networks, BiLSTM, Black-box modeling, State-space, 

Photovoltaic system, System identification, Fault classification. 
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RESUME 

 

Contribution à l'analyse des performances des réseaux de neurones dynamiques dans la 

modélisation des systèmes non linéaires et les problèmes de classification. 

 Ce travail de doctorat explore les avantages de la modélisation "boîte noire" de 

systèmes dynamiques non-linéaires en utilisant des réseaux de neurones décrits dans un cadre 

d'espace d'état, une approche qui se distingue des modèles entrée-sortie traditionnels. La thèse 

démontre la puissance et la polyvalence de cette approche à travers deux contributions 

majeures, appliquées au cas d'étude complexe des systèmes photovoltaïques (PV). 

 La première contribution se concentre sur la tâche de modélisation. Une méthodologie 

est développée pour créer un "jumeau numérique" haute-fidélité d'un système PV à l'aide d'un 

réseau BiLSTM. Les résultats montrent une précision prédictive exceptionnelle (R² > 0,997) 

et, plus important encore, une cohérence physique validée par l'analyse des états cachés du 

modèle, transformant la "boîte noire" en une "boîte grise" interprétable. 

 La seconde contribution aborde la tâche de classification pour le diagnostic de pannes. 

Un framework hybride robuste est proposé, combinant l'extraction de caractéristiques par 

DWT, la sélection par NCA, et un classifieur BiLSTM optimisé. Ce modèle atteint une 

précision de classification de plus de 96%, démontrant sa supériorité pour distinguer des 

défauts aux signatures électriques très similaires. 

 En synthèse, cette thèse valide l'hypothèse que l'approche en espace d'état est supérieure 

pour la modélisation "boîte noire", en permettant la création de modèles à la fois précis et 

physiquement cohérents. Elle confirme également la polyvalence remarquable des réseaux de 

neurones dynamiques pour les tâches de modélisation et de classification, ouvrant des 

perspectives importantes pour la maintenance prédictive et le contrôle intelligent des systèmes 

énergétiques. 

Mots-clés : Réseaux de neurones dynamiques, BiLSTM, Modélisation boîte-noire, Espace 

d'état, Système photovoltaïque, Identification de systèmes, Classification de défauts 
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General Introduction 

 In the last ten years, artificial intelligence, especially Deep Learning, has gotten much 

better. Researchers now widely agree that neural networks are effective for many 

engineering tasks, including signal processing, system identification, machine control, and 

rapid fault detection. Because they continue to prove useful, researchers have been 

motivated to improve them. Today, newer models help us understand how neural networks 

actually work inside and let us use them in many new ways [1]. 

 While identifying linear systems is now a well-established discipline, 

identifying nonlinear dynamic systems is still a major scientific challenge [2]. This happens 

mainly because of their inherent complexity, showing behaviors like saturation, limit cycles, 

and chaos [3], and the difficulty traditional methods have in precisely capturing long-term 

time dependencies within the internal states. Historically, most methods used to tackle this 

problem relied on "black-box" approaches, where the model learns the relationship between 

inputs and outputs without trying to describe the internal mechanisms [1]. Although these 

methods often give good results, they leave one crucial question unanswered for advanced 

control and diagnostics: What internal mechanism truly governs the system’s dynamics? 

 The main goal of this doctoral research is to fill this gap by studying the benefits of a 

more structured modeling framework: dynamic neural networks set up in a state-space 

representation. This approach specifically includes the idea of the system's internal state. It 

opens the door to models that are not only accurate and robust against noise, but 

also physically consistent and interpretable, effectively turning the opaque "black box" into 

a "grey box." Furthermore, this work also checks how well these models perform on 

classification tasks, proving their versatility and practical scope for intelligent diagnostics. 

 To base this study on a real challenge, the photovoltaic (PV) system was chosen as the 

main case study, due to its dynamic complexity and high technological importance. PV 

systems are key pillars of the energy transition, but their behavior is highly nonlinear. Their 

performance relies on detailed semiconductor physics and constantly changing external 

factors, such as solar irradiance, cell temperature, and the health status of the modules. This 

complex interaction makes modeling and diagnostics very difficult. Classical physics-

based "white-box" models (for example, the single-diode model) quickly reach their 

limits. Finding their parameters is tough [2], and these models cannot properly capture how 
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the system changes dynamically or when operating conditions shift, especially if a fault is 

active. Therefore, data-driven system identification (the "black-box" approach) is now a 

vital alternative for precisely modeling these complex systems in the real world. 

 Dealing with the dynamic challenge of sequential data requires the use of Recurrent 

Neural Networks (RNNs), they are the standard tool. Newer versions, such as the Long 

Short-Term Memory (LSTM) and the Bidirectional Long Short-Term Memory (BiLSTM), 

achieve impressive results. They are built precisely to capture the intricate time 

dependencies needed when working with state functions. The effectiveness of these dynamic 

models in controlling and diagnosing systems is also well-documented [4,5]. Although 

newer designs, like Transformers and state-based models like Mamba, are excellent at 

handling very long-term dependencies and optimizing efficiency, they generally require 

large amounts of data to learn properly. Given that our dataset is structured but of medium 

size (typical of laboratory test benches), the BiLSTM proves to be the best practical 

compromise, offering high stability and superior learning capabilities for our specific tasks. 

 Within PV research, neural network applications have generally followed two main 

paths, both based on Input-Output modeling. Hybrid models, for example, CNNs combined 

with LSTMs, are very effective in the first main area: forecasting power output. The second 

area of focus is the characterisation of static Current-Voltage (I-V) curves. Researchers often 

employ neural networks or neuro-fuzzy systems in this area to estimate key electrical 

parameters, which are crucial for tasks such as MPPT [6]. However, a shared and major 

limitation of these Input-Output methods is their structural inability to capture the 

system's full internal dynamics truly. This severely limits their usefulness for getting deeper 

physical insights and for developing advanced diagnostics. 

 Compared to Input-Output models, the state-space framework is much more structured 

and powerful. Early studies quickly demonstrated the value of using neural networks in this 

context, highlighting benefits such as simpler models and their suitability for robust control 

[7,8,9]. The state-space method works by trying to determine the system's internal 

mechanisms, rather than just memorising the Input-Output mapping. Due to deep learning, 

this method is gaining renewed attention. Specifically, deep state-space models are designed 

to follow complex patterns across long sequences of time [10]. This is particularly relevant 

for PV systems, where a state-space formulation is considered necessary to capture full 

dynamic behaviors [11]. 
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Despite this strong theoretical backing, a critical gap remains in the literature: few studies 

apply a data-driven state-space approach to identify the complete I-V curve of a PV system, 

and even fewer validate the physical meaning of the learned internal state representation. 

 Facing this dual challenge, modeling dynamics with physical meaning and classifying 

faults robustly, this thesis provides two major contributions that complement each other 

through the use of dynamic neural networks: 

1. Modeling and Identification of a PV Digital Twin using State-Space: Our first 

contribution focuses on system identification. We present a complete method to build a 

high-fidelity "digital twin" of a PV system using a Bidirectional LSTM (BiLSTM) network 

set up in an implicit state-space framework. By treating the complete Current-Voltage (I-V) 

curve identification as a dynamic sequence, we demonstrate that the network’s internal 

hidden state (h(k)) learns a structured and physically coherent representation of the system’s 

dynamics. This process successfully transforms the opaque "black box" into an interpretable 

"grey box." We validate this physical coherence by successfully extracting key fundamental 

electrical parameters (such as P_max,V_mpp, and I_sc) from the predicted I-V curves. 

2. Robust Fault Diagnosis via Multi-Scale Hybrid Classification: Our second contribution 

explores the versatility of dynamic networks for advanced classification and fault 

diagnostics in PV systems. We developed a robust hybrid framework that is especially 

effective at distinguishing faults with very similar electrical signatures. This framework 

combines multi-scale feature extraction using the Discrete Wavelet Transform (DWT), 

smart and focused attribute selection with Neighborhood Component Analysis (NCA), and 

an optimized BiLSTM classifier (tuned using a Bayesian approach). We prove the 

superiority of this bidirectional hybrid approach for accurate and robust classification, which 

is vital for predictive maintenance. 

 This document is organized as follows: 

 Chapter 1 lays the theoretical groundwork for our study. It begins by looking at the 

challenges of modeling nonlinear dynamic systems, highlighting why traditional physics 

methods often fall short. It then introduces our central case study, the PV system, detailing 

its physical principles, frequent defects, and explaining why it is an ideal and complex 

benchmark for our work. 
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 Chapter 2 provides a detailed analysis of the dynamic neural network architectures, the 

primary tools of this thesis. It traces their evolution from classical input-output models (like 

NARX) and structured state-space models (NSSM) to the more flexible Recurrent Neural 

Networks (RNNs). This chapter finishes with a complete review of the newest and most 

modern gated network architectures, justifying the choice of the Bidirectional LSTM 

(BiLSTM) for our contributions, and setting the general training framework for these 

models. 

 Chapter 3 details our first major contribution: designing and validating a high-

fidelity "digital twin" for a PV system. We explain how we used a state-space BiLSTM 

framework to model the complete I-V curve as a dynamic sequence. The results shown in 

this chapter demonstrate exceptional predictive accuracy and the physical coherence of the 

model's learned internal state, transforming the "black box" into an interpretable "grey box." 

 Chapter 4 presents our second major contribution: a reliable hybrid system built to 

classify faults accurately. We explain in detail how our method combines feature extraction 

at different scales using the Discrete Wavelet Transform (DWT) with an optimized BiLSTM 

classifier. The results demonstrate the framework's high accuracy and its superior robustness 

compared to other state-of-the-art methods, especially for distinguishing between faults with 

very similar signatures. 

 Finally, we conclude the thesis with a General Conclusion, where we summarize the 

main results achieved for both the modeling and classification approaches. We also offer 

practical recommendations for researchers and outline promising directions for future work. 

This conclusion synthesizes all our observations and draws the key findings of this research. 



 

 

 

 

 

 

 

 

CHAPTER I    
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I.1 Introduction 

 Artificial intelligence has changed many areas of science and industry, particularly in 

electronics and control engineering [1]. Because of this, understanding, predicting, and 

controlling complex systems remains a significant challenge for innovation [2]. For many 

years, traditional mathematical models grounded on well-known physical laws have been 

reliable and robust tools [3]. However, these methods now show their limits when dealing 

with strongly nonlinear dynamics [3,4], unpredictable behaviors [5], or systems for which 

writing an exact equation is simply impossible [6]. 

 It is in this setting that deep learning methods have emerged, bringing a fundamental 

shift in how we approach modeling [1]. Instead of starting from theoretical assumptions, 

artificial neural networks learn directly from raw data, building functional "black-box" 

models capable of handling complexities that were out of reach before [7, 8]. 

 This chapter provides the foundational knowledge for our study by exploring two key 

areas. First, we will build a comprehensive overview of the "solution space" by detailing the 

evolution of neural networks for dynamic systems. Second, we will establish the "problem 

space" by conducting a deep dive into our chosen case study, the photovoltaic system. 

 Our exploration of the neural network landscape will move step-by-step. We’ll explain 

what nonlinear systems are and why traditional models have a hard time describing them 

properly. Then, we will take a look at how neural networks have developed, starting with 

static models like the MLP, and see why they struggle with data that changes over time. This 

path will naturally lead us to Recurrent Neural Networks (RNNs), which were developed to 

overcome the problems faced by earlier models, particularly in learning long-term temporal 

dependencies. We will look at practical applications of these networks in modeling, system 

identification [9], and sequence classification. 

 Then, to ground these tools in a real-world challenge, we will conduct a detailed 

review of our chosen case study: the photovoltaic (PV) system. We will analyze its physical 

principles, its "white-box" models, and the common fault modes that make it a difficult 

system to model and diagnose. 

 Finally, we will talk about current research challenges focused on making these 

networks, often called “black boxes”, more reliable, robust, and easier to understand. This 
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discussion will highlight gaps in the existing literature and clearly position the original 

contributions of our study [10]. 

I.2 Modeling nonlinear dynamic systems 

I.2.1 Definition, Ubiquity, and Complexity of Nonlinear Systems  

  What makes a nonlinear dynamic system different is that the connection between 

its inputs and state variables isn't proportional, so the principle of superposition 

doesn't apply. All dynamic systems follow a set of rules as they evolve. But what sets 

nonlinear systems apart is their lack of proportionality. This key difference is why they 

can show much richer and more complex behaviors than linear systems [1,2]. 

These behaviors include sudden regime changes (bifurcations), such as the saturation of a 

magnetic core in an electrical machine; stable oscillations (limit cycles), which are 

typical of many electronic circuits; and deterministic chaos, where drastically different 

responses can emerge from tiny changes in initial conditions. This complexity is not just 

a mathematical curiosity, but a fundamental characteristic of how many technological 

and natural systems work [3]. 

I.2.2. Illustrative Examples of Nonlinearity 

I.2.2.1 Weather chaos and the butterfly effect  

  One of the most famous examples of sensitivity to initial conditions was highlighted 

by meteorologist Edward Lorenz. He found that in his weather prediction models, even a 

tiny change in the initial data (down to the sixth decimal place) could lead to entirely 

different forecasts within just a few days. This phenomenon, known as the "butterfly effect," 

shows how a slight change in a nonlinear system can have enormous and unpredictable 

consequences, making long-term predictions very hard [3]. 

I.2.2.2 Nonlinearity in electrical and electronic systems 

   Electrical and electronic systems also contain many nonlinear behaviors. 

a- Chua's chaotic oscillator :  

 This is a classic example of a nonlinear system. A straightforward electronic circuit, 

made up of a few passive components and a single nonlinear component (Chua's diode), 



CHAPTER  I                                                     State of the art on neural networks for dynamic system 

7 

 

can generate complex and chaotic oscillatory signals. This circuit shows that even a simple 

nonlinearity is enough to create unpredictable behavior in a deterministic system. 

 

b- Saturation in machines and converters  

In power electronics and electrical engineering, magnetic saturation is a pervasive 

nonlinearity. In an asynchronous machine, the relationship between the excitation current 

and magnetic flux is linear only within a limited range. Once the ferromagnetic material 

reaches a certain point, it becomes saturated, and the machine's behavior changes suddenly. 

Likewise, in a power converter, when an inductor saturates, it can cause a rapid and 

dangerous increase in current, turning the system from stable to unstable [4-5]. 

 c- Behavior of semiconductor components  

 The most fundamental element of modern electronics, the transistor (or diode), has a 

current-voltage characteristic that is inherently exponential, and therefore strongly 

nonlinear. This nonlinearity is what allows amplification and switching, but it also makes 

the analysis and precise modeling of analogue circuits particularly complex.  

d- Nonlinearity in Photovoltaic (PV) Systems 

The reason photovoltaic (PV) systems are the focus of our thesis is their fascinating 

and complex nonlinear behavior. At its core, the nonlinearity comes from the exponential 

current-voltage (I-V) relationship within their P-N junctions. But what makes PV systems 

truly challenging is that this behavior isn't static. The I-V curve itself shifts constantly and 

unpredictably with changes in sunlight and temperature, a major hurdle for researchers in 

this field. For example, researchers such as May et al.[6] are designing sophisticated 

controllers for grid-connected photovoltaic systems specifically to manage the DC-link 

voltage fluctuations that arise directly from these changing conditions [6]. This dual 

nonlinearity, both internal to the device and dependent on its environment, makes the 

modeling, control (especially for maximum power point tracking, or MPPT), and fault 

diagnosis of photovoltaic systems extremely complex. It is precisely this complexity and 

the need to manage its impact on power quality and system stability that make photovoltaic 

systems an ideal case study for the advanced modeling approaches developed in this work. 

This strong and rich dynamic behavior causes complex challenges for control and 

prediction in many vital fields. For example, energy production systems, robotics, and 

financial markets rely heavily on accurate models to make good decisions and optimize 
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results. Because nonlinear dynamic systems show complex behaviors like multiple steady 

states, oscillations, and chaos, they need sophisticated modeling and estimation methods to 

accurately represent them in real-world situations As these systems are ubiquitous across 

various scientific and engineering domains, the development of reliable models is essential 

for improving performance and safety in real-world scenarios [7]. 

  These examples, whether from nature or technology, all point to the same conclusion: 

in nonlinear systems, minor variations can lead to significant and unpredictable changes. 

The main takeaway here is that nonlinearity is the rule, not the exception [1]. Because of 

this, standard linear methods are often not up to the task of modeling these systems. We 

need to turn to tools that are specifically designed to handle their complex and frequently 

surprising behaviors [8,9]. 

I.2.3  Principles of Dynamic System Modeling  

I.2.3.1 Defining the Modeling Process 

  Modeling a process consists of finding a mathematical description of its operation, which 

accounts for the relationships between its inputs and outputs. This explanation simply shows 

how what you put into the system (the 'inputs') links up with what you get out of it (the 

'outputs'). The exact kind of math description you end up with just depends on how you 

decide to define that connection. 

I.2.3.2 Classification of Models 

 To better understand the landscape of available models, it is helpful to classify them 

according to two fundamental axes: the nature of the knowledge used in their design, and the 

specific task they are built to perform. 

a - Classification According to Design Method  

  Models can be put into three main groups, depending on how they are built: 

- Knowledge Models (White Box):  

  These models are built when you have an obvious and deep understanding of how a 

system works from the inside... These equations tell us exactly how the system behaves. So, 

it's about understanding why things happen and putting that knowledge straight into the 

model [2],[10]. Their strength lies in their high interpretability and extrapolation 

capabilities, but they are often difficult to formulate and solve for complex systems. 
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-  Behavioral Models (Black Box)  

  In contrast, these models are created when you don't know what's happening internally 

within a system. You "train" the model to find the best numbers (parameters) to fit the 

observed data, without worrying about the underlying physical reasons [1,2,11]. This 

approach is highly flexible and powerful but often suffers from a lack of interpretability and 

a higher risk of overfitting. 

- Hybrid Models (Gray Box) 

   These models bridge the gap between "white box" and "black box" approaches. You 

can use what science already knows and also use real data to complete the missing parts or 

improve what you don't fully understand about the system [1,4]. This offers a practical 

balance, leading to models that are both more accurate than purely physical ones and more 

interpretable than purely black-box ones. 

 These three approaches are synthesized in Figure 1.1, which provides a conceptual 

representation of the various modeling approaches. While white-box models primarily draw 

upon an intrinsic understanding of the system and black-box models are built from statistical 

insights derived from data, gray-box modeling illustrates how these two methodologies can 

be combined. 

 

 

 

 

 

b- Classification Based on How Models Are Used  

  A model can be built to do one of two main things: it can act as a predictor or as 

a simulator. A predictor model works right next to your real system... A simulator, on the 

other hand, is a system that behaves like the real process but can run independently to test 

new control devices or to explore operating conditions that would be too expensive or 

dangerous to test on the real process [12,13]. In this thesis, we're developing models that can 

do both – they can predict future outputs and also simulate different scenarios. 

 

Figure I.1: Conceptual representation of various modeling approaches [10] 

 

Data 
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I.2.3.3 The Model Design Process 

 As we have seen, a wide variety of model types exist. The process of building a 

specific model for a given task can be broken down into two fundamental stages: structural 

design and parameter identification [12]. 

 The first stage is to select a plausible "hypothesis model." This involves making 

several key choices about the model's structure—such as whether it should be static or 

dynamic, linear or nonlinear, input-output or state-based—based on prior knowledge of the 

system's behavior. For instance, if precise physical laws are known, a white-box structure 

might be chosen; if not, a black-box approach becomes necessary [10]. 

  The second stage, known as identification, is to estimate the model's parameters. To 

find the best parameters, we use an optimization process driven by a learning algorithm [14]. 

The goal is to minimize a 'cost function'—a metric that quantifies the discrepancy between 

the model's output and the actual data. Ultimately, the quality of the final model hinges on 

three key factors: choosing the right hypothesis model, having access to rich training data, 

and using an effective learning algorithm [2]. 

I.2.3.4  Key Choices in Hypothesis Model Selection 

  Based on the design process described above, several critical choices must be made to 

define the hypothesis model. 

a- Static or Dynamic Model 

  A model is called 'static' if it just shows an instant connection between what goes in 

and what comes out. It's good for predicting steady situations, without worrying about time. 

But if a model uses equations that show how things change over time (like differential 

equations for continuous changes or recursive ones for step-by-step changes), then it's called 

'dynamic'. These models are all about how the system evolves [2,14,15].It is this second 

category that is of interest in this thesis. 

  A static model describes an instantaneous relationship, Generally, for a static system, 

the output y(t) at any given time t depends solely on the input u(t) at that same instant, 

expressible as : 
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y(t)=f(u(t))                                                                                            (I.1) 

where f is a function that defines this direct relationship. An example is Ohm's Law:  

U=R*I                                                     (I.2) 

In contrast, a dynamic model incorporates time-evolution. For a continuous-time system, 

this often involves differential equations:  

dy

dt
= f(y,u)                                                                          (I.3) 

Where y(t) represents the system's output variable or state at time t, u(t) is the system's input 

variable at time t, and f is the (often nonlinear) function that describes how the output 

variable evolves based on its current state and the input. 

For a discrete-time system, recursive or difference equations are used: 

yk+1=f(yk,uk)                                                                                                                     (I.4) 

Here, yk is the system's output variable or state at discrete time step k, uk is the input variable 

at time step k, and f is the (often nonlinear) function that determines the future state yk+1 

from the current state yk and the input uk. 

b- Linear or Nonlinear Model 

  Most real-world processes would require nonlinear models to be described accurately 

across their entire operating range. In contrast, linear models are only valid approximations 

within a more or less restricted domain. It is therefore crucial to build a nonlinear model that 

captures the system's dynamics, not only around its usual operating points but also during 

transitions from one operating point to another [14]. 

c- Input-Output or State-Space Representation  

 To model a dynamic system, we can act like two different kinds of observers. The first 

approach, the input-output model, is like a pure "black-box" observer. It doesn't care what's 

happening inside the process (system) studied; it simply tries to find a rule, h that connects 

what went in (past inputs and outputs) to what comes out (the next output). Its general form 

can be written as : 
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yp(k)=h(yp(k-1),…,yp(k-n),u(k),…u(k-m),b(k),…b(k-p))                                           (I.5) 

Where : 

h :is a nonlinear function, n  and m: are the orders of the model, and b(k) represents noise. 

 The alternative, the state-space model, is more like a mechanic. It assumes there's an 

internal "state,"  x(k), that we can't see directly. The goal is then to figure out two things: 

first, how the state changes from one moment to the next, and second, how that internal state 

produces the final output we see. 

A State Equation, which describes how the internal state evolves over time: 

xp(k+1)=f (xp(k),u(k),b1(k))                                                                 (I.6) 

An Observation Equation, which describes how the observable output is generated from the 

current state: 

yp(k)=g (xp(k),u(k),b2(k))                                                                            (I.7) 

 The objective of system identification in this framework is to find suitable 

approximations for the two nonlinear functions,f and g [2], [14]. As will be explored 

throughout this thesis, state-space models can often lead to more compact and robust 

predictors than their input-output counterparts. 

I.2.4 The Limits of Traditional Models for Nonlinear Dynamics 

  In engineering, we have standard ways of building models, but they run into major issues 

when dealing with complex, nonlinear systems. These approaches typically fall into two 

main groups: 'white-box' models, which are created from the laws of physics, and statistical 

models, which are based on analyzing past data. 

I.2.4.1. Models Based on Differential Equations (The "White-Box" Approach) 

  The conventional approach to modeling physical systems is through differential 

equations. By applying first principles—such as the laws of mechanics or 

electromagnetism—a "white-box" model can be constructed to describe the system's 
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evolution. So, this model's ability to predict things relies entirely on whether we can solve 

those equations. However, this method frequently runs into some significant difficulties: 

a- The Challenge of Finding an Exact Solution 

  For linear systems, solutions are often well-defined. But for nonlinear systems, 

finding an exact, analytical solution is rarely possible, usually becoming an intractable 

problem [16]. So, we have to turn to numerical methods instead. But these can cost a lot in 

computer power, and even tiny changes at the very beginning can make a big difference in 

the results. 

b- The Compromise of Linearization 

  A common practice to manage this complexity is to linearize the model around a 

specific operating point. While this technique works for looking at local stability or 

designing controls, it just can't show the system's full, complex overall behavior. It masks 

the very essence of nonlinearity, such as limit cycles, bifurcations, and chaotic attractors [3]. 

c- Practical Difficulties in Formulation:  

 Furthermore, building a complete physical model can be prohibitively complex if the 

system's physics are not fully understood or if specific effects (like friction, thermal drift, or 

component aging) are hard to formalize mathematically. In many industrial settings, creating 

a comprehensive "white-box" model is simply unfeasible [12]. 

I.2.4.2 Statistical Time-Series Models (The "Linear Black-Box" Approach) 

  When a white-box model is not viable, engineers turn to statistical models that treat 

the system as a "black box." Among these, the ARMA (AutoRegressive Moving Average) 

family and its derivatives are benchmark tools for time-series analysis [17,18]. You'll find 

these models work well for linear systems, but they come with a couple of very rigid 

assumptions, and those often don't fit what happens in the real world: 

a-   The Linearity Assumption 

  These models presuppose that the current output is a linear combination of past inputs 

and outputs. They struggle to model real-world scenarios where behaviors are nonlinear, for 

instance, when a component reaches its operational limit (saturation), a 

system's behavior shifts suddenly instead of smoothly, or a variable begins to increase at an 

exponential rate [18]. 
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b- The Stationarity Assumption  

 They also assume that the statistical properties of the time series—such as its mean and 

variance—remain constant over time. This is often untrue in practice. Transient behaviors, 

shifting operating conditions, or component aging introduce non-stationarity that ARMA 

models cannot handle natively without complex data preprocessing [19]. 

 These fundamental limitations highlighted the need for a more flexible approach. The 

advent of deep learning has provided powerful alternatives to overcome the linearity and 

stationarity assumptions of classical time-series models [20]. 

I.3 Sequential classification and its applications 

I.3.1. Definition  

  A sequential or temporal classification problem is all about assigning a class 

label to an entire data sequence or each of its individual parts. What's absolutely key is that 

the order of the data matters a great deal, because it contains vital information for making a 

good decision. Unlike static classification, where data is handled one by one (like classifying 

a picture), sequential classification is used for time-dependent data such as time series or 

signals [21,22]. 

I.3.2 Applications of Temporal Classification 

 The way we understand a sentence is all about the order of the words. The same is true 

for many real-world systems; their data has to be seen as a sequence to be understood. This 

is what temporal classification is all about—it's a technique used widely in science and 

industry to find patterns in data that has a specific order. 

Let's look at a few examples: 

a- Medical Diagnostics 

   Doctors use this to analyze ECG signals and tell if a heartbeat is 'normal' or 

'arrhythmic'. Instead of just looking at one part of the signal, new methods like the one from 

Chen et al. [23] can cleverly pay attention to multiple parts of the signal at once, which 

helps make a much more accurate diagnosis. 
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b- Industrial Fault Detection 

  This helps figure out if a machine is running normally or about to break down, just 

by listening to its vibrations [24]. The cool part is that modern techniques using deep 

learning can learn what a "bad" vibration sounds like on their own, directly from the data, 

giving an earlier warning than older methods. 

c- Speech Recognition 

  This is how our phones and smart speakers understand us. Early on, researchers like 

Hinton and Graves [25] showed that a special type of network, a deep RNN, was amazing at 

this. It's because these networks have a kind of memory that helps them understand the 

context of a whole sentence, not just individual words.  

 These same concepts are key to my thesis, especially since in electronics and electrical 

engineering, we're constantly working with signals that change over time. Here's how these 

ideas apply directly to our field: 

d- Fault Diagnosis in Electrical Machines:  

  A prevalent method is Motor Current Signature Analysis (MCSA). As the review by 

Benbouzid [26] explains, the idea is to look at the electrical current of a motor like a sound 

signature. When something is wrong, like a broken part, it adds tiny, specific "notes" (or 

harmonics) to this signature that we can detect. 

e- Condition Monitoring:  

 Instead of just one sensor, we now often use data from several (like temperature, 

vibration, and current) to get a complete picture of a machine's health. The work by Mariani 

et al. [27] shows how we can combine all this sensor data to decide if a system is healthy, 

getting old, or in immediate danger. 

f-Anomaly Detection in Electronic Circuits:  

 Manually checking circuit signals on an oscilloscope for tiny problems is slow, and 

you can miss things. That's why researchers like Narra et al. [28] are using networks with 

memory (LSTMs) to scan these signals automatically. The network learns to spot tell-tale 

signs of trouble, like weird oscillations, much faster and more reliably than a human can. 
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g-Fault Detection in Photovoltaic (PV) Systems:  

  This is a crucial application, as faults in PV arrays (like shading, short circuits, or 

degradation) can significantly reduce energy production. Researchers are developing robust 

methods, such as hybrid approaches combining signal processing (like DWT) with deep 

learning models (like BiLSTM), to automatically classify the operational state of PV 

systems from their voltage and current data [29]. 

I.3.3 Classical Approaches and Their Limitations 

 For a long time, the field of temporal classification was shaped by a handful of 

classical methods. These were the workhorses of early research, proving very effective, 

especially when the data was relatively clean. Their main weakness, however, became 

apparent when they were applied to real-world problems, where signals are often complex 

and noisy. Two of the most common approaches, HMMs and SVMs, particularly illustrate 

these shortcomings. 

I.3.3.1 The Probabilistic Approach: Hidden Markov Models (HMMs) 

 Many real-world systems reveal only their outputs, not the internal mechanisms. 

Hidden Markov Models (HMMs) were developed to solve this kind of issue. An HMM is a 

statistical framework that allows us to work backward, inferring the most likely sequence of 

hidden, unobservable states that could have generated the sequence of data we see. Rabiner's 

foundational tutorial provides a detailed mathematical explanation of this inference process 

[30]. This made HMMs the go-to technology for applications like speech recognition for 

decades. However, HMMs are constrained by two critical limitations. 

 To make the math manageable, HMMs rely on a simplifying rule known as the 

'Markov assumption': the idea that the future only depends on the present, not the entire 

past. While this makes the model efficient, it comes at a steep price. The model is left with a 

very short memory, rendering it unable to learn from long-range dependencies in the data. 

Second, HMMs perform poorly with raw, messy data. They require a careful and time-

consuming pre-processing step known as "feature engineering" to extract the most 

essential features from a signal, and the model's overall performance is heavily dependent on 

the quality of this manual extraction. 

 



CHAPTER  I                                                     State of the art on neural networks for dynamic system 

17 

 

I.3.3.2 The Static Classifier Workaround: Support Vector Machines (SVMs) 

  Another powerful classical method is the Support Vector Machine (SVM), introduced 

by Cortes and Vapnik as a classifier for individual, independent data points [31]. Being 

inherently non-sequential, applying an SVM to time-series data requires a workaround. 

The standard "trick" is to convert each sequence into a single, fixed-size feature vector by 

calculating summary statistics like its average, maximum, and standard deviation. 

 This approach, however, introduces its fundamental flaws. The most significant is 

the destruction of temporal information; by "squashing" the sequence into a single 

vector, all the crucial information stored in the order and timing of the data is lost. 

Furthermore, just like with HMMs, the model's success is entirely dependent on manual 

feature extraction. The model doesn't learn from the sequence itself, but only from the 

statistical features that the user has chosen to represent it. 

 Ultimately, both HMMs and SVMs were missing two key ingredients for handling 

real-world sequences: a way to manage long-term memory and the ability to learn directly 

from raw data. This created a clear opening for a new class of models. Neural networks, 

especially those with a recurrent design, were developed specifically to provide these 

missing capabilities [32]. Early work on Time-Delay Neural Networks (TDNNs) already 

showed the promise of using neural architectures for sequential tasks like phoneme 

recognition [33]. 

I.4 Neural Networks as a solution: From Static to Dynamic  

I.4.1. Introduction to Artificial Neural Networks 

  Given that both physical (white-box based on differential equations) and linear 

statistical models (like ARMA) often prove inadequate for elegantly handling complex 

nonlinear dynamics, Artificial Neural Networks (ANNs) have emerged as a highly 

promising alternative. Thanks to their inherent ability to capture complex correlations 

between inputs and outputs, as well as their universal approximation power for nonlinear 

functions, neural networks have established themselves as a highly effective tool for 

modeling a wide variety of dynamic systems [20]. These models, inspired by the human 

brain, learn directly from data to model complex nonlinear relationships for tasks like 

classification and prediction .This flexibility proves particularly valuable where traditional 
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approaches struggle to account for the inherent complexities of real-world temporal 

processes. Among the various ANN architectures, the most classic and foundational 

example in this context is the Multi-Layer Perceptron (MLP). 

I.4.2 The Multi-Layer Perceptron (MLP): A first neural approach 

 An MLP is fundamentally a 'feedforward' network. This architectural design simply 

means that information flows unidirectionally: it starts at an input layer, progresses through 

one or more hidden layers where computations are performed, and finally reaches an 

output layer. This simple yet powerful structure is illustrated in Figure 1.2. 

 The figure illustrates the basic architecture of an MLP, showing the input layer 

receiving signals x1,x2,…,xn with synaptic weights w, a hidden layer where the signals are 

summed (∑) and passed through an activation function, and finally an output layer 

producing the result Y based on the hidden layer's output w and a bias w0). 

 

 

 

 

 

 

 

 

 

 

 

 

I.4.2.1 Mathematical Formulation 

 To understand its operation, a mathematical formulation is essential. Each neuron in 

the network processes its inputs by computing a weighted sum, adding a bias, and then 

applying a nonlinear function called an activation function. 

Each neuron performs three main steps: 

 

Figure I.2: Schematic Representation of a Multi-Layer Perceptron (MLP) 

with a Single Hidden Layer. 
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a- Weighted sum of inputs plus bias  

For the neuron j in the hidden layer, the total input signal uj is calculated by multiplying 

each input xi by its associated weight wji, then summing all these, and finally adding a 

bias term bj : 

 

uj=f(∑ wji
Nin
i=1 xi+bj)                                                                                                            (I.8) 

Where: 

xi : are the inputs to the network . 

wji : are the weights from input i to neuron j in the hidden layer. 

bj :  is the bias of neuron j. 

Nin : is the total number of inputs. 

 The activation function f(.),  is critical, as it introduces the nonlinearity that allows the 

network to learn complex patterns. Common choices, include the sigmoid function, which 

squashes values between 0 and 1; the hyperbolic tangent (tanh), which outputs values 

between -1 and 1; and the computationally efficient ReLU (Rectified Linear Unit). 

b- Applying a nonlinear activation function: 

 To introduce non-linearity, the neuron passes this sum uj through an activation 

function f, such as sigmoid, tanh, or ReLU:     

 
Nin

j j ji i j

i=1

h =f u =f w x +b
 
 
 
                                                                                          (I.9) 

    The output hj : is the activated value from neuron j. 

c- Calculating the output layer: 

  The final output Ok of the network’s output neuron k is a weighted sum of all hidden 

neuron outputs hj, plus a bias Z0k, passed through another activation function g:          

Nh Nin

k kj ji i j 0k

j=1 i=1

O =g Z .f w x +b +Z
  
  

  
                                                                        (I.10) 

Where: 

Zkj :is the weight from hidden neuron j to output neuron k, 

Z0k :is the bias of output neuron k, 
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Nh :is the number of neurons in the hidden layer. 

f and g : the activation functions for the hidden and output layers, respectively. 

Ok: the k-th output of the network. 

xi: the i-th input of the network. 

wji: the connection weight between input i and hidden neuron j. 

I.4.3  Architectural Evolution: From Shallow to Deep Networks 

 We can think of the basic single-hidden-layer MLP as the foundation upon which 

more complex neural architectures are built. Because of its limited depth, this foundational 

design is fittingly called a "shallow network". As we will discuss, its strength lies in its 

ability to approximate static nonlinear functions [34], but its crucial limitation is a static, 

memoryless nature that makes it ill-suited for modeling systems with temporal 

dependencies. 

 

 

 

 

 

 

 

 The next logical step in the evolution of these networks was to increase their depth. 

This led to the development of "deep neural networks" (DNNs) [35]. As illustrated in 

Figure 1.3, a deep neural network is conceptually simple: it is an MLP that contains 

multiple hidden layers stacked one after another. 

 

Figure I.3: Architectural Evolution from a Simple MLP to a Deep Neural Network [1]. 
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 In contrast to a shallow network, a deep neural network employs its multiple hidden 

layers to learn a hierarchy of features. This multi-layered structure enables a hierarchical 

learning process, where the network builds complex representations by composing simpler 

patterns learned in its earlier layers. This ability to automatically learn a deep hierarchy of 

features is the key reason why DNNs excel at difficult tasks, such as those found in 

computer vision [36]. By the time we reach the final layers, the network is capable of 

recognizing highly abstract concepts, a capability that has revolutionized fields like 

computer vision. 

 However, it is critical to understand that this evolution in depth does not address the 

problem of temporal dynamics. Increasing the number of hidden layers makes an MLP a 

more powerful static function approximator, but it remains fundamentally static and 

memoryless [37]. The challenge of modeling time-based relationships requires a different 

kind of architectural evolution, which we will address after discussing the MLP's 

limitations in more detail. 

I.4.4 The Learning Process in Neural Networks 

 The defining characteristic that sets neural networks apart is their ability to "learn" 

from data. In this context, learning is the process by which the model methodically adjusts 

its vast number of internal parameters—the synaptic weights and biases—to progressively 

build a better representation of the relationship between input data and the desired 

outputs [38]. The goal is to reduce the error between the predicted results and the actual 

values found in the dataset. This learning process is inspired by how the human brain 

adapts and improves through experience, helping the network get better over time. 

 In a more formal way, we consider a training set {xk,yk
p
}
k=1

N
 

where xk is the input vector at time step k, and yk
p
 is the observed output. The learning task 

is then to find the best parameters θ of a candidate function ψ(x,θ) that minimizes a cost 

function, usually the sum of squared errors: 

                                                                      

    
2

1

,
N

p

k k

k

j y x  


                                                                                        (I.11) 
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 This cost function tells us how well the model predictions match the real data, and 

minimizing it is the heart of the learning process. 

I.4.4.1  Foundational Concepts: Loss Function and Optimization 

 At the core of this learning process lies the concept of a loss function (also called an 

error or cost function). This function serves as a quantitative measure of how "wrong" the 

model's predictions are. When a prediction results in a high loss, it indicates the model 

performed poorly, whereas a low loss reflects good performance. The Mean Squared Error 

(MSE) is a commonly used and reliable loss function for regression problems. It measures 

the average squared distance between what the model predicts and the actual values for all 

the data points. More than just a number, this error guides the learning process by showing 

how the network should adjust its internal settings to fit the data better. 

Optimizing this cost function involves using methods called first-order or second-order: 

 First-order methods only use the gradient ∇ J(θ) to update the parameters, following this 

general rule:                                                 

 k+1 k 2

kθ =θ -μ J θ                                                                                                     (I.12) 

Where μk is the learning rate, this learning rate can be fixed or changed over time to speed 

up learning and avoid getting stuck near the minimum. 

 Second-order methods also make use of the Hessian matrix H(θ)=∇2J(θ)   which 

contains second derivatives and assists in determining more precise directions and step 

lengths for updating the parameters.         

   k+1 k -1 kθ =θ -H θ J θ                                                                                              (I.13) 

  However, calculating and inverting this matrix can be expensive, so quasi-Newton methods 

like BFGS or Levenberg-Marquardt approximate it to save time and still get good results. 

I.4.4.2  Paradigms of Learning 

The strategy used to guide this minimization process depends on the nature of the data and 

the problem at hand. In machine learning, there are several distinct learning 

paradigms [39]: 
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 Supervised Learning: This is the most prevalent paradigm for the modeling and 

classification tasks. The network is trained on a "supervised" dataset, where every 

input sample X is paired with a known, correct output or label Y. The network's task 

is to learn the underlying mapping function f: X→Y. 

 Unsupervised Learning: In this case, the training data is unlabeled. The algorithm 

must explore the data on its own to discover hidden patterns, structures, or clusters. 

This is useful for tasks like customer segmentation or anomaly detection. 

 Semi-supervised Learning: Acting as a bridge between the two, this approach 

leverages a small amount of labeled data alongside a large amount of unlabeled data. 

It has become increasingly important in domains where data is plentiful, but labeling 

it is a costly and time-consuming bottleneck [40]. 

 Reinforcement Learning: Here, a model (or "agent") learns through trial and error 

by interacting with a dynamic environment. Instead of explicit labels, it receives 

feedback in the form of rewards or penalties. The agent's goal is to learn a sequence 

of actions—a policy—that maximizes its cumulative reward over time, a framework 

particularly suited for robotics and game playing [41]. 

I.4.4.3  The Backpropagation Algorithm: The Engine of Supervised Learning 

 For feedforward networks like the MLP, the workhorse algorithm for supervised 

learning is backpropagation, famously popularized in a seminal paper by Rumelhart, 

Hinton, and Williams [42]. This algorithm provides a computationally efficient method to 

calculate the gradient of the loss function concerning every single parameter in the 

network, making learning in even very deep networks feasible. The process can be broken 

down into a repeatable cycle: 

a-Forward Pass: The network receives an input (or a small batch of inputs) that moves 

forward layer by layer. Each neuron calculates a weighted sum and applies its activation 

function until the final output Ỹ is generated. 

b-Loss Computation: The error is calculated using the loss function. For regression, the 

MSE is:            

 
N 2

i i

i=1

1
E= Y -Y

N
                                                                                                      (I.14) 
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c-Backward Pass (Backpropagation): This is the core of the algorithm. The calculated 

error is propagated backward through the network, from the output layer to the input layer. 

Using the chain rule of calculus, the algorithm efficiently computes the partial derivative of 

the error concerning each weight and bias ( ) .  This gradient tells us how a slight 

change in a specific weight would affect the total error. 

d-Weight Update: The weights are then adjusted in the direction that minimizes the error, 

specifically, in the opposite direction of their calculated gradient. The simplest update rule 

is: 

k+1 kw =W -η   E                                                                                                       (I.15) 

Where η is the learning rate. 

These steps correspond to the iterative algorithm where: 

- At every iteration k, the weights and biases are updated by applying the gradient 

derived from the current input, demonstrating how the learning progresses gradually. 

- The sigmoid function is commonly chosen as an activation function because its 

derivative is simple to evaluate, which makes computing gradients more efficient : 

            

        x

1
f x = ;    f x =f x 1-f x

1+e
                                                                        (I.16) 

 Backpropagation uses the chain rule to compute all the necessary derivatives for 

updating weights, ensuring efficient decrease of the cost function. 

This process repeats until the average error over all data is low enough, or the gradients get 

close to zero, meaning the algorithm has found or is near a minimum. 

 This cycle of forward pass, loss calculation, backward pass, and weight update is 

repeated over many thousands or millions of examples for many iterations, called epochs. 

The choice of the learning rate,  

 It is critical: if it's too high, the learning process can become unstable and overshoot 

the optimal solution; if it's too low, the training can be extremely slow or get stuck in a 

suboptimal solution. 
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e-Regularization and Optimization 

 This entire iterative process is managed by an optimization algorithm, such as 

Stochastic Gradient Descent (SGD) or more advanced adaptive methods like Adam, until the 

model's performance on a separate validation dataset stops improving. Overfitting occurs 

when a model simply remembers its training examples rather than generalizing patterns. To 

prevent this, regularization is crucial. Dropout is a popular technique that helps by randomly 

dropping neurons during training, which forces the network to develop diverse and stronger 

features [43-44]. 

 Using adaptive optimization algorithms like Adam lets us automatically adjust the 

learning rate η, based on how the error changes locally, making learning more stable and 

faster. Dropout regularization works by randomly disabling some neurons during training, 

which stops them from becoming too dependent on one another and helps the model 

generalize better to unseen data 

I.4.5  Challenges and limitations inherent in using MLPs in a sequential approach  

 An MLP is comparable to a high-powered camera that captures detailed, static 

snapshots of data. However, because of its feedforward structure, it has no built-in memory 

of past inputs. In other words, it cannot naturally perceive the entire “movie” — the history 

and temporal dynamics of a system — without an external workaround. This fundamental 

limitation poses significant challenges when applying MLPs to sequential or time-

dependent data. 

 This section highlights the main obstacles encountered when using fixed external 

memory architectures, such as Multilayer Perceptrons (MLPs) with sliding windows, in 

modeling complex dynamic systems. Before introducing architectures with integrated 

memory, it is crucial to fully understand the fundamental limitations of so-called 

“memoryless” models and the trade-offs imposed by their workaround solutions. Here, we 

present the critical issues that hinder flexibility, robustness, and learning capacity over long 

temporal dependencies, especially in the context of static models applied to sequential 

data. These challenges emphasize how hard it is to find the right balance between memory 

capacity, computational cost, and learning performance in traditional models, which is why 

better-suited dynamic architectures have been developed. 



CHAPTER  I                                                     State of the art on neural networks for dynamic system 

26 

 

I.4.5.1 The "Sliding Window" Technique 

 The easiest way to help an MLP work with sequential data is to use the 'sliding 

window' method. This means adding a fixed number of previous inputs and/or outputs to 

the network's input at each step. By doing this, a problem that changes over time becomes 

a regular, static regression problem. 

 This technique is the basis for several classic architectures, including Time-Delay 

Neural Networks (TDNN) [45] and MLP-based NARX models [46]. The principle of the 

NARX (Nonlinear Autoregressive with eXogenous Inputs) model is illustrated in Figure 

I.4. 

  

 

  

 

 

 

 

 

 

 

                 

  

 The diagram shows how a window of past input values (u) and past output values (y) 

is used as a single input vector to predict the future output. Using past outputs as inputs 

acts like an external memory for the model. 

 What really makes the NARX model special is its feedback loop. As the diagram 

shows, it doesn't just consider past inputs (u), but also its previous predictions (y). By 

feeding its earlier outputs back into its input, the model creates an artificial form of memory 

outside its core structure.. This is the distinctive trick that allows a static MLP to model 

dynamic behavior. 

 To be more specific, the input vector X(k) for this setup is built like this [2]: 

                                 

           
T

u yx k = u k ,u k-1 ,…,u k-n +1 ,y k-1 ,…,y k-n +1 
                                    (I.17) 

Figure I.4 : Principle of the NARX Architecture for Dynamic Modeling [2] 
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 The sliding window approach fundamentally changes the way sequential data is 

handled by framing the time-dependent problem into a supervised static learning problem, 

where each input contains a fixed history length of observations. This makes the approach 

versatile and compatible with various classical machine learning algorithms, including 

MLPs, but also simpler models like linear regression or decision trees when appropriate. 

Because the window 'slides' forward step-by-step over the data sequence, it provides 

overlapping segments of past states and outputs to the model, enabling it to consider 

temporal context up to the window size implicitly. 

 This method is effective and straightforward, with built-in tools available in most 

programming languages to create sliding windows from time series efficiently. 

I.4.5.2  Critical Drawbacks of the Workaround 

  However, this workaround introduces critical drawbacks: 

 The Curse of Dimensionality: When the memory window gets longer, the input size 

expands a lot. This causes a big jump in the number of parameters the model has to learn, 

needing more data and increasing the chance of overfitting, as well as the computing time 

[47]. 

 A Fixed and Arbitrary Memory: The model's "memory" is rigidly constrained by the 

window size, which must be defined a priori. This makes it challenging to capture 

dependencies over long time scales without using a prohibitively large and inefficient 

window. 

 High Computational Cost: For long sequences, training MLPs with many delayed 

inputs becomes computationally intensive. Several studies indicate that the method can 

quickly become computationally heavy when handling long-duration memory [15]. 

  Furthermore, the sliding window method fails to naturally capture long-range temporal 

dependencies that may exceed the predefined window size, which is a critical limitation in 

many real-world dynamic systems exhibiting slow or complex temporal dynamics. 

  Additionally, selecting the window length requires balance, too short, and it may fail 

to capture key historical details; too long, and it can raise computational complexity and 

bring in unnecessary or noisy data that complicate training. With memory external and 

predefined, this architecture struggles to handle sequences with varying time dependencies 
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or new input patterns dynamically. As a result, it is less flexible and less efficient than 

models that include memory within their structure [48]. 

  In general, while the MLP solves the nonlinearity problem, it fails to address the 

challenge of dynamics elegantly. This fundamental gap—the need for a model with intrinsic 

memory—paved the way for the development of architectures explicitly designed for 

sequential data: Recurrent Neural Networks (RNNs), which will be the focus of the next 

section. 

I.5 Focus on the case study: the photovoltaic system as a complex 

nonlinear system 

I.5.1 A Brief History and the Growing Importance of PV Systems 

 The story of the photovoltaic (PV) effect began in 1839 with the French physicist 

Edmond Becquerel, who first observed that certain materials could produce an electric 

current when exposed to light. However, it remained a scientific curiosity for over a century 

until the development of the first practical silicon solar cell at Bell Labs in 1954. This 

breakthrough marked the true birth of modern solar power technology. 

 For decades, the high cost of PV cells confined their application mainly to specialized 

areas like providing power to satellites in space or remote off-grid installations. But in recent 

years, driven by a combination of technological advances, economies of scale, and a 

growing global urgency to address climate change, solar energy has undergone an explosive 

transformation [1]. 

 Today, photovoltaic systems are no longer a niche technology; they are a central pillar 

of the global energy transition [47]. The rapid growth of solar power capacity around the 

world shows how important it is for reducing carbon emissions. But this growth also brings 

a new challenge: making sure these large solar farms run as efficiently, reliably, and safely 

as possible. 

 As solar power is becoming a bigger part of the electrical grid, any sudden drop in 

energy from a big solar farm due to a hidden problem can affect the whole grid’s stability. 

Therefore, the ability to accurately model PV systems and to diagnose their faults in real-

time is not just an engineering problem—it is a fundamental requirement for the success of 
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our future energy infrastructure [49]. This is the practical context that motivates the research 

presented in this thesis. 

I.5.2 The Photovoltaic Cell: From Physics to the I-V Characteristic 

I.5.2.1 The Photovoltaic Effect 

 At its most basic level, a photovoltaic cell works by harnessing the photovoltaic effect, 

a physical and chemical phenomenon that occurs in semiconductor materials. A solar cell is 

essentially a large P-N junction diode. When photons of light with sufficient energy strike 

the semiconductor material, they can knock electrons loose, creating "electron-hole" pairs. 

 Due to the internal electric field present at the P-N junction, these freed electrons are 

swept to the N-side and the holes are swept to the P-side. This separation of charge creates a 

voltage difference across the cell. If an external circuit is connected, this voltage will drive a 

current, thus generating electrical power. 

I.5.2.2 The I-V Characteristic: The Cell's "Fingerprint" 

 The fundamental electrical behavior of a PV cell is described by its current-voltage (I-

V) characteristic curve. This curve, as shown in Figure I.5, is the "fingerprint" of the cell's 

performance under specific conditions of irradiance and temperature. It shows the amount of 

current (I) the cell will produce for a given voltage (V) across it. 

There are several key points of interest on this curve that define the cell's performance: 

 Short-Circuit Current (Isc): This is the maximum current the cell can produce, found 

at the point where the voltage is zero. Isc is almost directly proportional to the solar 

irradiance. 

 Open-Circuit Voltage (Voc): This is the maximum voltage the cell can produce, 

found where the current drops to zero. V_oc is primarily influenced by the cell temperature. 

 Maximum Power Point (MPP): The power produced by the cell at any point on the 

curve is simply P = V * I. There is a unique point on the "knee" of the curve where this 

power is maximized.This point is called the Maximum Power Point (MPP), and the 

corresponding voltage and current are denoted V_mpp and I_mpp. Operating the cell at this 
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point is the goal of all MPPT controllers. This I-V curve is highly nonlinear and changes its 

shape dramatically with fluctuations in irradiance and temperature, which is the root of the 

modeling challenge. 

 

 

 

 

 

 

  

 

 

I.5.3 Modeling the PV Generator: The Limits of "White-Box" Models 

 The primary approach to modeling a PV cell based on its underlying physics involves 

using "white-box" equivalent circuits. The single-diode model (SDM), illustrated in Figure 

I.6(a), is the most widely used starting point [98,100]. 

 In this representation, the PV cell is modeled as a current source (Iph) that generates 

power from incident light, combined with a diode (D) and two parasitic resistances 

representing real-world losses: the series resistance (Rs) and the shunt resistance (Rsh). Its 

behavior is characterised by a five-parameter vector θ: 

           0ph
θ I ,I ,V ,R ,Rt s s                     (I.18) 

These parameters are used to describe the cell's behavior in the following equation:                    

    s s0 sh
I I I * exp V I*R / V 1 V I*R / Rtph

 
  

                                           (I.19) 

Figure I.5 : A typical I-V characteristic curve of a photovoltaic cell. 
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 However, this conventional model has a significant limitation. While it performs 

accurately under normal operating conditions, it fails to account for behavior in reverse 

bias—a frequent occurrence during partial shading [50,51]. To address this, the Bishop 

model was developed [100]. 

As shown in Figure I.6(b), the Bishop model introduces a non-linear term to represent 

the avalanche breakdown effect [99, 100]. This adds three new parameters: the breakdown 

voltage (Vbr) and two adjustment coefficients (m and k). The updated parameter vector 

Φ becomes: 

      0Φ I ,I ,V ,R ,R , , ,st brph sh
V a m                          (I.20)                              

 By adding the breakdown term to the single-diode equation, we get the new, more 

comprehensive Bishop model equation:   

 
   ss

ph 0

V I*R *V I*R
I I I * exp 1 * 1 * 1

m

s

t sh br

V I R
k

V R V

      
          
       

               ( I.21)  

Where [100] 

 Iph (Photocurrent): The equivalent current produced by the cell, which is directly 

proportional to the incident solar irradiance. 

 I0: The reverse saturation current of the diode. 

 Vt=(a.kb.Tc/q) (Thermal voltage): This voltage depends on the cell temperature 

(Tc), where: 

o a is the diode ideality factor (ranging from 1 to 2); 

o kb  is the Boltzmann constant (1.38×10
−23

 J/K); 

o q is the electron charge (1.602×10
−19

 C). 

 Rs: The series resistance of the cell. 

 Rsh: The shunt (parallel) resistance of the cell. 

 k:  Bishop fraction coefficient (typically around 0.1). It represents the fraction of the 

shunt current involved in the breakdown. 

 m: Bishop avalanche exponent (typically between 3.4 and 4). it governs the non-

linearity of the curve in reverse bias. 

 Vbr: The breakdown voltage of the cell (typically ranging from -10 V to -30 V). 
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The Challenge of Parameter Estimation : Herein lies the primary challenge of the "white-

box" approach. These five parameters are not constants. They depend heavily on the 

environmental conditions (irradiance and temperature) and the physical state of the cell (e.g., 

degradation over time). 

Accurately estimating these parameters from datasheets or experimental data is a notoriously 

difficult and often unreliable optimization problem. Many different methods have been 

proposed, but finding a set of parameters that works well across all operating conditions is a 

significant hurdle. 

 The Limits in Real-World Conditions :Even more importantly, while the single-diode 

model works reasonably well for a single, healthy cell under uniform conditions, it struggles 

to represent the complex behaviors of a real-world PV module or array, especially when 

faults are present. 

 For example, modeling the effect of partial shading requires complex modifications, 

often involving multiple interconnected diode models, which makes the parameter 

estimation problem even harder. Similarly, modeling the effects of degradation or other 

physical faults is not straightforward. 

 Our motivation comes from the limits of physically detailed models. They give good 

insight but are often too heavy to work with in real-time problems. Instead, black-box 

methods, which figure out how things work by looking at data rather than equations, have 

become a smart way forward. 

(a) (b) 

Figure I.6: Equivalent circuit models for a PV cell. (a) The standard single-diode model. 

(b) The Bishop model, which adds a term for avalanche breakdown [100]. 
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I.5.4 The Challenge of Fault Diagnosis in PV Systems 

 While a perfect model can describe a healthy PV system, the real-world challenge lies 

in understanding and identifying its behavior when things go wrong. As detailed in 

comprehensive reviews on the topic [1,50], fault diagnosis is a critical task for several key 

reasons. 

I.5.4.1 Why Fault Diagnosis is Crucial 

Undetected faults in a PV system are a serious concern because they can lead to significant 

consequences: 

 Production Losses: Even minor faults can lead to a substantial loss of energy 

production over time, directly impacting the economic viability of the plant. 

 Increased Maintenance Costs: Faults that are not identified and localized quickly 

can lead to more severe damage, requiring more expensive and complex repairs. 

 Safety Risks: Certain faults, like poor isolation or short-circuits, can pose serious 

safety risks, including the danger of fire. 

The development of automated and reliable diagnostic methods is therefore essential for the 

operation of modern PV systems. 

I.5.4.2 A Catalogue of Common PV Faults 

 Photovoltaic systems can experience many different types of faults, which can be 

broadly categorized as intrinsic (related to the hardware itself) or extrinsic (caused by 

external factors). As catalogued in numerous studies [51], some of the most frequent and 

impactful faults include: 

 Partial Shading: This is one of the most common and damaging conditions. When 

even a small part of an array is shaded (by a tree, a building, or even just dirt), the affected 

cells can stop producing power and start acting like resistors. This not only causes a 

dramatic drop in power but also creates "hot spots" that can permanently damage the cells. 

This fault creates a highly distorted I-V curve with multiple power peaks, making both 

MPPT and diagnosis very challenging. 
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 Increased Series Resistance (ISR): This fault is often a sign of degradation, caused 

by issues like corrosion at the interconnections between cells. It reduces the overall 

efficiency of the module by dissipating more power as heat. 

 Bypass Diode Faults: Bypass diodes are safety devices designed to protect the system 

during partial shading. However, they can fail, either by short-circuiting or by developing a 

faulty impedance. A failed diode can render a whole section of a module useless or even 

dangerous. 

 Module-Level Faults: These include more severe issues like the short-circuiting of an 

entire module or physical damage like cracks, which can be caused by environmental 

stress. 

I.5.4.3 Traditional Diagnostic Approaches and the Power of I-V Curve Analysis 

 Traditionally, fault diagnosis in photovoltaic systems has relied on a combination of 

approaches such as manual inspections and the evaluation of the electrical output signals 

from the solar array. Although these methods can detect many common problems, they 

frequently miss subtle or intermittent faults that do not always present clearly. This issue 

underscores the necessity for more advanced diagnostic techniques. 

 In this context, leveraging the complete current-voltage (I-V) characteristic curve 

offers a more robust approach to fault diagnosis. Since each fault type imposes a unique and 

identifiable 'fingerprint' on the curve’s trajectory, this method enables the detection and 

differentiation of defects that might otherwise remain latent. 

However, the main challenge is to accurately extract and interpret the fault patterns hidden 

in the I-V data. This task is intricate and requires advanced, data-driven analytical 

approaches. Chapter IV of this thesis is dedicated to developing and implementing such 

cutting-edge methods to fully harness the diagnostic potential of I-V curve analysis. 

I.6 Conclusion  

 In this first chapter, we explained the main ideas behind using neural networks to 

model dynamic systems. We looked at why traditional physics-based models often struggle 
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to represent complex and changing behaviors accurately. Because of this, deep learning 

methods—which build models directly from data—have become more popular. 

 We also looked at how neural networks have changed, moving from basic models like 

the Multilayer Perceptron (MLP) to smarter ones that remember past information, like 

Recurrent Neural Networks (RNNs). This shows that simple models struggle to understand 

data that changes over time. Finally, we discussed the current challenges with these 

advanced architectures, focusing on their "black box" nature and the need to evolve toward a 

more interpretable state-space formulation. These limits strongly justify the ongoing 

research efforts—including our own—to improve the transparency and performance of these 

networks. 

 To ground this discussion in a practical context, we then conducted a detailed review 

of our chosen case study: the photovoltaic (PV) system. We have shown that the PV system 

is a perfect example of a complex, nonlinear system whose behavior is difficult to model 

with traditional "white-box" approaches. Our analysis of its operation, its equivalent circuit 

models, and its common fault modes has highlighted the specific and challenging problems 

that any advanced modeling and diagnostic technique must overcome. 

 This structured and critical analysis of both the solution space (dynamic neural 

networks) and the problem domain (PV systems) frames the challenges we will explore 

further in this study. With this foundational understanding now in place, the next chapter 

will take a closer look at the different types of dynamic neural networks, from the traditional 

RNNs to the advanced gated models that play a key role in our work. 

 This structured and critical analysis of both the solution space (dynamic neural 

networks) and the problem domain (PV systems) frames the challenges we will explore 

further in this study. With this foundational understanding now in place, the next chapter 

will take a closer look at the different types of dynamic neural networks, from the traditional 

RNNs to the advanced gated models that play a key role in our work. 
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II.1 Introduction 

 In the last chapter, we hit a wall with traditional modeling. We saw that even though 

static networks like the MLP are great with nonlinear data, they have no memory of the past. 

This is a real problem for any system that changes over time. So, this chapter picks up right 

where we left off. We're going to dive into the specialized architectures that were built to 

solve this exact problem: the family of Dynamic Neural Networks (DNNs). 

 Our exploration will follow a logical progression, tracing the evolution of these 

models from simple concepts to the state-of-the-art tools that form the technological core of 

this thesis. To begin, we will establish the two foundational approaches for representing time 

in a neural network: the external (spatial) representation and the internal (dynamic) 

representation. 

 This conceptual basis will allow us to survey the prominent families of dynamic 

architectures. First, we will start with Global Input-Output Models, focusing on the NARX 

architecture, which cleverly uses an external memory mechanism to handle time. Next, we 

will examine Neural State-Space Models (NSSMs), an approach that introduces a more 

structured and explicit internal state, borrowing concepts from classical control theory. This 

emphasis on state representation is central to our hypothesis. This path will then naturally 

lead us to the more flexible and unified Recurrent Neural Networks (RNNs), where we will 

cover the classic Elman and Jordan networks. 

 Finally, by analyzing the limitations of these early models—specifically the 

fundamental challenge of learning long-term dependencies—we will justify the need for the 

more sophisticated gated architectures. This final part of our review will provide a detailed 

look at the modern workhorses of sequence modeling: the Long Short-Term Memory 

(LSTM), the Gated Recurrent Unit (GRU), and, most importantly for our work, the 

Bidirectional LSTM (BiLSTM). 

 Ultimately, this chapter will offer a complete toolkit of dynamic architectures and their 

learning principles, giving readers the knowledge they need to understand the modeling and 

classification contributions presented in the following chapters. 
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  II.2 Representing Time in Nonlinear System Modeling 

 Effective modeling of nonlinear dynamic systems requires incorporating time to 

reflect their evolving behavior and dependencies [52]. Two conceptually distinct approaches 

to handling time in neural network modeling have been extensively documented in the 

literature, and were explicitly detailed in the work of M.Zemouzi in [15]. These approaches 

are distinguished as the spatial (external) representation and the internal (dynamic) 

representation of time. 

II.2.1 Spatial Representation (External Memory Mechanism) 

In this approach, time is treated as an external parameter to the neural network. 

Temporal memory is established by constructing a sliding window over the input data. 

Specifically, as shown in Figure II.1 (left), the network receives a concatenated vector 

comprising data at the current time step and a series of past time steps (e.g. at times 

t,t−τ1,…,t−τN). This extended vector is then processed by a static network 

simultaneously [53]. 

This methodology, also referred to as the spatial representation of time by Elman 

(1990), enables the use of standard static feedforward network architectures. These 

networks have no built-in memory. They rely entirely on pre-processing to handle time 

dependencies. Although easy to use, this method does not provide actual dynamic memory 

and thus cannot grasp complex patterns outside the fixed input window. 

II.2.2 Internal Representation (Intrinsic Temporal Mechanism) 

 By contrast, the internal representation approach presumes that the neural network 

inherently embodies the capacity to process temporal sequences through an internal 

memory mechanism. This is termed the dynamic representation by Elman or the internal 

representation by Chappelier. 

 In this framework, as illustrated in Figure II.1(right), temporal memory is captured 

naturally via recurrence in the network's connections without requiring explicit input 

expansions [54]. The network maintains an internal "state" or "memory" that evolves and 

updates dynamically as the sequence progresses, enabling persistence of information over 

arbitrary lengths of time. 



CHAPTER II                                           Dynamic Neural Network Architectures and their Evolution                             
 

 

38 

 

Such networks can model long-term temporal dependencies, a critical feature for 

accurately representing the complex and nonlinear dynamics observed in real-world 

systems [55]. This intrinsic memory is what distinguishes dynamic networks, such as 

recurrent neural networks (RNNs) and their advanced variants, from static feedforward 

architectures, as highlighted in comprehensive surveys of the field [56]. 

 

 

 

 

 

 

 

 

 

 

II.3 Architectures of Dynamic Neural Networks 

II.3.1 Introduction to Dynamic Neural Network Architectures 

 After introducing the two main ways to represent time, the external spatial approach 

and the internal dynamic approach, we now examine the specific architectures designed for 

modeling dynamic systems. These architectures provide the means to capture the evolving 

behavior and long-range dependencies typical of nonlinear systems, a topic that has been 

widely studied in the scientific literature. 

 It is important to note that a modeling approach can sometimes borrow a mechanism 

from another category to achieve its goals. This is particularly true for the first family we 

Figure II.1: A Schematic Comparison of Temporal Representation Approaches in 

Neural Networks [54]. 

 

-The spatial approach (left) treats time externally by feeding a fixed window of past data 

to a static network. 

-The internal approach (right) handles time intrinsically, using recurrent connections to 

maintain a dynamic internal state (h(t-1)) that serves as memory. 

 

Internal State / 

Memory h(t-1) 
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will study, the Global Input-Output Models, which use a spatial mechanism to model a 

recursive dynamic behavior. 

With this in mind, three prominent families of dynamic neural networks stand out, each 

offering a distinct strategy for modeling system dynamics [52, 56]: 

Global Input-Output Models, which directly model the relationship between a history of 

past inputs and the current output, without formalizing a recurrent hidden state. 

Neural State-Space Models, where the state vector x(k) is explicitly defined and updated 

through a structured dynamic function, often combining linear and nonlinear components. 

Recurrent Neural Networks (RNNs) which incorporate recursive feedback loops directly 

into their neuron-level architecture, create a powerful and evolving internal memory. 

 In the following sections, we will elaborate on each of these architectures, discussing 

their operating principles, advantages, and limitations. We will then conduct a deep dive into 

the family of Recurrent Neural Networks, as they constitute the most widely studied and 

highest-performing group for processing complex temporal data and are central to the 

contributions of this thesis [55, 57]. 

II.3.2 The Input-Output Paradigm: NARX Models 

II.3.2.1 The Direct Input-Output Philosophy  

 Global input-output models represent a foundational and historically significant 

approach to "black-box" modeling of nonlinear dynamic systems. As highlighted in the 

pioneering work of Narendra and Parthasarathy [14], instead of assuming the existence of an 

abstract internal state, this paradigm focuses on learning the direct functional relationship 

between a system's past inputs, its past outputs, and its current output. The most iconic 

model in this family is the NARX (Nonlinear AutoRegressive with eXogenous inputs) 

network. 

II.3.2.2 Mathematical Formulation The core assumption of the NARX model is that 

the system's output y(t) at time t can be predicted by a nonlinear function f that takes the dy 

past outputs and du past inputs as its arguments. The general equation is as follows [58]:      
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            y uy t f y t 1 , , y t d ,u t d , ,u t d d t                                        (II.1) 

Where: 

 y(t) :is the system's output at time t. 

 u(t): is the exogenous (external) input at time t. 

 dy and du : are the memory orders, which set how far back the model looks at past 

outputs and inputs. 

 d :is the system's delay, representing the time lag between an input action and its 

first effect on the output. 

 f(·) :is an unknown nonlinear function that the neural network learns to 

approximate. 

 ε(t) :represents an error or noise term, typically assumed to be white noise. 

 When we use a Multilayer Perceptron (MLP) to approximate the function f(·), the 

resulting structure is often called a NARX recurrent neural network [58], because of the 

feedback loop that feeds the output back to the input. 

II.3.2.3 Distinction from TDNN (Time Delay Neural Network) 

 At this point, it's helpful to distinguish the NARX model from another key architecture 

in this family: the Time Delay Neural Network (TDNN), which was famously introduced by 

Waibel et al. [33] for speech recognition. 

A TDNN also uses a sliding window, but it looks only at the past inputs: 

        , 1 , , uy t f u t u t u t n                                (II.2) 

 The critical difference is the absence of the autoregressive terms (y(t-i)). This makes 

the TDNN a non-recursive model. A great way to think about it is as the neural network 

equivalent of a nonlinear FIR (Finite Impulse Response) filter. It is inherently stable and 

excellent for recognizing patterns in an input signal. 

 The NARX model, in sharp contrast, is defined by feeding its own past outputs back 

into its input. This feedback loop makes it a recursive system—the nonlinear equivalent of 

an IIR (Infinite Impulse Response) filter. This recursion gives it a much richer dynamic 
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memory, making it ideal not just for recognizing patterns, but for truly capturing the internal 

dynamics of a system. This is precisely why the NARX model is a cornerstone of system 

identification, and it also explains why its stability must be carefully checked, unlike the 

TDNN. 

II.3.2.4 Architecture and Memory Mechanism 

 Conceptually, the NARX model cleverly transforms a dynamic modeling problem into 

a static regression task. It achieves this using an external memory mechanism based on a 

sliding window (also known as a tapped delay line). At each time step t, a special input 

vector, called the regression vector φ(t), is created by gathering past values of the inputs 

and outputs: 

         y uy t 1 , , y t d ,u t d , , u t d
T

t d         
              (II.3)                                                                     

 This high-dimensional vector φ(t) is then fed into a static neural network, typically a 

Multilayer Perceptron (MLP), which is tasked with learning the function f. Crucially, the 

network itself has no internal memory; all the temporal information is contained in the 

regression vector prepared for it. The general architecture is shown in Figure II.2. 

 

 

 

 

 

 

 

 

 

Figure II.2: The architecture of a NARX neural network [58].  

Tapped delay lines (the z⁻¹ blocks) build the regression vector from past inputs u(n-i) and 

past outputs y(n-i). A static feedforward network (MLP) then processes this vector to 

produce the current output y(n). 
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II.3.2.5 Operating Modes 

 A crucial distinction must be made between two operating modes for a NARX 

network. The main difference depends on where the past output values y(t−i) fed back into 

the model come from. These modes are the Series-Parallel (SP) mode, used for training, 

and the Parallel (P) mode, used for prediction and simulation. The conceptual difference is 

illustrated in Figure II.3. 

 

 

 

  

  

   

This figure illustrates the two modes, which are distinguished by the signal fed into the 

output's Tapped Delay Line (TDL). In (a) Parallel Mode, the model's own prediction, ŷ(t), 

is fed back for simulation and multi-step prediction. In (b) Series-Parallel Mode, the true 

system output, y(t), is used for training the network. The TDL (Tapped Delay Line) block 

is the component that implements the "external memory" or "sliding window" mechanism 

of the NARX model.[59]. 

a- Series-Parallel (SP) Mode 

 As shown in Figure II.3(b), this mode is used exclusively for training the network. 

Here, the regression vector is built using the actual, measured output values from the real 

system. The prediction, which we will denote as ŷSP(t) (where SP stands for Series-Parallel), 

is given by: 

𝑦̂𝑠𝑝(𝑡) = (𝑓 (𝑦(𝑡 − 1),… , 𝑦(𝑡 − 𝑑𝑦)⏟              
𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑙𝑢𝑒𝑠

, 𝑢(𝑡 − 𝑑),… , 𝑢(𝑡 − 𝑑 − 𝑑𝑢))                              (II.4) 

 The significant advantage of this mode, also known as "teacher forcing," is that the 

network behaves like a simple feedforward structure at each time step. This makes the 

Figure II.3 The NARX architecture with tapped delay lines: (a) parallel 

architecture, and (b) series-parallel architecture [59] 
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training process stable and allows for the straightforward use of the standard 

backpropagation algorithm. 

b- Parallel (P) Mode 

 As depicted in figure II.3(a), This mode reflects the real-world use of the model for 

simulation or multi-step-ahead prediction after it has been trained. Instead of using real data, 

the model's own predicted outputs are fed back to predict future values. The prediction, now 

denoted as ŷP(t) (where P stands for Parallel), is calculated recursively: 

ŷp(t) = (f(𝑦̂𝑝(𝑡 − 1), … , 𝑦̂𝑝(𝑡 − 𝑑𝑦)⏟                
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒𝑠

, 𝑢(𝑡 − 𝑑),… , 𝑢(𝑡 − 𝑑 − 𝑑𝑢))                             (II.5) 

As emphasized in [58,59], the feedback loop operates fully in this mode, rendering the 

NARX model a genuinely dynamic and recursive system. However, this also introduces 

the risk of errors building up over time, known as drift, highlighting the critical need for 

careful stability assessment. 

II.3.2.6 Learning Algorithm 

Training a NARX network means adjusting its weights and biases so that the difference 

between what the network predicts and what actually y(t) happens is as slight as 

possible. 

a- Objective Function 

 The most common objective function is the Mean Squared Error (MSE), computed 

over a training dataset of N samples. The predictions used for this calculation are generated 

in the Series-Parallel mode to ensure a stable learning process:                  

      
2

1

ˆ
1 N

SP

t

J y t y t
N




                                                                                     (II.6) 

b- Gradient Computation: The Backpropagation Algorithm 

 To minimize this cost function, we need to know how to adjust each parameter in the 

network. The standard method for efficiently computing the gradient of the cost function 
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concerning all parameters, ∇J(θ), is the Backpropagation algorithm. Because the NARX 

network in its training (Series-Parallel) mode is a standard feedforward structure, this 

algorithm can be applied directly [58]. 

 For a network with a single hidden layer, the gradient computation for a single training 

sample (φ(t), y(t)) can be broken down as follows: 

Gradient for the Output Layer: 

The process starts by computing the error signal δy(t) for the output layer, which measures 

the sensitivity of the error with respect to the layer's pre-activation ay(t):  

  
 
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                                        (II.7) 

 This error signal is then used to find the gradients for the output weights (Wy) and 

biases (by):       
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Gradient for the Hidden Layer: 

Next, the error is propagated backward to the hidden layer to compute its error signal δh(t):        

   
´

*T
hh y yt W t  

 
  
 

                                                                                          (II.10) 

This, in turn, allows us to calculate the gradients for the hidden layer's parameters (Wh, bh): 

   .
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These gradients are typically accumulated over all training samples (in batch training) 

before a parameter update is performed. 
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c- Parameter Optimization Algorithms 

 Once the gradients are computed, an optimization algorithm uses them to update the 

parameters iteratively θ. While simple Gradient Descent is the foundational method, 

several more advanced algorithms are commonly used in practice. 

 First-Order Methods:  

 In modern deep learning, adaptive optimizers like Adam or RMSprop are widely used. 

They adjust the learning rate for each parameter individually, often leading to faster 

convergence. 

 Second-Order Methods (Levenberg-Marquardt): 

 For networks of moderate size, as is often the case in system identification, more 

powerful second-order methods can be highly effective. For instance, Hidayat et al. [59] 

employ the Levenberg-Marquardt (LM) algorithm [59]. The LM algorithm speeds up 

training compared to first-order methods by estimating the Hessian matrix. However, it 

requires more computing power and is usually better suited for problems of a smaller size. 

d- Regularization for Improved Generalization 

 One frequent issue when training neural networks, particularly with small or noisy 

datasets, is overfitting. This occurs when the model fits the training data too closely and 

struggles to handle new, unseen examples. To address this problem, regularization methods 

are commonly applied. 

 As demonstrated in [59], Bayesian Regularization works well in this situation by 

automatically adjusting the regularization settings. It changes the objective function to 

discourage large weights, which helps create models that are smoother and less complex. 

The new objective function E(w) combines the sum of squared errors (ED) with the sum of 

squared weights (EW).             

   
2 2

1 1

* * ˆ* *
N w

D W i i j

i j

E W E E y y w   
 

                                                 (II.13)                 

Where: 
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 w is the vector of all network weights. 

 α and β are regularization parameters that are automatically optimized within the 

Bayesian framework. The term βED measures the data fit, while αEW acts as a 

penalty for model complexity. 

 This approach not only prevents overfitting but also offers a systematic method to 

manage noise in the target data [59]. 

 The direct consequence of this modified objective function is a new update rule for the 

parameters. The gradient of E(w) includes a term from the data error (∇ED, computed via 

backpropagation) and a term from the weight penalty (∇EW, which is simply 2w). For a 

basic gradient descent update, this results in the following final update equations: 

* * *D
y y lr y

y

E
W W W

W
  

 
     

                                                                       (II.14)   
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 
   

 
                                                                        (II.15) 

Where αlr is the learning rate. These equations show how the final update for each weight 

is a balance between fitting the data (the β term) and keeping the weights small to prevent 

overfitting (the α term). 

Summary of the Training Process 

 To clarify our specific methodology, this section details the step-by-step procedure 

used to train the NARX network. Our approach relies on the Series-Parallel mode and is 

guided by the principles of Bayesian Regularization. Algorithm 2.1: Training a NARX 

Network (Series-Parallel Mode). 

Initial Setup: 

 Before we start, we need our training data (the inputs u(t) and the real outputs y(t)) and 

the defined MLP architecture. For each time step, the model's input is prepared as a 

regression vector, φ(t), as defined in (Eq. II.3). We give the network its initial starting point 

by setting all its weights and biases to small, random numbers. The process also begins with 

initial estimates for the regularization parameters, α and β. 
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The Training Loop: 

The training itself is an iterative process. Instead of running for a fixed number of times, the 

loop continues until the model's performance stops improving. In each cycle of the loop, the 

following steps are performed: 

Step 1: Check the model's current fit. First, we run all the training data through the 

network to get its current predictions (ŷSP(t)). We then measure how much the model's 

predictions differ from the real data by calculating the sum of squared errors. This term, 

E_D, tells us how well the model is fitting the data. 

Step 2: Balance accuracy with simplicity. Next, we look at the size of the network's 

weights. A model with overly large weights tends to be too complex and might not 

generalize well. So, we calculate a complexity penalty, E_W, which is the sum of all the 

squared weights. Our final objective is to minimize a combined function, as described in 

(Eq. II.13), which we represent as E(W) = βE_D + αE_W. This objective pushes the model 

to be both accurate and simple. 

Step 3: Adjust the network's weights. This is the main learning step. Using the combined 

objective function from the previous step, an optimization algorithm adjusts the network's 

weights and biases to find a better solution. As mentioned, a powerful second-order method 

like Levenberg-Marquardt is highly effective for this part of the process. 

Step 4: Automatically tune the regularization. Finally, in this key feature of the Bayesian 

approach, the algorithm examines the current weights and intelligently updates the α and β 

values. This allows the training process to discover the optimal amount of regularization 

on its own, instead of requiring us to set it manually. 

This loop repeats, refining the weights and the regularization strength together, until the 

model converges to a final, stable solution. The result is the set of trained parameters, θ. 

II.3.3 Neural State-Space Models (NSSMs) 

II.3.3.1 The Principle of Separated Dynamics 

 The second major family of dynamic networks explicitly adopts a state-space 

formulation, a standard approach in modern control theory. The core principle of a Neural 

State-Space Model (NSSM) is to use the network's internal structure to learn a 

representation of the system's unobservable internal state vector, x(k), and to model its 

evolution over time. 
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What we need is a model that can tell us two things: how the system's memory evolves, and 

what output that memory produces. The standard way to do this in engineering is with the 

following two equations [60]: 

                                                                

      

      
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



  


 

         ( II.16) 

Where   

x(k) ∈ R
nx 

: is the internal state vector, representing the system's memory or accumulated 

knowledge at time step k. 

u(k) ∈ R
nu  

:
 
de notes the external input vector at time step k 

y(k) ∈ R
ny

: is the observed output vector. 

Θ  : represents the set of all learnable network parameters (weights and biases). 

f : R
nx

×R
nu

→R
nx  

is the state transition function. 

g: R
nx

×R
nu

  → R
ny 

 : is the output function. 

 For a "black-box" model, the challenge is to learn the complex, high-dimensional 

nonlinear mappings f and g directly from data. A common and effective architecture for this 

task is illustrated in Figure II .4. 

 

 

 

  

  

 

 

Figure II.4: Architecture of a "black-box" State-Space Neural Network (SSNN) [61]:. 

It uses a recurrent sub-network (RNA1) to learn the state transition function f(·) and a 

feedforward sub-network (RNA2) to learn the output function g(·). 
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 As shown in the figure, this architecture cleverly decomposes the problem into two 

main components, directly corresponding to the functions in our state-space equations [61]: 

 A recurrent sub-network (RNA1) is responsible for updating the state. It takes the 

previous state x(k−1) and current external input u(k) to compute the new state x(k). This sub-

network models the system's state transition function f(⋅). 

 A static feedforward sub-network (RNA2), responsible for computing the output 

y(k)y(k) from the current state x(k). This models the output function g(⋅). 

This explicit separation between state dynamics and output mapping is a hallmark of the 

state-space modeling approach. Implementations often use advanced recurrent units such as 

BiLSTMs to create robust "digital twins" of complex nonlinear systems, facilitating tasks 

like prediction, control, and fault diagnosis. 

II.3.3.2 Learning in State-Space Models 

 The training of Neural State-Space Models (NSSMs) is an optimization problem 

focused on estimating the parameters θ of the neural functions f and g. The central goal is to 

minimize the prediction error between the model's output ŷ(k) and the measured output y(k) 

across an entire time sequence. 

 To do this, we define an objective function J(θ). The standard choice is the Mean 

Squared Error, which sums the squared errors over all N time steps: 

     
2

1

1
;

2
ˆ

N

k

J y k y k 


                                                                                  (II.17) 

 Solving this optimization problem is challenging due to the model's recurrent 

architecture. It requires specialized algorithms capable of handling temporal dependencies. 

In the following sections, we will detail the most prominent of these, starting with 

Backpropagation Through Time (BPTT). 

 II.3.3.2.1 Backpropagation Through Time (BPTT) 

 The cornerstone algorithm for minimizing the cost function J(θ) in a recurrent context 

is Backpropagation Through Time (BPTT). The core difficulty it addresses is the temporal 

dependency: the state x(k) depends on x(k-1), meaning decisions made in the past influence 

errors that occur in the present. 
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 The BPTT algorithm comes from the foundational work of researchers like Paul 

Werbos [62]. His key insight was to stop thinking of the model as a loop and instead to 

'unfold' it through time. This effectively turns the recurrent network into a deep, feedforward 

one—an idea that remains central to modern textbooks on the subject [63]. This unfolded 

network consists of N layers, one for each time step, where all layers share the same set of 

weights. This transformation makes it possible to apply the chain rule for derivatives across 

the entire temporal sequence. 

a- The Two-Stage Gradient Computation 

 For the specific hybrid architecture of our SSNN, BPTT is implemented as a two-stage 

process, a procedure well-established in the system identification literature [15]. The process 

traces the error signal backwards through both sub-networks: 

1. Stage 1: Backpropagation through the Static Output Network (RNA2). 

 The process starts at the final output. For each time step k, the error is first propagated 

backwards through the static output network, RNA2. This is a standard backpropagation 

step that computes the gradients for RNA2's parameters (θg). Most importantly, this 

stage calculates the "error signal for the state," δx(k), which quantifies how much the 

calculated state x(k) contributed to the final error. 

2. Stage 2: Backpropagation Through Time for the State Network (RNA1).  

 This error signal δx(k) then becomes the input for training the dynamic state network, 

RNA1. The BPTT algorithm propagates this error not only backwards through the layers 

of RNA1 at the current time k, but also backwards through time to the previous state 

x(k-1). To make this work, the calculation starts at the end of the sequence and works its 

way backward. This step-by-step process is what allows the algorithm to accurately 

measure how the parameters of RNA1 (θf) influenced all the errors that came after. 

b- The Inherent Challenge of BPTT: Vanishing and Exploding Gradients 

 In theory, BPTT is a great idea. But in practice, it hits a major roadblock when dealing 

with long sequences. This is the well-known problem of 'vanishing and exploding gradients. 

 What happens is that as the error signal travels backwards in time, it gets multiplied 

over and over again. After many steps, this repeated multiplication can cause the signal to 

either fade away to almost nothing (vanish) or become so massive that it's useless (explode). 
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 Mathematically, this issue comes from applying the chain rule to find the gradient of 

the loss function with respect to a hidden state htht that occurred many steps earlier. The 

calculation ends up being a long sequence of multiplied Jacobian matrices.          

( 1)
1

* k
N

k t
t N k

hJ J

h h h 
 

   
  

   
                                                                                    (II.18) 

  If the values in the Jacobian matrices (∂hk / ∂h (k-1)) are consistently smaller than 1, 

this product shrinks exponentially toward zero, causing the gradient to vanish. If they are 

consistently larger than 1, they grow exponentially, causing the gradient to explode. 

This phenomenon, rigorously analyzed in early work by Hochreiter [64] and Bengio 

et al. [65], makes it extremely difficult for the model to learn dependencies between events 

that are far apart in time. This is the real consequence of a vanishing gradient: the model 

loses its ability to connect an error to something that happened far in its past. The learning 

signal that carries this crucial information simply fades out before it can reach its 

destination. 

c- Practical Optimization and Modern Solutions 

 So, given these serious challenges, how do we make BPTT work in the real world? 

Researchers have developed a set of powerful techniques that are now a standard part of 

training any dynamic model. 

One of the first and most direct solutions is Truncated BPTT (TBPTT). When you're 

dealing with very long sequences, running backpropagation all the way to the beginning is 

not only slow but also increases the risk of the gradient vanishing or exploding. The idea 

behind TBPTT is simple: we just stop the process after a fixed number of recent time steps. 

While this makes training much faster and more stable, it comes with an obvious trade-off: 

the model is now unable to learn from events that occurred outside of this shorter time 

window. 

Beyond simply shortening the sequence, modern adaptive optimizers like Adam [66] or 

RMSprop are essential. Instead of using a single gradient descent update rule :        

θ ← θ − α ∗ ∇ωJ(θ) 
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 they intelligently maintain an individual learning rate for each parameter. Adam achieves 

this by using estimates of the first moment (the mean, mt) and the second moment (the 

uncentered variance, vt) of the gradients.  

The final parameter update θ looks like this:    

  *ˆ
( / ˆ

1) vt t mtt     
                                                                                  (II.19) 

Here, m̂t and v̂t are bias-corrected estimates of the gradient's momentum and its squared 

magnitude, respectively. This dramatically improves stability and helps the model converge 

much more quickly. 

 For moderately sized networks, common in system identification, we can even use 

more powerful second-order methods. An algorithm like Levenberg-Marquardt [67] goes a 

step further by approximating the curvature of the loss surface using the Hessian matrix H. 

Its update rule elegantly blends the Newton method with gradient descent:     

   ( 1)

1
λ *t ttt H I J  



                                                                                (II.20) 

The damping factor λ is the key: when λ is small, the algorithm acts like the fast-converging 

Newton's method. When λ is large, it safely reverts to a small step in the direction of 

gradient descent. 

Of course, a model that learns well must also generalize well. A significant danger 

when training any network is that it might just memorize the training examples instead of 

learning the underlying rules. This problem is called 'overfitting'. To prevent this, we use 

regularization techniques. 

 A common way to do this is by adding a 'complexity cost' during training. This idea is 

formalized by adding a penalty term to the original cost function J(Θ). For L2 regularization 

(also known as weight decay), the new objective becomes: 

     
2

λ / 2 *regJ J                (II.21) 
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The second term is the L2 penalty (the "L2" refers to the L2 norm, a mathematical way to 

measure a vector's magnitude. In L2 regularization, the squared version of this norm, Σw², 

is used as a complexity penalty to push the network towards simpler, more robust solutions). 

This penalty discourages large weights, guiding the network to find a less complicated 

solution.  

 These bar charts ( Figure II.5) illustrate how L2 regularization shrinks the weight 

values, helping to simplify the model and reduce overfitting. 

 

 

 

 

 

 

 The more sophisticated Bayesian Regularization technique developed by MacKay [68] 

builds on a similar principle but automatically tunes the strength of this penalty during 

training. The Gaussian curve represents the Bayesian prior distribution on weights (Figure 

II.6), showing how prior knowledge guides the learning process towards more robust 

solutions. 

  

 

 

 

 

  Figure II.6: Bayesian Prior Distribution on Model Weights Represented 

 by a Gaussian 

Figure II.5: Comparison of Weight Magnitudes Before and After L2 

Regularization 
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 Finally, none of these advanced techniques can work properly if the model isn't set up 

correctly from the start. Careful initialization of the network's weights and normalization of 

the input and output data are fundamental steps for ensuring numerical stability throughout 

the training process. 

 So, to put it all together, training a Neural State-Space Model is a two-part challenge. 

On one hand, we need BPTT to handle the way the model's memory flows through time. On 

the other hand, BPTT on its own isn't enough. We have to combine it with a whole toolkit of 

modern optimizers and practical tricks to get past its limitations. It's this combination that 

ultimately allows us to train models that can truly learn the complex dynamics of a nonlinear 

system. 

II.3.3.2.2 Alternative and Advanced Optimization Algorithms 

 Backpropagation Through Time (BPTT) gives us the gradients needed for training 

neural state-space models, but how we use these gradients to update the model’s parameters 

Θ really matters. This choice affects how fast and well the model learns, and how stable the 

training process is. Let’s take a look at the main groups of optimization algorithms, starting 

from basic improvements to gradient descent and moving towards more advanced 

techniques. 

a-  Enhancing Gradient Descent 

The first group of methods improves upon basic gradient descent by adding smart features to 

speed up learning and reduce instability. 

 Stochastic Gradient Descent (SGD): Instead of calculating the gradient over the 

whole dataset, SGD uses small random chunks called mini-batches. This makes 

parameter updates faster and introduces some randomness that helps avoid getting 

stuck in bad local minima. The update rule is:    

 η* _
( 1)

J B
t tt

   


                                                                                 (II.22) 

where B : is the selected mini-batch. 

Momentum: Sometimes SGD oscillates and moves slowly. Momentum adds a velocity 

term v that remembers past gradients exponentially:  
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 ( 1) * * Jt t tv v                                                                                            (II.23) 

 ( 1) 1
vt tt  

                                                                                          (II.24) 

 

Here, γ ≈ 0.9 controls how much the update “remembers” past directions, smoothing 

progress. 

 Adaptive Learning Rate Methods (RMSprop & Adam): These methods tweak the 

learning rate individually for each parameter based on recent gradient behavior. RMSprop 

keeps track of a running average of the squares of recent gradients to adjust the learning rate 

for each parameter. Adam combines momentum-like term (mt) and a scaling term based on 

the  squared gradients (vt) [66]: 

First, it calculates the moving averages for the first and second moments of the gradient:     

     1 1t 1
m β * m 1 β *  J θtt 

                                                                             (II.25) 
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 A key innovation in Adam is that it then corrects for the initialization bias of these 

moving averages, which is especially important during the early stages of training. This 

results in the bias-corrected estimates m̂t and v̂t:  

 1/ˆ 1- ^t tm m t                                                                                                 (II.27) 

 2/ 1 ^ tt̂ tv v                                                                                                    (II.28) 

 These corrected estimates are then used in the final parameter update, which scales the 

momentum by the square root of the variance:           

 ( 1)
θ *ˆ ˆ/t t tt
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Adam is now often the default optimizer because of its robustness and speed. These 

hyperparameters are typically set as β= 0.9 , β = 0.999 , and ε = 10
-8

. Adam is now often 

the default optimizer because of its robustness and speed. 

b- Moving Beyond the Gradient: Quasi-Newton Methods 

 Instead of just relying on the gradient (the slope), quasi-Newton methods also 

approximate the curvature of the loss surface using the Hessian matrix H = ∇²J. 

 BFGS and L-BFGS: These build an approximate inverse Hessian H⁻¹ iteratively. 

This allows direct, more informed parameter updates and often faster convergence, 

especially for moderately sized networks. 

 Levenberg-Marquardt (LM): This algorithm [67] combines the fast Newton method 

and more stable gradient descent: 

     
1

λI *
1

H JB
t t tt

  

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

                                                                    (II.30) 

 

The damping parameter λ controls the balance: small λ means Newton-like steps, while 

larger λ makes the steps more cautious. 

C. Probabilistic and Heuristic Approaches 

 For difficult, non-differentiable, or very complex error surfaces, other optimizers work 

differently. 

 Bayesian Optimization: This method, building on the ideas of researchers like 

MacKay [68], does not restrict learning to a single Θ but rather infers a posterior 

distribution p(Θ|D). The objective function, 

      𝐽−𝐵𝑎𝑦𝑒𝑠(𝜃) = log 𝑝(𝐷|𝜃) − log 𝑝(𝜃)                                                                       (II.31) 

 

captures both data likelihood and parameter regularization, while offering 

uncertainty estimates for predictions. 
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 Extended Kalman Filters (EKF): Originating in control theory, EKF can 

recursively estimate states and parameters as new data arrives. It’s ideal for online learning 

or changing systems where data is sequential. 

 Metaheuristics: When the loss landscape is rough with many traps, population-

based methods like Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and 

Ant Colony Optimization (ACO) explore the space broadly and globally. Although these 

can be computationally heavy, they are good at avoiding poor local minima. 

 To better understand these differences, Figure II.7 shows how several optimization 

methods reduce the error during training.  

 

 

  

 

 

 

  

  

  

It clearly illustrates that methods like Adam and Levenberg-Marquardt reach lower errors 

faster than SGD and Momentum. This chart gives a practical view of the trade-offs between 

speed and effectiveness when tuning dynamic neural network models. 

 To sum up, choosing an optimization strategy for dynamic neural networks requires 

balancing computational demands, speed of convergence, and overall robustness. Although 

adaptive approaches such as Adam have become widely used thanks to modern deep 

learning frameworks, alternative methods still play an important role in specific 

applications, particularly in system identification and online learning. 

 

Figure II.7: Convergence Comparison of Different Optimizers on Model Training. 



CHAPTER II                                           Dynamic Neural Network Architectures and their Evolution                             
 

 

58 

 

II.3.4 Recurrent Neural Networks (RNNs): The Intrinsic Memory Paradigm 

II.3.4.1 The Shift to a Unified, Flexible Architecture 

 We now arrive at the third and most influential family of dynamic networks: Recurrent 

Neural Networks (RNNs). While Neural State-Space Models introduce the powerful concept 

of an internal state, they often do so with a rigid, pre-defined structure (e.g., separating state 

and output functions into distinct sub-networks). RNNs propose a more flexible and unified 

approach. 

 In an RNN, the internal memory is not an explicit, separated state vector but an 

emergent property of the network's core architecture. This is achieved by incorporating 

feedback loops directly at the neuron level, allowing information to persist and evolve 

organically as the network processes a sequence. This creates a powerful, fully learned 

internal memory. 

II.3.4.2 The Simple RNN (Elman Network) 

The foundational RNN architecture, often referred to as a Simple RNN or an Elman 

Network, was introduced by Jeffrey Elman [69], it is defined by a pair of equations that 

govern its hidden state h(k) and output y(k) at each time step k. The hidden state acts as the 

network's memory, updated at each step by both the new input and its own previous state. 

The general equations for a simple RNN are: 

{

ℎ(𝑘) = 𝜎ℎ(𝑊𝑥ℎ ∗ 𝑥(𝑘) +𝑊ℎℎ ∗ ℎ(𝑘 − 1) + 𝑏ℎ)                      
                     

   𝑦(𝑘) = 𝜎𝑦(𝑊ℎ𝑦 ∗ ℎ(𝑘) + 𝑏𝑦)                                                             
         (II .32)  

Where: 

 h(k) ∈ R^nh is the hidden state vector (the memory). 

 x(k) ∈ R^nu is the input vector. 

 y(k) ∈ R^ny is the output vector. 
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 Wxh, Whh, Why are the weight matrices for the input-to-hidden, hidden-to-hidden 

(recurrent), and hidden-to-output connections. 

 bh and by are the bias vectors. 

 σh (e.g., tanh, ReLU) and σy (e.g., linear, softmax) are the activation functions. 

 This architecture is visually represented in Figure II.8. The diagram shows how the 

input x(k) and the delayed hidden state h(k-1) are combined to produce the new state h(k), 

which in turn generates the final output y(k) . 

 

 

 

 

 

 

 

The key component is the recurrent weight matrix W_hh, which allows the network to 

control how much of its past state is carried over to the present. 

II.3.4.3 Specialized Recurrent Architectures 

 A basic RNN offers a solid starting point, but over time, researchers have introduced 

many tweaks to make it work better or suit particular tasks. These changes are usually 

grouped by how the feedback connections are set up and how complex they are. 

 Locally Recurrent Networks: This category includes the Elman network. Another 

classic example is the Jordan network proposed by Michell .Jorden [70]. Instead of feeding 

back the hidden state h(k-1), a Jordan network feeds back the output of the previous time 

step, y(k-1). This creates a more direct link between the network's past predictions and its 

current state. The state update equation for a Jordan network becomes:           

       * * 1
h xh yh h

h k W x k W y k b                                                     (II.33) 

Figure II.8: Architecture of a simple Recurrent Neural Network (Elman Network), 

illustrating the recurrent connection via a one-step time delay of the hidden state. 
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 The specific structure of this output feedback loop is illustrated in Figure II.9. Unlike 

the Elman network, the recurrent connection originates from the output y(k) before being 

delayed.  

 

 

 

 

 

 Globally or Deeply Recurrent Networks: To increase the model's capacity and learn 

more complex temporal hierarchies, recurrence can be extended across multiple layers. In a 

stacked (or deep) RNN, the output of one recurrent layer becomes the input to the next. 

This allows the network to process information at different timescales, with lower layers 

capturing short-term patterns and higher layers capturing longer-term dependencies. The 

state update for a layer (l) in such a network is:     

       1 ˆ1 ˆ ˆ
 ˆ ˆ ˆ* * 1

l l l
h llxh hh h

h k W h k W h k b


 
  
 

                           (II.34) 

Where :   is the input x(k). 

 The architecture of a two-layer Stacked RNN is illustrated in Figure II.10.  

 

 

 

 

 

 

Figure II.10: Architecture of a deep (or Stacked) RNN with two recurrent layers. 

The output of the first layer, ĥ₁(k), serves as the input sequence for the second 

layer. Each layer maintains its own internal recurrent connection. 

Figure II.9: Architecture of Jorden Network,which features a 

recurrent connection from the delayed output y(k-1) 
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It clearly shows how the output of the first layer (ĥ(k)) is passed as input to the second layer, 

while each layer maintains its own independent recurrent loop via its delayed hidden state 

(ĥ(k-1) and ĥ(k-1) respectively). 

II.3.4.4 Other Architectural Variants 

 Beyond the standard RNN structures, Researchers have introduced new hybrid models 

that aim to bring together the advantages of various approaches: 

a- Hybrid Models:  

 These architectures are designed to explicitly separate and handle different types of 

complexity by combining static and dynamic components. For example, a static feedforward 

network might act as a non-temporal feature extractor, processing the current input x(k). 

This pre-processor does its job first, and then hands off its output to a recurrent part of the 

network. This second part is the specialist for anything that changes over time. 

This kind of modular design works really well when you can clearly separate a system's 

fixed nonlinearities from its time-varying behavior. We can sketch out this general idea as: 

𝑦(𝑘) = 𝑓−𝑑𝑦𝑛𝑎𝑚𝑖𝑐(𝑔−𝑠𝑡𝑎𝑡𝑖𝑐(𝑥(𝑘)),…… )                                                                   (II.35) 

This approach is conceptually linked to the NARX paradigm, where a static network 

processes a regression vector containing past values. 

b- Volterra Networks: 

  For problems where a rigorous mathematical foundation is essential, Volterra 

Networks offer a structured approach based on the Volterra series expansion, a classical tool 

for representing nonlinear systems with memory [70,71]. A Volterra network takes a 

different approach from a standard RNN. Rather than learning the system's overall behavior 

in a black-box way, it's specifically built to model the system's 'DNA'—a set of functions 

called Volterra kernels. 

 These kernels are a powerful extension of the impulse response idea from linear 

systems. They capture not just the direct linear effects, but all the complex, high-order ways 

the system can behave. Mathematically, y(k) is expressed as a weighted sum of inputs and 

products of inputs over past time steps, capturing nonlinear dependencies through the 

Volterra kernels.                              
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           0 1 2 ,
i i j

y k h h i x k i h i j x k i x k j                         (II.36) 

Where :  

 h0 : is a simple bias or offset. 

 The first-order kernel h1 captures the linear dynamics (like a standard FIR filter). 

 The second-order kernel h2 captures the quadratic interactions between past inputs, 

and so on for higher orders. 

The key idea here is that a neural network (often an MLP) can be structured and trained 

to explicitly approximate the coefficients of these kernels, h₁, h₂,... This establishes a direct 

link between the network's weights and a formal mathematical description of the system. 

c- Conceptual Distinction 

 In essence, these two approaches offer a powerful trade-off. Hybrid models provide 

practical architectural flexibility, allowing a designer to combine different building blocks to 

suit a specific problem. Volterra networks, on the other hand, offer a trade-off: you get a 

more formal mathematical model instead of just architectural flexibility. This gives you a 

more transparent window into what the model is doing, since the network's parameters are 

tied to specific, well-defined nonlinear dynamics. 

 Ultimately, both hybrid models and Volterra networks are valuable tools that extend 

what we can do with classic recurrent architectures, especially when we're faced with highly 

complex systems. 

 As we will see in the following section, the learning process for all these architectures 

is unified by a single theoretical principle. However, the simple RNN and its variants, 

despite their power, suffer from significant limitations in learning long-term dependencies. 

This very challenge motivated the development of more sophisticated architectures like 

LSTM and GRU, which are at the heart of modern deep learning for sequential data and are 

central to the contributions of this thesis. 
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II.4 The General Learning Framework: Unfolding and the "Copy" 

Concept 

 Now that we have reviewed the main types of recurrent neural networks, a key 

question comes up: how can we train models that have feedback loops? Most training 

methods rely on networks without loops, because they make computing gradients easier. 

The common way to handle this is to imagine the recurrent network as a deep feedforward 

network. This means unfolding the network over time into a long chain of copies that each 

represent the network at one moment. This approach allows us to apply standard training 

techniques to models with loops. 

II.4.1 The Modular Representation and the "Copy" Concept 

 This transformation is achieved by unfolding the recurrent network into its canonical 

form. This principle, which is central to the system identification literature [73,74], allows 

us to replace the recurrent network with a cascade of N non-recurrent networks called 

"copies", where N corresponds to the number of time steps. This modular representation is a 

concept  remains a cornerstone of how recurrent models are trained today, as highlighted in 

recent deep learning literature [75]. 

 Each "copy k" represents the original network at a particular time step k. While the 

input vectors and neuron activations vary between copies, all copies share the same 

parameters θ. The state outputs of copy k, noted Sout(k), become the state inputs Sin(k+1) for 

copy k+1, bridging the temporal dependency . 

 The overall structure of this learning network is illustrated in Figure II.11. The figure 

highlights the two primary configurations that arise, depending on how temporal 

information is passed between the copies. 

 As the figure shows, the key distinction lies in the state connections: 

Figure II.11(a) represents the case where there is no internal feedback loop between the 

copies. Each copy is independent in terms of its state. This corresponds to situations where 

all past information is provided from the dataset (a method often called "teacher-forcing"). 
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Figure II.11(b) represents the truly recurrent case. Here, the state output Sout(k) from copy 

k is passed as the state input Sin(k+1) to the next copy. This explicitly models the system's 

evolving internal memory. 

 

 

 

 

 

 

 

 

   

To understand the specific signals involved at each step of this chain, we can examine the 

detailed structure of a single 'copy k', as shown in Figure II.12. 

 

 

 

 

 

 

 

As this detailed diagram shows, the inputs and outputs of each copy in the recurrent case 

(Figure II.11(b)) can be formally described as follows:  

Figure II.11: The learning network configurations formed by N copies: a) for a model with 

external feedback (non-recursive), and b) for a model with internal feedback (recursive). 

Figure II.12: Modular representation of a recurrent network as a non-

recurrent "copy" at time step k 
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 The inputs to the k-th copy are thus composed of two parts [75]: 

 The imposed inputs I(k), wich include external signals u and sometimes past 

measured outputs yp. In other words, they can be written as: 

            ; 1 , , 1 , , , 1p pI k u k u k u k m y k y k n                           (II.37) 

 The state inputs S in(k) (or looped inputs), which are the outputs and states from 

previous time steps generated by the model itself:           

          1 , , , 1 , ,inS k O k O k n x k x k n                            (II.38) 

 Similarly, the outputs of copy k are also of two types: 

 The predicted outputs O(k), which are compared to their desired values Odes^k, are 

used to compute the instantaneous error: 

         𝐸(𝑘) = 𝑂𝑑𝑒𝑠(𝑘) − 𝑂(𝑘)                                                                  (II.39) 

 The state outputs S out(k), which are passed to the next copy, satisfying the temporal 

consistency constraint: 

         𝑆𝑖𝑛(𝑘 + 1) = 𝑆𝑜𝑢𝑡(𝑘)                                                           (II.40)     

 This unfolded structure converts the training of the original recurrent network into 

training on a deep, feedforward-like network of N copies with shared weights. This robust 

framework is precisely what allows gradient-based algorithms such as Backpropagation 

Through Time (BPTT) to be applied effectively. 

II.5 The Core Learning Algorithm: BackPropagation Through Time 

(BPTT) 

II.5.1 The General Principle of BPTT 

 The modular framework of unfolded "copies" provides the theoretical foundation for 

training all recurrent networks. We will now detail the general algorithm that operates on 

this structure, known as Backpropagation Through Time (BPTT). While we have seen a 
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specific two-stage application of this algorithm for the hybrid architecture of NSSMs, we 

will now describe its fundamental principle, which applies to any unfolded recurrent model 

[62]. The primary goal of BPTT is to compute the gradient of the total cost function J(θ) 

with respect to the network's shared parameters θ. From the "copy" view, a key takeaway is 

that the overall gradient equals the sum of the gradients calculated at each of the N copies. 

    
1

N

k

J J k    


                                                                                     (II.41) 

Here, ∇_θJ(θ(k)) represents the gradient contribution from the k-th copy alone. BPTT 

provides a systematic and computationally efficient way to calculate this total gradient by 

applying the chain rule of calculus recursively through the unfolded network. 

II.5.2 The BPTT Algorithm in Practice 

The algorithm follows a cycle of three steps. This cycle repeats again and again for every 

training epoch. 

 Step 1: The Forward Pass.  

  The process begins by feeding the entire input sequence through the learning network, 

from the first copy (k=1) to the last (k=N). At each time step k, the outputs O(k) and the 

state outputs Sout(k) are computed. A critical requirement for the algorithm is to store all the 

intermediate activations within each copy, as they will be essential for the backward pass. 

 Step 2: The Backward Pass.  

 The backward pass is where the core calculations happen. Starting from the end of the 

sequence (copy N), it moves backwards towards the first element. We want to find the 

gradient of the cost function with respect to each hidden state h(k).This gradient, 

 
 

  
J

h k
h k







  is computed recursively as the process goes back through the sequence.               

 
 

 
   

 
 

1
* *

1

y k h kJ J
h k

y k h k h k h k


   
   
   
   

   
 

    
                                           (II.42) 

 Let's break this down: 
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1. The calculation starts at the end, k=N. The term involving h (k+1) is zero, so the 

error signal is only influenced by the final output. 

2. For each preceding step k (from N-1 down to 1), the error signal δh(k) is a sum of 

two influences: the error from the output at the current time step, and the error 

propagated back from the future time step k+1. 

3. Once these error signals δh(k) are known for each copy, they are used to compute 

the local parameter gradients ∇J(θ(k)), which are then summed up as shown in Eq. 

(II.41). 

 Step 3: The Parameter Update.  

 Once the backward pass is complete, we have the total accumulated gradient, ∇J(θ). 

This final gradient is then used to update the single, shared set of parameters θ using an 

optimization algorithm like SGD or Adam: 

 *new old
J                                                                                             (II.43) 

This three-step cycle of forward pass, backward pass, and parameter update is the 

fundamental mechanism for training virtually all modern recurrent neural networks. 

II.5.3 Challenges and Optimization Strategies  

 The implementation of BPTT for complex architectures such as LSTMs and BiLSTMs 

faces the same theoretical and numerical obstacles encountered in State-Space models. The 

most significant challenge remains the vanishing and exploding gradient problem, which 

limits the network's ability to learn long-term dependencies. The mathematical root of this 

issue, involving the product of Jacobian matrices, was formally established in Section 

II.3.3.2.1-b. 

 To ensure robust training and convergence, the optimization framework utilizes the 

same advanced tools previously described in Section II.3.3.2.2. This includes the use 

of adaptive optimizers (Adam), second-order methods (Levenberg-Marquardt), 

and Bayesian regularization to prevent overfitting while maintaining high predictive 

accuracy. 
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II.5.4 Summary of the Learning Process 

 In summary, the effective training of dynamic neural networks is established as a two-

fold process. First, structural frameworks such as unfolding and the BPTT algorithm enable 

the model to capture how information persists and flows through time. Second, to overcome 

the inherent limitations of BPTT, these models are integrated with advanced optimizers and 

regularization tactics. This synergistic combination is what ultimately allows the networks to 

accurately identify and model the complex, nonlinear behaviors characteristic of the systems 

studied in this work. 

II.6 Gated Architectures for Long-Term Memory 

II.6.1 The Architectural Solution to the Vanishing Gradient Problem 

 In the last section, we saw that the simple RNN, even though it looks elegant in 

theory, has a major issue called the vanishing gradient problem. This mathematical hurdle 

makes it nearly impossible for the model to learn dependencies between events that are far 

apart in time. Although some algorithms can improve the issue, the strongest and most 

lasting fix turned out to be changing the architecture itself. 

 This led to the development of a new class of recurrent units designed explicitly to 

manage information flow over long sequences. Recent thorough studies [76] have shown 

that these so-called "gated architectures" represented a major breakthrough. Rather than 

letting information flow freely without control, these models use "gates" — small neural 

networks that decide which information to keep, which to discard, and which to pass along. 

The most influential of these is the Long Short-Term Memory (LSTM). 

II.6.2 Long Short-Term Memory (LSTM) 

 The Long Short-Term Memory (LSTM) network, a groundbreaking architecture 

proposed by Sepp Hochreiter and Jürgen Schmidhuber in their seminal 1997 paper [77], was 

designed with one primary goal: to overcome the long-term dependency problem of simple 

RNNs. 
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 The genius of the LSTM lies in its core component: the memory cell. Unlike a simple 

RNN, which merges all information into a single hidden state, an LSTM unit maintains two 

distinct states that are passed from one time step to the next: 

1. The Hidden State (ht): This is the "working memory" used to make predictions at 

the current time step. 

2.  The Cell State (Ct): This is the key innovation. Think of the cell state as a 

conveyor belt that carries information through time with only minor, controlled 

modifications. This structure is what allows information to persist over long periods without 

degrading. 

 The flow of information into and out of this cell state is meticulously regulated by 

three "gates." Each gate is a small neural network that learns to output a value between 0 

(block everything) and 1 (let everything through), controlling what information is kept, 

discarded, or revealed. 

 The internal structure of an LSTM unit is visually detailed in Figure II.13. The 

diagram illustrates how the gates interact with the cell state to manage the flow of 

information. The entire process can be broken down into the following steps: 

 

 

 

 

 

 

 

 

 

Figure II.13 : The internal structure of a Long Short-Term Memory (LSTM) cell [77]. 

The diagram shows the "cell state" conveyor belt, along with the three gates (Forget, 

Input, Output) that regulate the information written to, read from, and maintained in 

the cell. 
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 The Forget Gate (ft): First, the LSTM decides what information from the past is no 

longer needed. This gate, a crucial addition to the original concept [78], looks at the current 

input x_t and the previous hidden state h(t-1) to decide what to "forget" from the old cell state 

C(t-1).     

 1* *t t tf f ff W x U h b                 (II.44) 

 The Input Gate (it): Next, the network decides what new information to store. It uses 

the input gate to determine which values to update, and a tanh layerto form new candidate 

values tC  through a tanh layer. 

 1* *tt i ti ii W x U h b                                                                               (II.45)   

 1* *t t c cc tC tanh W x U h b                                                                                     (II.46)   

 Cell State Update: The old cell state is then updated by forgetting the old information 

(multiplying by f_t) and adding the new information (multiplying by it): 

1  t t t ttC f iCC                                                                                           (II .47) 

 The Output Gate (ot): Finally, the network computes its new hidden state ht. It 

decides which parts of the cell state should be shared outside, and these are passed through 

a tanh function.       

 1* *t to o oto W x U h b                                                                               (II.48)         

  tanh tt th o C                                                                                               (II.49) 

 The symbol σ refers to the sigmoid function, The symbol ⊙ represents element-wise 

multiplication. By training the parameters (W, U, b) of these gates, the LSTM builds a 

clever internal mechanism to remember and use information over long periods. 

 

 



CHAPTER II                                           Dynamic Neural Network Architectures and their Evolution                             
 

 

71 

 

II.6.3 Gated Recurrent Unit (GRU): A Simpler Alternative 

 Following LSTM’s breakthroughs, efforts were made to simplify the model 

architecture while preserving its ability to deal with long-term dependencies. This led to the 

launch of the Gated Recurrent Unit (GRU) by Cho et al. in 2014 [79]. 

The GRU is a clever simplification of the LSTM. As detailed in recent studies on human 

activity recognition, where GRUs have shown excellent performance [80], its main 

architectural change is the merging of the cell state and the hidden state into a single, unified 

hidden state vector, ht. It also streamlines the gating mechanism, reducing the number of 

gates from three to two. This simpler design means fewer parameters, which often makes the 

GRU faster to train and less prone to overfitting on smaller datasets. 

The internal workings of a GRU cell, as illustrated in Figure II.14, are controlled by two 

main gates: 

  

 

 

 

 

 

 

 

 The Reset Gate (rt): This gate decides how much of the past information (from h(t-

1)) should be ignored when creating new candidate information. If the reset gate's value is 

close to 0, it allows the unit to effectively "reset" its memory and focus mainly on the 

current input, xt. This is useful for capturing short-term dependencies or starting a new 

"thought." 

Figure II.14 : Architecture of a Gated Recurrent Unit (GRU) cell [80]. 

The diagram shows the two gates (Reset and Update) that control the flow of 

information through the single hidden state. 
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 1
* *r r rt t t

r W x U h b


                               (II.50) 

 The Update Gate (zt): This gate acts like a combination of the forget and input 

gates of an LSTM. It determines what fraction of the past information to keep and what 

fraction of the new candidate information to add.            

 1
* *z zt t ztz W x U h b


                                                                         (II.51) 

 These two gates are then used to compute the new candidate state h̃t and the final 

hidden state ht. The reset gate rt is applied to the previous hidden state before calculating 

the candidate: 

         1
* *t t t th h h

h tanh W x U r h b


                                                            (II.52) 

The final hidden state ht is then a balanced mix—a linear interpolation—between the 

previous state h(t-1) and the new candidate state h̃t , with the update gate zt controlling the 

mixture:        

  1
1  t t t tt

h z h z h


                                                                                 (II.53) 

II.6.4 Conceptual Distinction: GRU vs. LSTM 

 The main difference between the two is a trade-off between complexity and power. 

The LSTM, with its separate cell state, acts like a computer with dedicated RAM, which can 

be very powerful for precisely storing and retrieving information over very long periods. 

The GRU merges this memory directly into its "working" state, making it a simpler and 

faster model. 

In real-world usage, the simpler GRU model often provides a speed benefit while 

maintaining comparable accuracy. Yet, for challenges requiring exact long-distance 

memory, LSTMs can be more suitable. The final selection is typically based on the dataset 

and computational limits. 
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II.6.5 Bidirectional LSTM (BiLSTM): Leveraging Past and Future Context 

II.6.5.1 The Limitation of Unidirectional Processing 

 Standard LSTMs and GRUs, as we have described them, process information in a 

single temporal direction, from the beginning of a sequence to the end. This unidirectional 

approach is powerful, but it has a fundamental limitation: it bases its prediction at time t 

only on past and present information (x₁, ..., xt). 

 However, in many real-world problems, the context of what happens after a certain 

point is just as important as what happened before. For example, when analyzing a sentence, 

the meaning of a word can be clarified by the words that follow it. Similarly, in time-series 

analysis, the nature of an anomaly might only become clear when you see how the signal 

behaves after the event. A standard LSTM is blind to this future context. 

II.6.5.2 The Bidirectional Principle 

 The Bidirectional Recurrent Neural Network (BiRNN) was developed as a solution to 

this problem, with the Bidirectional LSTM (BiLSTM) being its most powerful and widely 

used implementation [81]. 

 The idea behind a BiLSTM is elegant and intuitive: instead of processing the sequence 

in one direction, it processes it in two opposite directions simultaneously using two 

independent LSTM layers. As illustrated in Figure II.15, the architecture is composed of: 

1. A Forward LSTM Layer, which reads the input sequence from left to right (from t=1 

to t=N) and computes a sequence of "forward" hidden states (h⃗t). 

2. A Backward LSTM Layer, which reads the same input sequence from right to left 

(from t=N to t=1) and computes a sequence of "backward" hidden states (h⃖t). 

 By integrating these two independent flows, the BiLSTM effectively fuses 

information from the entire sequence at every single time step. Unlike the standard 

LSTM which only has access to the preceding history, the bidirectional structure 

generates a rich latent representation that captures both the 'cause' and the 'effect' of 

temporal variations. This dual-perspective is particularly advantageous for the objectives 
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of this thesis. For instance, in modeling photovoltaic I-V curves, the physical behavior 

near the short-circuit point is often better interpreted when the model has already 'seen' 

the trajectory toward the open-circuit voltage. Similarly, for fault classification, the 

BiLSTM can distinguish between transient noise and real degradation by analyzing the 

signal patterns both before and after a specific event, leading to a much higher diagnostic 

robustness in complex nonlinear environments. 

 

 

 

 

 

 

 

 

 

II.6.5.3 Mathematical Formulation 

 At each time step t, the BiLSTM computes its output based on the information from 

both directions. 

The forward hidden state h⃗t  is calculated based on the past context:      

  1
_ , 

tt th LSTM forward x h


                                                                        ( II.54) 

The backward hidden state h⃖t  is calculated based on the future context:         

 1
_ , t tth LSTM backward x h



 
 
 

                                                                     (II.55) 

Figure II.15 : The architecture of a Bidirectional Long Short-Term Memory 

(BiLSTM) network [82].                                                                                                

It consists of two parallel LSTM layers processing the input in opposite 

directions. 
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 The final output yt at each time step is then a function of both the forward and 

backward hidden states. The most common way to combine them is by concatenation, 

though other operations like summation or averaging are also possible. 

 ;t tty g h h  
    

                  (II.56) 

 Where g is typically a dense output layer with an appropriate activation function. By 

concatenating (h⃗t ) and (h⃖t ), the model at time t has access to a rich representation that 

summarizes information from the entire input sequence, both past and future. 

II.6.5.4 Why BiLSTM is Crucial for This Thesis 

  The dual-directional context processing offered by BiLSTM renders it a crucial 

component for this thesis's focus. Its strengths are demonstrated in recent applications 

including complex biological data interpretation [82], environmental forecasting [83], and 

machinery fault diagnosis [84]. 

 For the State-Space Identification of a PV System (Chapter III), the task is to 

model the complete current-voltage (I-V) curve. The shape of the beginning of the curve is 

often better understood if the model has already seen the end of it. A BiLSTM can process 

the entire curve at once, allowing it to make more accurate point-by-point predictions by 

using global context. 

 For the Fault Detection and Classification in PV Systems (Chapter IV), the 

signature of a fault is not just an instantaneous event but a pattern that unfolds over a time 

window. A fault might be characterized by a gradual deviation before a peak and a specific 

recovery pattern after the peak. A standard LSTM would only see the "before," whereas a 

BiLSTM sees the entire event, allowing for a much more robust and accurate 

classification. 

By using a BiLSTM, we are equipping our models with the ability to see the "whole story," 

not just the events that have already passed, which is a decisive advantage for the complex 

dynamic systems we aim to model and analyze. 
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II.7 Conclusion 

 In this chapter, we've put together the essential toolkit of technologies that we'll need 

for the rest of this thesis. We've taken a journey through the world of dynamic neural 

networks, following the story of how these models have evolved to better understand and 

learn from data that changes over time. 

 We began by establishing the fundamental challenge of modeling dynamic systems: 

the need for an internal memory. We first explored the family of Input-Output models, 

exemplified by the NARX architecture, which cleverly uses an external, fixed-size memory 

in the form of a regression vector. We then moved to Neural State-Space Models (NSSMs), 

a more structured approach that introduces an explicit, though often rigid, internal state. 

 This led us to the more flexible and unified paradigm of Recurrent Neural Networks 

(RNNs). After looking at the classic Elman and Jordan networks, we ran into their biggest 

weakness: they really struggle to learn from events that are far apart in time because of the 

vanishing gradient problem. This major challenge is what sparked the next big idea in our 

journey: the creation of gated architectures. 

 This is where we looked at the key tools that solve this memory problem. We dove 

into the inner workings of the Long Short-Term Memory (LSTM) and its simpler cousin, the 

GRU—both of which were invented to give these models a reliable way to manage 

information over long periods. 

 Our journey ended with a look at the Bidirectional LSTM (BiLSTM), a powerful 

architecture that takes things a step further by looking at both past and future context at the 

same time. This model has been identified as the most suitable tool for the specific tasks 

addressed in this thesis, as its ability to see the "whole story" is a decisive advantage for 

modeling complex curves and classifying fault patterns. 

 Now that we have this powerful set of architectural tools in hand and have explained 

why the BiLSTM is the right choice for our work, we're ready to put these models to the 

test. In the following chapters, we'll apply them to our two main contributions: building a 

state-space model for a photovoltaic system in Chapter III, and creating a robust framework 

for fault classification in Chapter IV. 
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III.1 Introduction 

 You can't navigate a new city without a good map, and it's the same in science and 

engineering. To get anything done—whether it's predicting the future, testing new ideas 

safely in a simulation, or spotting problems before they happen—you need a reliable map of 

your system. That's precisely what a good mathematical model is: a map that accurately 

shows you how a real-world system works. 

 But here's the real challenge: most systems in the real world have a 'memory'. What 

they do now is shaped by their entire history, not just the latest input. This makes them 

incredibly complex and nonlinear. This is a big problem for traditional 'white-box' models, 

which are built on known physical laws. Those models often struggle when things get this 

complicated, and that's precisely why researchers have turned to data-driven approaches 

instead [12]. 

 In response to these limitations, artificial neural networks have established themselves 

as a powerful "black-box" modeling paradigm [14]. By leveraging their universal 

approximation capabilities, Recurrent Neural Networks (RNNs) in particular are ideally 

suited for system identification in the state-space, a concept pioneered in early works [2] and 

which remains a highly active field of research today [85, 86]. 

 The field of PV modeling is buzzing with activity right now, thanks to the power of 

deep learning. As researchers move away from traditional models, the work has generally 

gone down one of two main roads. 

 The most common road has been to use input-output models. These are great for 

specific tasks like predicting how much power a plant will generate in the near future. Many 

recent studies have shown that hybrid models, like those combining CNNs and LSTMs, are 

very effective for this kind of forecasting [87, 89]. Other works have used neural networks 

or neuro-fuzzy systems to figure out key electrical parameters for tasks like MPPT 

optimization [90-91]. But the big drawback of these models is their narrow focus. They are 

specialists who only describe a single output or a static snapshot, so they can't capture the 

full internal story of how the PV system is behaving. 

 The other, less traveled road is the state-space framework. This approach is 

fundamentally more powerful because it tries to learn a model of how the system works on 
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the inside, instead of just memorizing input-output patterns [2, 92]. The potential of this 

approach has been known for a long time, but it has seen a significant revival recently with 

the rise of deep learning, as highlighted in comprehensive surveys on the topic [85, 86]. 

 Lately, even more advanced tools like Transformers [93,95] and newer architectures 

like Mamba [96] have entered the scene. Their great strength is their ability to uncover 

complex patterns over very long sequences, frequently outperforming traditional RNNs in 

this regard. Their main weakness, however, is that they are extremely data-hungry, often 

requiring massive datasets to learn properly. For our work on I-V curve modeling, where we 

have a well-structured but moderately sized dataset, a powerful recurrent model like the 

BiLSTM is a more practical and effective choice. 

 This is where we identified a critical gap in the research. Despite all this exciting 

work, very few studies have used a data-driven, state-space approach to model the entire I-V 

curve as a dynamic sequence. And, even more importantly, almost no one has checked if the 

internal state learned by the model actually means something physically. This is precisely 

where our work comes in. 

 But we need to look beyond just the numbers. A model that's incredibly accurate at 

making predictions can still be a failure if it's not robust. It can still be useless if it hasn't 

learned anything physically correct about the system. And it can be downright dangerous if 

we use it for critical tasks without knowing if it's truly reliable. This is particularly true for 

photovoltaic (PV) systems, our chosen case study, whose complex behavior under 

fluctuating environmental and health conditions makes them a significant modeling 

challenge [97]. 

 So, the real challenge for us in this chapter is not just about building another model. 

It's about figuring out a reliable process to create and test a recurrent neural network for a 

dynamic system. The model we build has to do three things well: it must be accurate, it must 

make physical sense, and it must be robust enough to handle the messiness of real-world 

operating conditions. 

 To answer this question, this chapter details our first primary contribution: a complete 

methodology for the state-space identification of a PV system's current-voltage (I-V) 
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characteristic. We frame this as a sequence-to-sequence task and employ a stacked 

Bidirectional  

LSTM (BiLSTM) architecture to create a high-fidelity "digital twin" of the system. Our 

approach is comprehensive, covering the entire pipeline from data generation to a multi-

faceted evaluation of the model's performance, with a particular focus on validating the 

physical relevance of its learned internal dynamics. 

 The following sections detail the organization of this chapter. Section III.2 details our 

complete methodology. Section III.3 presents the results and our in-depth analysis. Finally, 

Section III.4 concludes the chapter, summarizing our findings and setting the stage for our 

next contribution. 

III.2 Methodology: From Data to a State-Space Model 

 Our journey from a real-world problem to a working state-space model involved 

several key stages. Starting in the lab with the physical configuration, we collected the 

required data. Then, we tailored the problem’s format to be suitable for a neural network’s 

learning process. This led us to the design of our specific BiLSTM architecture, which we 

then had to carefully train and fine-tune to get the best results. 

III.2.1 Experimental Setup and Dataset Generation 

There's a simple rule in machine learning: garbage in, garbage out. The quality of any black-

box model depends entirely on the quality of the data it learns from. That's why our first and 

most important job—long before designing the network itself—was to build an excellent 

dataset that was both detailed and covered a wide variety of scenarios. To do this, we used a 

high-fidelity, real-time power electronics emulator of a photovoltaic array (PVA), a 

specialized platform developed and validated at the LEPCI laboratory at the University of 

Sétif 1 [98]. 

 The heart of this setup, as shown in Figure III.1, is a detailed electrical model of a PV 

array. This model was created in MATLAB/Simulink and deployed on a dSPACE DS1104 

real-time control board. It simulates a PV array made up of six modules connected in series, 

with each module containing 36 solar cells that follow the well-established Bishop model 
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[99, 100]. This platform gives us a powerful and flexible environment to generate a huge 

range of I-V characteristics under perfectly controlled conditions. 

 

 

 

 

 

 

 

 

 The goal of the dataset was to capture the wide range of situations a PV system might 

face in the real world. To achieve this, the authors systematically changed the environmental 

conditions and introduced a wide variety of common faults. This process yieded data for one 

healthy state and five major fault categories. By breaking these down further by severity and 

pattern, a total of 22 distinct operational classes were defined. 

  To make sure our model could generalize well, approximately 130 unique I-V curves 

were generated for each of these 22 classes by varying the environmental settings. This 

resulted in a comprehensive database of nearly 2,860 samples. The specific conditions and 

fault scenarios that were simulated are detailed below: 

 Healthy Condition (NF): Normal operation where irradiance (G) was varied from 100 to 

1000 W/m² and temperature (T) from 0°C to 60°C. 

 Fault 1(F1): Partial Shading ( PS) : 9 different shading patterns were simulated, 

varying the number of shaded cells (25%, 50%, 75%) and the number of affected 

modules (one, two, or three). 

 Fault 2 (F2): Increased Series Resistance (ISR): 5 levels of severity were created by 

increasing the series resistance of one module by 1 Ω, 5 Ω, 10 Ω, 15 Ω, and 20 Ω. 

 Fault 3 (F3): Bypass Diode Short-Circuit (BPD short): 1 scenario where a single 

Figure III.1. Photograph of the emulator used for data collection: 1) buck 

converters, 2) load 3) programmable power source, 4) scope, 5) ControlDesk, 6) 

DS1104 platform .[98] 
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bypass diode in the array is short-circuited. 

 Fault 4 (F4): Bypass Diode Impedance Fault (BPD imp) :5 scenarios where a bypass 

diode is modeled as a faulty impedance with resistance values of 1 Ω, 5 Ω, 10 Ω, 15 Ω, 

and 20 Ω. 

 Fault ( (F5): PV Module Short-Circuit ( Mod short): 1 scenario where an entire 

module is short-circuited. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure III.2. Comparison of I-V curve families under different operational conditions. 

 

The plots show all 130 curves for the healthy state (NF) and representative examples for 

each of the five fault classes (F1-F5), demonstrating the rich diversity of the generated 

dataset. 
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 To visually illustrate the impact of these different operational conditions, Figure III.2 

presents a sample set of I-V curves from our generated dataset. It shows the full range of 

curves produced under healthy conditions (NF) and compares them with representative 

examples from each of the five major fault categories. 

 As the plots clearly show, each fault type imposes a unique and complex signature on 

the I-V characteristic. For example, partial shading (F1) introduces multiple "knees" in the 

curve, while an increased series resistance (F2) alters its slope. It is this rich diversity of 

behaviors that provides our BiLSTM model with the necessary information to learn the 

underlying dynamics of the system. 

III.2.2 Problem Formulation: A Unified State-Space Approach 

 Before focusing on the data particulars, we will first rigorously set up the problem 

within a state-space context. This will also allow us to clarify how our chosen method 

differs from the more traditional Neural State-Space Model (NSSM) architecture we 

discussed in Chapter II. 

III.2.2.1 The General State-Space Framework 

 At its heart, a photovoltaic system is a dynamic system. Its behavior is governed by an 

unobservable internal state, x(k), which represents all the internal physical processes at a 

given moment. This internal state evolves and, along with the current external inputs u(k), 

produces the final measurable output, y(k). 

 As we established, this entire process can be described by a pair of general discrete-

time equations: 

The State Equation, which describes how the internal state changes: 

        1 , x k f x k u k                                                                                     (III.1) 

 The Observation Equation, which describes how the output is generated from the 

state: 

         ,y k g x k u k                                                                                        (III.2)                                           

The goal of "black-box" system identification is to find a single model that can learn to 
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approximate both of these unknown nonlinear functions, f and g, using only the input-output 

data we can observe. 

III.2.2.2  Our Contribution: A Unified and Implicit Learning Approach 

 This is where our approach diverges from the classic NSSM architecture. While the 

traditional NSSM uses a decomposed structure with two separate sub-networks, our 

contribution is to use a more flexible and unified approach to capture the complex dynamics 

of a PV system. 

 Because the behavior of a PV system is highly nonlinear and depends heavily on 

changing environmental conditions (like irradiance and temperature) as well as its own 

health status, we frame the I-V curve modeling problem as a sequence-to-sequence task 

within a state-space context. 

Here's how our "all-in-one" method works: 

 We use a single Bidirectional LSTM (BiLSTM) network to learn the entire state-space 

model implicitly. 

 The network is trained to predict the sequence of current values (I) based on an input 

sequence containing a voltage sweep (V) along with the contextual conditions (irradiance G, 

temperature T, and fault state D). 

 During this process, the network's internal hidden state, h(k), learns to act as an 

estimator of the actual physical state, x(k). 

 In essence, by learning this sequence-to-sequence mapping, the BiLSTM's internal 

dynamics are forced to approximate the state transition function f, while its output layers 

learn to approximate the observation function g. The network is free to choose how it 

represents the state because it's not stuck with a preset two-part design. One of the main 

goals of our study is to verify that this learned state fits with physical reality. 

III.2.3 The BiLSTM Architecture for State-Space Modeling 

To learn the complex, nonlinear state-space functions f and g directly from our sequential 

data, we selected a stacked Bidirectional Long Short-Term Memory (BiLSTM) network as 

the core of our identification model. 
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III.2.3.1  Rationale for the Architectural Choice 

This choice was motivated by several key factors that we established in Chapter II. 

 First, the LSTM cell is specifically designed to overcome the vanishing gradient 

problem, making it capable of capturing long-term dependencies within the I-V curve 

sequence. 

 Second, the bidirectional nature of the BiLSTM is a critical advantage for our task. 

This is what gives the BiLSTM its real power: it gets to see the whole picture. By 

processing the sequence from both the start and the end simultaneously, the model at any 

point k has a much richer understanding of its context. It knows what came before and 

what's coming next. This ability to see the full story is especially crucial for modeling the 

complex shapes caused by faults like partial shading. 

III.2.3.2 Proposed Model Implementation 

 The specific architecture we implemented is a stacked BiLSTM network, designed for 

the sequence-to-sequence regression task. As visualized in Figure III.3, the model is 

composed of several layers, each playing a specific role in transforming the input sequence 

into the final predicted current sequence. 

 

 

 

 

 

 

 
Figure III.3. The proposed stacked BiLSTM network architecture for I-V 

curve modeling. 
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 The key components and hyperparameters of our final, optimized model are detailed 

in Table III.1. 

Table III.1: Detailed description of the layers and key hyperparameters of the proposed 

BiLSTM model. 

Layer type Key Hyper-parameters Purpose 

Sequence Input Layer Input size Accepts the 4 x N input sequences. 

Bilstm Layer N_units_1 hidden units 
Learns low-level temporal 

dependencies. 

Dropout Layer Rate: D_rate_1 Regularization to prevent overfitting 

Bilstm Layer N_units_2 hidden units . Learns high-level temporal features 

Dropout Layer Rate: D_rate_2 Further regularization 

Fully Connected 

Layer 
FC_units units 

Performs a final nonlinear 

transformation 

Relu Layer  Introduces nonlinearity 

Fully Connected 

Layer 
unit, linear activation 

Maps features to a single scalar output 

(Îk) for each time step 

Regression Layer  
Computes the Mean Squared Error loss 

for training 

 

 Input Layer: This layer accepts the input sequences, which have a dimension of 4 x N 

(four features for N time steps). 

 Stacked BiLSTM Layers: At the heart of our model are two stacked BiLSTM layers, 

which work together to build up a deep understanding of the data. The first layer does the 

initial heavy lifting, looking at the raw input sequence to learn the basic, low-level patterns 

over time. It then passes its findings on to the second BiLSTM layer. The second layer uses 

this pre-digested information to look for bigger-picture, more abstract trends in the data. 

This stacking approach lets the network build a hierarchical view, where each layer builds 

on the insights of the one before it. 

 Dropout Layers: To prevent overfitting, a dropout layer is applied after each BiLSTM 

layer. Dropout is a simple but powerful trick: at each step of the training, it randomly 
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ignores a fraction of the neurons. The effect is that the network can't put all its eggs in one 

basket, relying on just a few highly specialized neurons. By forcing the network to find 

multiple ways to represent the information, it learns features that are more robust and that 

generalize better to unseen examples. 

 Fully Connected and Output Layers: Finally, the rich feature representation from the 

final BiLSTM layer enters its final processing stage. It first goes through a dense, fully 

connected layer that uses a ReLU activation function to perform one last nonlinear 

transformation. This is then mapped to a single scalar output (the predicted current Îk) by a 

linear output layer. 

 Regression Layer: The network's final layer is a regression layer. Its job is to measure 

how far off the model's predictions are from the actual current values by calculating the 

Mean Squared Error (MSE) loss between the predicted and actual current sequences, which 

is the objective function the model aims to minimize during training. 

The specific values for the structural hyperparameters—such as the number of hidden units 

in the BiLSTM layers and the dropout rate—were not chosen arbitrarily. They were 

determined through the systematic Bayesian optimization process, which will be described 

in the next section. 

III.2.4 Training and Optimization Protocol 

 To get a truly high-performing model, the architecture itself is only half the battle. The 

other half is finding the perfect set of 'tuning knobs'—the hyperparameters—that make it 

work best for our specific problem. Many researchers do this by hand or with inefficient grid 

searches, but we wanted a more rigorous process. That's why we built our training protocol 

around Bayesian optimization. 

III.2.4.1 Hyperparameter Tuning with Bayesian Optimization 

 Bayesian optimization is a highly sample-efficient technique for finding the optimal 

values for parameters of "black-box" functions—in our case, the training process of our 

entire neural network [101-103]. The way it works is by making intelligent guesses. Instead 

of trying options at random, it builds a 'map' of how the different hyperparameter settings 
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are likely to affect the model's performance. It then uses this map to intelligently pick the 

most promising new set of hyperparameters to try next. 

For our study, we defined a search space for four critical hyperparameters: 

 The number of hidden units in the BiLSTM layers. 

 The dropout rate for regularization. 

 The number of neurons in the fully connected layer. 

 The initial learning rate for the optimizer. 

 The optimizer's goal was to find the combination of these parameters that minimized 

the validation loss. This systematic search allowed us to discover a high-performing and 

robust model configuration in a very efficient manner. 

III.2.4.2 Final Model Training 

 Once the optimal hyperparameters were identified through Bayesian optimization, the 

final model was trained using this best configuration. For the actual training, we chose 

the Adam optimizer, a robust adaptive learning rate method that we discussed in Chapter II. 

 To keep the model from simply memorizing the training data, we also implemented 

an early stopping rule. This technique acts like a 'safety switch' during training. It constantly 

keeps an eye on the model's performance on a separate validation set. If the error on that 

validation data stops getting better for a certain number of epochs (a parameter known as 

'patience'), the training process is halted automatically. This ensures that we save the model 

at the point where it generalizes best to new, unseen data, rather than continuing to train 

until it has simply memorized the training set. 

 This combination of a systematic hyperparameter search and a carefully regularized 

final training process is what allowed us to produce the robust and high-fidelity "digital 

twin" whose performance we will analyze in the next section. 
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III.2.5 Evaluation Metrics 

 Once the BiLSTM model was trained, the next step was to judge its performance 

objectively. To do this, we chose a set of evaluation metrics designed to answer two key 

questions about its predictions on the test data: 

 On average, what is the magnitude of the prediction errors? 

 Beyond just the average error, how well does the model reproduce the overall trends 

in the real data? 

 To answer these questions, we used two standard and complementary metrics for 

regression tasks. 

III.2.5.1 Root Mean Square Error (RMSE) 

 To find out how large the prediction errors are on average, we used the Root Mean 

Square Error (RMSE). This metric first calculates the square of the difference between 

each predicted current value (Ipred) and the actual current value (Ireal). It then averages 

these squared errors over all the points in the test set and takes the square root to bring the 

final value back to the original unit (Amperes). 

      
2

1

1/ *
P

real pred
i

RMSE sqrt P I i I i


 
  
 

                                              (III.3) 

 Where P is the total number of data points across all test sequences. A lower RMSE 

value indicates a better fit, meaning the model's predictions are, on average, very close to the 

true values. 

III.2.5.2 Coefficient of Determination (R²) 

 While RMSE tells us about the average error, it doesn't tell us how well the model 

explains the variability in the data. For that, we used the Coefficient of Determination, 

commonly known as R-squared (R²). 

The R² value answers the question: "What percentage of the variation in the real data does 

our model successfully explain?". It compares the errors of our model to the errors of a very 

simple baseline model that just predicts the average value of the data (Imean).         
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The R² score ranges from -∞ to 1. 

 An R² of 1 means a perfect fit; the model explains 100% of the variability. 

 An R² of 0 means the model is no better than simply guessing the average. 

 A negative R² means the model is actively worse than the simple average. 

 Together, a low RMSE and a high R² (close to 1) provide strong evidence that a model 

is not only accurate on a point-by-point basis but also captures the overall dynamic behavior 

of the system. 

III.2.5.3 Physical Parameter Validation 

 Beyond these overall error metrics, we decided to go a step further to check if our 

model made physical sense. To do this, we also evaluated its ability to predict key physical 

parameters that are not directly trained but are derived from the I-V curves. We extracted 

parameters like Maximum Power (Pmax), Voltage at Maximum Power (Vmpp), Short-Circuit 

Current (Isc), and Open-Circuit Voltage (Voc) from both the predicted and the actual I-V 

curves and compared them. This provides a crucial test of whether our data-driven model 

has learned a physically coherent representation of the PV system. 

III.3 Results and Discussion 

 In this section, we present the results of our state-space identification carried out using 

the proposed BiLSTM model. Our analysis begins by showing the complexity of the 

identification challenge itself. A look at the I-V curves in Figure III.2, which shows a 

sample from our test set, immediately reveals how dramatically the system's behavior 

changes across its different operational and fault conditions. 

 The system's state has a profound impact on the shape of the I-V curve. For example, 

under healthy conditions, the curve is typically smooth and concave. A fault like partial 

shading, however, can drastically alter this shape, introducing significant distortions and 
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often creating multiple local power maxima. The true test for any system identification 

approach, therefore, is its ability to accurately model this full range of complex, nonlinear 

behaviors, rather than just fitting a single curve shape, a point emphasized in literature 

focused on high-fidelity dynamic models [17]. 

Following this, we will evaluate the model’s predictive ability using global metrics, and then 

finish with a detailed study of its physical meaning and the internal dynamics it has learned. 

III.3.1 Optimal Model Configuration and Training Convergence 

 Table III.2 shows the final hyperparameters for our BiLSTM model, chosen using the 

Bayesian optimization process described earlier. This careful search was important to find a 

good balance between model size and regularization, which led to the reliable results 

reported in the next section. 

Table III.2: Final Hyperparameters of the Proposed BiLSTM Model 

 

 The training progress for the final model with these optimal settings is shown 

in Figure III.4. The plot tracks both the Root Mean Square Error (RMSE) and the overall 

loss function for the training and validation datasets over the course of the epochs. 

Parameter  Value Description 

Input Features  4 V, G, T, Fault State 

BiLSTM Hidden Units 140 per layer 
Number of hidden units in each of the two 

BiLSTM layers 

BiLSTM Layers  2 (stacked)  Number of stacked BiLSTM layers.  

Fully Connected Units 58 
Number of units in the dense layer before the 

output 

Dropout Rate 0.2225 Dropout rate applied after each BiLSTM layer 

Optimizer Adam Adaptive moment estimation optimizer 

Initial Learning Rate 0.0026 Initial learning rate for the Adam optimizer 

Mini-batch Size 32 Number of samples per training iteration 

Max Epochs 100 Maximum number of training epochs 

Early Stopping Patience 10 
 Number of epochs to wait for improvement 

before stopping. 
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 As the figure shows, the training was successful and stable. In the initial epochs, both 

the training and validation errors dropped sharply as the model quickly learned the 

fundamental patterns in the data. The curves then began to stabilize as the model fine-tuned 

its parameters.     

Crucially, the training was halted automatically after 23 epochs by the early stopping rule. 

This happened because the error on the validation set stopped improving, indicating that the 

model had reached its optimal point of generalization. This measure reduced the risk of 

overfitting during training, ensuring that its performance on new, unseen data would be 

reliable. The final validation RMSE at the point of convergence was 0.0475 A, confirming a 

successful and efficient training process. 

 

 

 

 

 

 

 

III.3.2 Overall Identification Performance 

 After training our model and seeing that it converged well, the next big question was 

how it would perform on brand-new data it had never seen before. To find out, we tested it 

on a separate set of 1630 I-V curves that were kept aside for this final evaluation. 

 Before evaluating the results, we converted the model’s predictions into their original 

unit (Amperes). The model achieved very strong performance, indicating that it was able to 

generalize well. Below are the main test set metrics: 

 Root Mean Square Error (RMSE): 0.0475 A 

 Coefficient of Determination (R²): 0.9974 

Figure III.4 : Training  and validation Progress of Final BiLSTM Network 
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 These numbers tell a very clear story. The extremely low RMSE shows that, on 

average, the model's predictions are very close to the real current values. At the same time, 

the R² score of 0.9974 is nearly a perfect 1.0, which means our model was able to 

explain 99.74% of the variability in the real-world data. 

 To get a more visual sense of this high level of accuracy, the correlation plot in Figure 

III.5 compares the predicted current values against the actual ones. 

 

 

 

 

 

 

 As the figure shows, the data points form a very dense and narrow cluster right around 

the( y = x ) line, which represents a perfect prediction. This tight alignment is a strong visual 

confirmation of the model's robustness and its ability to make highly accurate predictions, 

perfectly in line with the high R² score [104]. 

III.3.3 Analysis of Prediction Errors 

 While the overall performance numbers are excellent, a deeper look at the prediction 

errors can give us more insight into the model's behavior. The error distribution histogram, 

shown in Figure III.6, does exactly that. 

This chart tells a clear story about the reliability of our model. We can see that the 

distribution of errors is sharply peaked and centered almost perfectly at zero. This is a strong 

indication of two positive qualities: 

1. The model is unbiased: It doesn't systematically overestimate or underestimate the 

current values. Its errors are balanced around zero. 

Figure III.5: Correlation between Predicted and Actual Current Values on the Test 

Set. 
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2. The errors are small: The vast majority of the prediction errors fall within a very 

narrow range of ±0.1 Amperes. 

 This tight, zero-centered spread reinforces what the low RMSE already suggested: our 

model is not only accurate on average, but it is also consistently reliable across the entire test 

set. 

 

 

 

 

 

 

III.3.4 Qualitative Performance: Visualizing the Predicted I-V Curves 

 The numbers confirm that the model is very accurate, but looking at its behavior on 

specific I-V curves makes the proof even clearer. In Figure III.7, we have overlaid the 

model's predicted I-V curves directly on top of the actual, measured curves for several 

randomly selected samples from the test set. 

 

 

 

 

 

 

 

 

Figure III.6 . Distribution of Prediction Errors (Iactual - Ipredicted) on the Test 

Set 

Figure III.7 . Comparison of actual and predicted I-V curves for randomly selected test 

samples. 
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 This visual comparison confirms the model's excellent performance. We can see that 

for each sample, the two curves—predicted and actual—track each other almost perfectly. 

This holds true even as the curves cover very different voltage and current ranges, which is a 

strong visual testament to the model's robustness and generalization ability. 

 The tight agreement between the curves provides a qualitative validation of the low 

RMSE and high R² scores we reported earlier, showing that the model has successfully 

learned to capture the precise shape of the I-V characteristic under a variety of conditions. 

III.3.5  Detailed Analysis and Validation of the Identified State-Space Model 

 So far, we have confirmed that our BiLSTM model can reproduce I-V curves with a 

high degree of statistical accuracy. But a central claim of our state-space approach is that the 

model should do more than just curve-fitting; it should learn a physically meaningful 

representation of the system. In this section, we conduct a series of detailed analyses to test 

this claim. 

III.3.5.1 Dynamic Identification Performance 

 First, to visually assess how the model behaves on a dynamic trajectory, we selected a 

random sample from the test set and tracked its performance over the entire voltage sweep 

sequence. Figure III.8 illustrates this process. 

 

 

 

 

 

 

 

 

Figure III.8. Dynamic identification performance of the state-space model for 

a random test sample. Subplots show: 

 (a) input voltage u(t); (b) comparison between actual y(t) and 

predicted ŷ(t) current; (c) prediction error e(t). 
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  The figure's subplots show that when the model is given a standard voltage 

sweep as input (a), its predicted output ŷ(t) almost perfectly tracks the actual system 

output y(t) (b). The strong tracking accuracy is confirmed by the prediction error e(t) (c), 

which stays small, stable, and close to zero over the entire sequence. This shows that the 

model provides consistent and unbiased predictions across the full dynamic range of the I-V 

curve. 

III.3.5.2 Analysis of the Learned Internal State 

 The core idea of our state-space approach is that the hidden states of the BiLSTM 

should act as an estimator for the unobservable physical state of the system. To verify this, 

we first examined how these hidden states evolved for the same test sample. As shown 

in Figure III.9, the evolution of the first three components of the learned hidden state 

vector h(t) is not random.  

 

 

 

 

 

Instead, the hidden states follow a smooth and highly structured pattern that is clearly driven 

by the input voltage sweep. This tells us that the network has successfully learned a stable 

and coherent set of internal rules, a state-transition function h(k) = f(h(k-1), u(k)), which is 

precisely what a good state-space model should do. 

 To further validate that this learned state is physically meaningful, we visualized the 

final hidden state h(T) for all test samples using the t-SNE technique. The results, presented 

in Figure III.10, provide a direct look into the learned latent space.   

The t-SNE visualizations confirm that the model has learned to organize its internal state 

representation based on a clear physical hierarchy. The primary organizing factor 

is irradiance (a), followed by a secondary organization based on temperature (b) within 

each irradiance cluster, and a final, local organization based on fault categories (c). 

Figure III.9. Evolution of the first three components (h1, h2, h3) of the learned 

hidden state vector h(t) for the test sample  
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 This automatically discovered structure is robust evidence that the final hidden state is 

a physically meaningful embedding, not just a random vector. It proves that our model has 

gone beyond simple curve-fitting to construct a true, interpretable internal state-space model 

of the PV system. 

  

 

 

 

 

 

 

 

 

 

 

 

 

III.3.5 Physical Parameter Extraction 

 The last and most crucial test of physical meaning is to see if the model’s predictions 

allow us to recover key electrical parameters.. We used the predicted I-V curves for all 1630 

test samples to calculate five standard PV parameters: Pmax, Vmpp, Impp, Voc, and Isc. 

Table III.3 summarizes the results, comparing the mean of the actual and predicted values. 

The model predicts the mean maximum power (Pmax), voltage (Vmpp), current (Impp), and 

open-circuit voltage (Voc) with relative errors of less than 1%. This high level of accuracy 

(b) 

(c) 

(a) 

Figure III.10: t-SNE visualization of the learned latent space, colored by (a) 

Irradiance, (b) Temperature, and (c) Fault Category. 
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on derived physical quantities is strong evidence that the learned state-space representation 

is physically accurate. 

Table III.3: Performance on Key Physical Parameter Extraction. 

Parameter 
Mean 

Actual 

Mean 

Predicted 

Mean 

Absolute 

Error 

Relative 

Error (%) 

Pmax (W) 146.96 147.1 0.13498 0.091849 

Vmpp (V) 88.54 88.032 0.50806 0.57382 

Impp (A) 2.1939 2.1908 0.003102 0.14141 

Voc (V) 81.917 81.828 0.088648 0.10822 

Isc (A) 0.2626 0.30619 0.04357 16.59 

 A higher relative error (16.6%) was observed for the short-circuit current (Isc). 

However, as the error distribution analysis in Figure III.11 reveals, this is a statistical 

artifact, not a model weakness. The error distribution for Isc has a tall, narrow peak at zero, 

showing that the model has no systematic bias and that its absolute errors are almost always 

tiny. The large percentage in the table is simply a result of the math, as the relative error 

formula exaggerates even minor absolute errors when the actual Isc value is very low (~0.26 

A). 

 

 

 

 

 

 

  

This comprehensive analysis confirms that our identified model is not just internally 

consistent but also physically meaningful, making it a true "digital twin" of the PV system. 

Figure III.11. Probability density functions of the prediction errors for each of the 

five extracted physical parameters. 
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III.3.6 Validation Against Experimental Physical Trends 

 To confirm that our model is physically meaningful, we compared its results 

with experimental data from other studies. Although it was trained with simulations, the 

model clearly picked up the real physical trends that shape PV system behavior. 

 For example, the experimental work of Belaout et al. [98] presents the dynamic 

response of a real PV system's Maximum Power Point (MPP) to real-time changes in 

irradiance and temperature. By analyzing our model's predictions under similar changing 

conditions, we can check for qualitative agreement. 

III.3.6.1 Comparison of Physical Trends 

 According to [98] and related studies, PV systems follow two basic physical rules. The 

first is the direct link between irradiance and current: when irradiance goes up, the 

maximum power point current (Impp) grows proportionally, and as a result the maximum 

power (Pmax) increases too. 

 The second is the inverse relationship between temperature and voltage: as the cell 

temperature increases, the maximum power point voltage (Vmpp) falls. This effect slightly 

reduces the overall maximum power. 

III .3.6.2 What Our Model Has Learned 

 Our analysis of the physical parameters extracted from the model's predictions (as 

shown in Table III.3 and the t-SNE plots in Figure III.10) confirms that our model has 

successfully learned these exact relationships. 

 The t-SNE plot (Figure III.10a) clearly shows that irradiance is the primary factor 

organizing the latent space, directly reflecting its dominant impact on the current and 

power output. 

 The precise predictions of Vmpp, Impp, and Pmax under different temperatures and 

irradiance levels (Table III.3) show that the model has indeed captured these basic 

dependencies. 
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 This comparison shows that, even though the BiLSTM was trained only as a "black-

box" on static I-V curves, it still learned the key physical principles behind a PV system’s 

dynamics. The agreement with experimental results confirms the model’s physical 

consistency. 

III.3.7 Comparison with a Static Input-Output Model 

 To fully appreciate the practical advantages of our state-space approach, we needed a 

point of comparison. For this, we built and trained a standard static input-output model, 

a Multi-Layer Perceptron (MLP), on the exact same dataset. 

III.3.7.1 The Comparative Model 

 The MLP's role was to model the direct input-output relationship at each time step. It 

was trained to treat each (Vk, Ik) point as an independent sample, using the same input 

features (Vk, G, T, Fault State) to predict the current Ik. 

 To ensure a fair comparison, the MLP was designed with a comparable level of 

complexity (number of parameters) and was trained under similar conditions as our 

BiLSTM model. The structure and training settings of the MLP used for comparison are 

given in Table III.4. 

Table III.4: Configuration of the Comparative MLP Model. 

Parameter Value 

Input Features  4 

 Number of Hidden Layers  2 

 Neurons per Hidden Layer  128 

 Activation Function  ReLU 

 Output Layer  1 Neuron (Linear) 

 Optimizer Adam 

 Initial Learning Rate  0.001 

 Mini-batch Size  32 

 

 



CHAPTER III                                           Performance Analysis For Modeling Nonlinear PV Systems 

 

100 

 

III.3.7.2 Quantitative Performance Comparison 

The quantitative performance of the two models on the test set is summarized in Table III.5. 

Table III.5: Performance Comparison between the State-Space (BiLSTM) and Input-Output 

(MLP) Models. 

Model Type RMSE (A) R-squared (R²) 

State-Space (BiLSTM) 0.0475 0.9974 

Input-Output (MLP) 0.0815 0.9924 

  The data in the table clearly highlights the advantage of the state-space model. 

The BiLSTM achieves a significantly lower RMSE and a higher R² score. This model works 

better because it looks at the whole I-V curve as a sequence. The MLP treats every point 

separately, but the BiLSTM remembers what came before and what comes after. Thanks to 

this memory, it can give more accurate results. 

III.3.7.3 Qualitative Performance Comparison 

 This difference in performance is even more striking when we look at representative 

test samples, as shown in Figure III.12. 

 

 

 

 

 

 

 

 

 

Figure III.12. Qualitative comparison of the BiLSTM and MLP models on 

four representative test samples. 
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The plots reveal the qualitative superiority of the sequential approach: 

 On a clean, simple I-V curve (a), the BiLSTM's prediction is nearly perfect, while the 

MLP already shows slight deviations. 

 On a complex, noisy curve (b), the BiLSTM successfully captures the subtle 

nonlinearities, whereas the MLP's prediction is overly linear and less accurate. 

 On a highly distorted curve under a severe fault (c), the MLP's predictions diverge 

completely, failing to capture the shape of the data. The BiLSTM, though challenged, still 

manages to follow the overall trend. 

 On a low-current, erratic curve (d), both models struggle, but the MLP produces a 

simple, incorrect linear trend, while the BiLSTM still attempts to model the complex, non-

zero behavior of the data. 

 This comparison confirms that our state-space model (BiLSTM) is not only 

quantitatively more accurate but also qualitatively more robust. The main distinction is that 

the BiLSTM makes use of the sequence information, something that static input-output 

models are not built to handle. This shows the clear benefit of using a state-space approach 

when dealing with complex dynamic systems [2, 92]. 

III.4 Conclusion  

 In this chapter, we tackled our first major goal: to build a complete state-space model 

for the complex, nonlinear behavior of a photovoltaic (PV) system. To do this, we treated 

the I-V curve identification as a sequence-to-sequence problem. This allowed us to 

successfully train a stacked Bidirectional LSTM (BiLSTM) network that can act as a high-

fidelity 'digital twin' of a PV array. 

 The results clearly show that this method is effective.. The proposed model achieved 

remarkable predictive accuracy, with a Coefficient of Determination (R²) exceeding 

0.997 and an RMSE value that is very low More importantly, we went beyond simple error 

metrics to validate the physical relevance of the learned model. Our analysis confirmed that 

the model's internal hidden states learn a structured, interpretable representation of the 

system's dynamics. The key electrical parameters (like Pmax, Voc, and Vmpp) can be 

accurately extracted from its predictions. 
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 When it comes to modeling the complex dynamics of nonlinear faults, our results 

show a clear winner. The data-driven, state-space approach was able to produce a physically 

sound model that performed much better than the traditional static methods we tested it 

against. The fundamental ability of our model to capture the system's internal dynamics is 

what allows it to make both highly accurate I-V curve predictions and precise calculations of 

derived electrical parameters—a capability that static models inherently lack. 

Functioning as a "virtual test bench," this high-fidelity surrogate model could be used to 

generate realistic I-V data for the development and validation of next-generation control 

algorithms, such as adaptive MPPT techniques.This aligns with a rich body of research that 

uses such state-space models as a foundation for robust control design and predictive control 

strategies [105,106]. 

 This successful implementation highlights the key lesson of the End-to-End 

approach: This strategy, where the BiLSTM acts as its own feature extractor, is supremely 

effective for modeling and regression tasks when dealing with high-quality, information-rich 

data—such as the clean, high-resolution curves from our emulator. Under these perfect 

conditions, the stacked BiLSTM had enough power to learn the best internal representation 

straight from the raw sequence itself. This made using expert feature engineering 

unnecessary for reproducing the signal with high fidelity. 

 So, we've shown that our BiLSTM-based approach is great at modeling the system's 

behavior. This naturally leads to the next big question: can we use a similar method to 

actually make decisions about the system's health? In the next chapter, we will tackle this 

challenge by developing a robust framework for the detection and classification of faults, 

building upon the powerful tools we have established here. 
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IV.1 Introduction 

 While the previous chapter focused on modeling the continuous behavior of a 

photovoltaic system, this chapter tackles a different but complementary challenge: 

classifying its discrete state of health. Our goal is no longer to predict the exact shape of the 

I-V curve, but to make a decisive judgment: is the system healthy, or is it operating under a 

fault condition? This shift from modeling to classification is a critical step towards building 

truly intelligent monitoring systems, which is essential for ensuring the safety, reliability, 

and optimal performance of PV installations [50, 51]. 

 The field of AI-based fault diagnosis for PV systems is evolving at a rapid pace. For 

years, the research landscape was dominated by classic machine learning algorithms like 

Support Vector Machines or Random Forests applied to a handful of electrical parameters 

[107,108]. The significant shift came with deep learning. Researchers began using powerful 

Convolutional Neural Networks (CNNs) to analyze thermal images from drones, 

successfully spotting physical defects like hot spots and micro-cracks [99,109]. For time-

series data, Long Short-Term Memory (LSTM) networks became the tool of choice, proving 

effective at detecting everything from high-impedance faults in the grid [110] to the subtle 

signs of internal module degradation [111]. 

 Even more recently, the trend has moved towards hybrid and multi-modal approaches. 

Looking at the current research, two key trends stand out. The whole field is now moving 

towards more sophisticated, multi-part models. For example, a lot of new research focuses 

on building hybrid networks by linking CNNs and LSTMs together, which gives a single 

model the ability to understand both spatial and temporal data at the same time [108]. A 

second, parallel trend is the integration of traditional signal processing. To make their 

models tougher, researchers are now building techniques like the Wavelet Transform right 

into their deep learning pipelines [112]. However, despite these impressive advances, a key 

challenge remains: building a model that is robust enough to distinguish between fault 

signatures that are often subtle, non-stationary, and masked by the noise of real-world 

operating conditions. 

 This is where our work makes its second primary contribution. While many studies 

focus on a single type of data or a single "end-to-end" model, we hypothesize that a truly 

robust hybrid framework will be more effective. Our methodology is built on a complete, 
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end-to-end process. First, we use the Discrete Wavelet Transform (DWT) to perform a 

multi-resolution analysis of the I-V curves, which allows us to extract a rich set of features 

that capture the subtle signatures of different faults. Next, to ensure our model focuses only 

on the most critical information, we use Neighborhood Component Analysis (NCA) to 

intelligently select the most discriminative features. Finally, these selected features are fed 

into a Bidirectional LSTM (BiLSTM) network. As we established, the BiLSTM is ideal for 

this task as it analyzes the feature sequence in both directions, and its architecture was 

rigorously fine-tuned using Bayesian optimization to maximize its robustness. 

 So, in the rest of this chapter, we're going to walk through how we built and tested this 

hybrid framework. Section 4.2 will describe our methodology in detail, from feature 

extraction to model optimization. In Section 4.3, we'll present the classification results, 

where we will take a close look at how well our model performed and see how it stacks up 

against some of the other leading methods out there. Finally, Section 4.4 will conclude the 

chapter, summarizing our findings and setting the stage for the final synthesis of our work. 

 

IV.2 The Hybrid DWT-BILSTM Methodology 

 This section explains our hybrid fault diagnosis method in a straightforward way. The 

process starts by analyzing the raw I–V curves at different resolutions and then applies a 

BiLSTM network to carry out the final optimized classification. 

 It is important to highlight that this study relies on the same comprehensive dataset 

presented earlier in Section III.2.1. Using the same data ensures a consistent and 

straightforward comparison between the modeling and classification tasks. 

IV.2.1 Data Preprocessing and Multi-Resolution Feature Extraction 

        The first and most important step in our hybrid method is to turn the raw one-

dimensional I–V curves into a well-structured set of useful features. This step, called feature 

engineering, gives the BiLSTM model a richer view of the system, which helps it detect 

even very small fault patterns. 
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IV.2.1.1 The Rationale for a Feature-Based Approach 

 Although it is possible to train models directly on raw data, this usually comes at the 

cost of very large datasets and a strong sensitivity to noise. In real applications, diagnosing 

complex faults works better with a hybrid approach that relies on feature extraction. By first 

extracting key features from the I–V curves, the model is guided more effectively to: 

 Focus on relevant information, ignoring noise and irrelevant variations. 

 Capture both global and local characteristics of the curve's shape. 

 Create a richer input representation that leads to better classification performance. 

IV.2.1.2 Building a Comprehensive, Multi-Domain Feature Set 

 From each of the I-V curves in our database, we extracted a comprehensive set of 90 

indicators. We selected these indicators with the aim of describing the curve’s behavior 

through three distinct perspectives: 

 Multi-Resolution DWT Features: To capture the fine, local variations and non-

stationary behaviors that are hallmarks of fault conditions, we used the Discrete Wavelet 

Transform (DWT). For each I-V curve, we applied a 5-level DWT decomposition using the 

'coif5' wavelet to both the current (I) and voltage (V) signals. At every stage of the 

decomposition, we measured a few simple indicators—such as energy, entropy, skewness, 

and variance. Together, these values act like a unique signature of the curve’s shape at 

different levels of detail. Thanks to this ‘fingerprint,’ the method can detect even small 

distortions, for example those caused by partial shading. 

 Global RAW Statistical Features: To provide a global overview of the curve's 

properties, we calculated a set of raw descriptive statistics. These include standard metrics 

like max, min, RMS, skewness, kurtosis, variance, and median absolute deviation (MAD) 

for both the I and V signals, as well as slope information. 

 Physical I-V Curve Parameters: Finally, to give the model high-level, physically 

meaningful information, we extracted a wide range of standard and additional PV 

parameters. These include not only the key points (Isc, Voc, Pmax, Vmpp, Impp) but also 

the fill factor, various slopes at different points of the curve, the resistance at MPP, the 

number of power peaks (crucial for shading), and other derived metrics. 
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 The full set of these 90 extracted features is essential for robust fault detection, 

especially for identifying faults with low amplitude or intermittent behaviors [100]. The 

combination of DWT, RAW, and I-V parameter features provides a much more complete 

view of the system's state than any single feature type alone. 

IV.2.1.3 Target Label Re-Grouping 

 Following the assembly of these 90 features for each sample, the 22 original fault 

labels were grouped into six target superclasses (F0-F5) to create a more balanced and 

manageable classification problem. This re-categorization process led to a final set of 2210 

samples. The dataset was then stratified and normalized following the procedure outlined in 

the previous chapter, which prepared it for the next essential stage: feature selection. 

IV.2.2 Feature Selection with Neighborhood Component Analysis (NCA) 

IV.2.2.1 The "Curse of Dimensionality": Why Feature Selection is Necessary 

 Once the complete set of 90 features had been extracted, we encountered a well-

known challenge in machine learning: the curse of dimensionality. Having a high-

dimensional feature space—in other words, having too many input features—can cause 

several problems: 

 It can slow down the model's training process significantly. 

 It can introduce noise and irrelevant information that confuses the model and harms its 

performance. 

 It increases the risk of overfitting, where the model learns to memorize noise in the 

training data instead of the actual underlying patterns. 

 To address this, the next critical step in our methodology was to select only the most 

useful and informative features from this initial set. 

IV.2.2.2 Our Chosen Method: Neighborhood Component Analysis (NCA) 

 For this feature selection task, we chose Neighborhood Component Analysis (NCA), a 

powerful, supervised, and non-linear method introduced initially by Goldberger et al. [113]. 
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The principle behind NCA is both simple and powerful. Instead of just looking at statistical 

correlations, NCA directly learns a weight or "importance score" for each individual feature. 

It does this by finding the feature weights that would maximize the classification accuracy 

of a simple k-nearest neighbors (k-NN) classifier on the training data [114]. In other words, 

NCA automatically gives a high score to the features that are most helpful in grouping 

samples from the same fault class together, while assigning a low score to those that are 

noisy or irrelevant. 

 By applying this method and setting a threshold on the resulting weights, we were able 

to create a lean and robust set of information, highly focused on the fault classification task. 

This cleanup step is a critical part of our framework for building a BiLSTM model that is 

both accurate and computationally efficient. 

IV.2.3 The BiLSTM Classifier and its Optimization 

IV.2.3.1 The BiLSTM Classifier Architecture 

 Once NCA refined the feature set, the final step was to train a powerful classifier to 

learn the mapping from the feature sequences to the fault labels. For this task, we chose the 

Bidirectional LSTM (BiLSTM) network, whose architecture and theoretical advantages we 

detailed in Chapter II. 

The BiLSTM is the ideal choice for this problem for two key reasons: 

  It is designed for sequential data. Although our input is a set of features, these features 

(especially the DWT indicators) have a natural sequence, representing different scales of 

analysis. The BiLSTM can learn patterns and dependencies across these different scales. 

 It captures bidirectional context. By processing the feature sequence in both forward 

and backward directions, the BiLSTM can make a more robust classification decision, as the 

signature of a fault can be defined by the relationship between all the features, not just in 

one order. 

 Our specific implementation consists of an input layer that accepts the sequence of 

selected features, a BiLSTM layer to learn the temporal/sequential patterns, followed by 

several fully connected layers that perform the final classification 
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IV.2.3.2 Ensuring Robustness through Bayesian Optimization 

 A good architecture still needs the correct hyperparameters to work well. Rather than 

using default values or adjusting them by hand, we applied Bayesian optimization to 

systematically find the best setup for a robust and accurate model. 

As described in Chapter III, this technique intelligently explores the hyperparameter space to 

find the combination that minimizes the classification error on a validation set. For this 

classification task, we optimized four key hyperparameters: 

 The number of hidden units in the BiLSTM layer. 

 The dropout rate for regularization. 

 The size of the fully connected layer. 

 The initial learning rate. 

 By systematically optimizing these parameters, the model’s quality comes from a 

well-structured design, not from luck. Details of the final architecture and training 

parameters are presented in the Results section. 

IV.3 Results And Analysis 

 In this section, we share the results of our hybrid DWT-BiLSTM model. We begin by 

looking at the raw data to see the main difficulties, then show how feature selection makes 

the data clearer, and finally present how well the optimized classifier performs. 

IV.3.1 Initial Feature Space Visualization 

 Before we could even begin to select features, we first needed to understand the data 

we were working with. Our feature extraction process gave us a rich, 90-dimensional 

dataset, but is this data well-structured for a classification task? 

 To get a first look at the richness of our initial dataset, we can visualize some of the 

key DWT features. Figure IV.1 shows the DWT energy indicators for a single, 

representative sample from each of the six fault classes. Even with this simple view, we can 

see that the different fault types create very different energy profiles across the wavelet 

decomposition levels. This confirms that our feature extraction is capturing unique and 

potentially discriminative information. 
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To provide a complementary perspective, Figure IV.2 illustrates the DWT entropy indicators 

for a sample of each class. 

 

 

 

 

 

 

 

  

 

 These entropy profiles provide another layer of information about the fault signatures. 

While energy captures the magnitude of the signal's variations, entropy captures its 

complexity or disorder. The distinct shapes of these entropy curves for each fault type 

further confirm that our DWT-based features contain rich, discriminative information. 

 Finally, to get a broader picture of the entire feature set, Figure IV.3 illustrates the 

distribution of all three types of indicators (DWT, RAW, and I-V) for a representative 

sample of each class. 

Here again, we see a notable variability between the different fault classes. The diversity in 

these distributions—from energy, entropy, and other statistical measures—shows that our 

initial feature set is rich and contains the necessary information to help the BiLSTM model 

Figure IV.1: DWT Energy indicators for one sample from each class  

Figure IV.2: DWT Entropy Indicators for One Sample from each Class  
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effectively distinguish the normal state from the various faulty states. However, it also 

highlights the complexity and high dimensionality of the problem we need to solve before 

moving on to classification. 

  

  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

IV.3.2 Feature Selection Using NCA and Its Impact on the Input Space 

 When we explored the dataset, we saw that the 90 features carry a lot of valuable 

details. Still, some of them are redundant or not very helpful, and this could slow down 

learning and affect performance. The next step was to use Neighborhood Component 

Analysis (NCA) to select only the most relevant features intelligently. To address this, we 

used Neighborhood Component Analysis (NCA) to perform a principled feature selection. 

 The core idea of NCA is to assign an "importance weight" to each feature based on its 

relevance for classification. The resulting weights for each of the 90 original features are 

shown in Figure IV.4. 

 

Figure IV.3: Distribution of Feature Values by Category for1 Sample per Class  
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 This graph provides a fascinating insight into the structure of our data. We can see a 

wide diversity of weights. Many indicators have a weight very close to zero, which confirms 

our hypothesis that they provide little to no useful information for distinguishing between 

the different fault classes. 

 On the other hand, the graph clearly shows that a select few features matter a lot more 

than the others. We can see several distinct peaks, with the feature located around index 75 

having by far the highest score, making it the single most essential piece of information for 

our classifier. This tells us that a relatively small group of features is doing most of the 

"heavy lifting" in the classification task. 

 By applying a threshold of 0.0556 to these learned weights, the NCA process allowed 

us to systematically reduce our feature space from the original 90 features down to a more 

focused and robust set of 51 features. 

 A crucial aspect of this result is that the NCA process maintained a healthy balance 

between the three types of information. The final 51-feature set still contains significant 

contributions from each of our original categories: 

 The DWT features, which capture the dynamic phenomena of the curve. 

 The RAW statistics, which provide a global overview of deviations. 

 The I-V parameters, which directly reflect the health status of the PV modules. 

 This confirms the relevance of our hybrid feature extraction approach. The final, 

reduced feature set is now a lean but powerful representation of the system's state. This 

reduction allows the BiLSTM to focus its training on the most essential information needed 

Figure IV.4: NCA Feature Weights for the initial 90 indicators 

  



CHAPTER IV               Fault Classification in a Nonlinear PV System : A DWT-BiLSTM Approach 
 

 

112 

 

to detect and classify the different types of PV defects, while eliminating the noise from less 

important characteristics. 

IV.3.3 BiLSTM Classifier Performance and Detailed Analysis 

 After the preprocessing and NCA selection phases, our final dataset consisted of 2210 

samples, which were split into a training set (1768 samples) and a test set (442 samples). 

The 51 selected features for each sample were then structured into sequences of six time 

steps, with each step represented by a vector of 35 indicators (eight dynamic DWT metrics 

combined with 27 static RAW and I-V indicators). This prepared data was then used to train 

and evaluate our proposed BiLSTM model. 

IV.3.3.1 Optimization of Model Hyperparameters by Bayesian Approach 

 A key part of our methodology was to systematically optimize the model's 

hyperparameters to find the best possible configuration. To do this, we used Bayesian 

optimization (Bayesopt), which aims to find the hyperparameter combination that reduces 

the classification error measured on the validation set. In our case, we targeted four key 

hyperparameters: the number of BiLSTM units, the dropout rate, the number of units in the 

final fully connected layer, and the initial learning rate. 

The optimization process was carried out over 20 iterations, which allowed it to explore 

different combinations of parameters efficiently. The optimal values found by the Bayesopt 

algorithm are summarized in Table IV.1. 

Table IV.1: Optimal hyperparameters determined by Bayesian optimization. 

Hyperparameter 
Search 

Range 

Optimal 

Value  
Description 

BiLSTM Units [40-150] 106 
Number of neurons in the 

BiLSTM layer. 

Dropout Rate [0.1-0.6] 0.1445 
Dropout rate for 

regularization. 

FC Units [40-750] 500 
Size of the dense (Fully 

Connected) layer. 

Learning Rate [1e-4, 2e-3] 2.48 e-4 
Initial learning rate of the 

model. 
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 We then took these optimal values and used them to put together our final model 

architecture. You can see the full configuration and all the training parameters we used in 

Table IV.2. It is worth noting that a number of additional training techniques also played a 

key role in reaching this level of performance. Class weights were applied during training to 

correct for the imbalance between the different fault classes (particularly the predominance 

of the F1 shading class). The training process used the Adam optimizer, an early stopping 

mechanism to prevent overfitting, and dropout for regularization. 

Table IV.2: BiLSTM Model Architecture and Training Hyperparameters. 

  

Parameter Value Explanation 

Input Layer 35  Receives the input sequence at each time step 

BiLSTM Layer  Optimized Captures temporal dependencies in both directions 

Dropout Rate Optimized Reduces overfitting by deactivating neurons 

Fully Connected 

Layer 1 FC1  
Optimized First classification layer after the BiLSTM. 

ReLU Layer  - Introduces non-linearity after the FC1 layer 

Fully Connected 

Layer 2  FC2 
6 units Final output layer with one neuron per class. 

Softmax Layer  - Converts the output scores into class probabilities. 

Classification 

layer 
- Computes the loss and finalizes predictions 

Learning Rate Optimized Initial learning rate for the Adam optimizer 

Mini-batch Size 16 Number of samples processed in each iteration 

Max Epochs 300 The maximum number of epochs for training 

Early Stopping 

Patience 
15 

Number of epochs without improvement before 

stopping training 

  

 The decision to use Bayesian optimization instead of relying on default values was a 

critical factor in improving our model's performance. If we had just used the default settings 

for our model, the results would have been very different. Our systematic tuning process 

ended up discovering a much better configuration. It learned, for instance, that a dropout rate 

of 0.1445 —a third of the typical default—was far more effective. It also found that a slower 

learning rate of 2.48 x 10⁻⁴ was the key to a stable and accurate training process. These 

carefully chosen settings are the reason we were able to achieve the remarkable performance 

we will now describe. The effectiveness of this process is illustrated in the convergence plot 

in Figure IV.5. 
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IV.3.3.2 Quantitative and Per-Class Performance Analysis 

 To really understand how well our final model performs, we knew we had to go 

deeper than a single accuracy score. So, to get a complete, detailed picture of its capabilities, 

we used a whole set of more specific metrics. This includes looking at the confusion matrix, 

as well as the recall and F1-score for each individual fault class. 

The initial evaluation revealed excellent overall performance. The model achieved an 

accuracy of 97.17% on the training set and 96.15% on the test set, corresponding to a low 

test error rate of just 3.85%. We also obtained a strong Kappa score of 0.9422, which 

indicates a "Very Good" match between our predictions and the real results. These metrics 

show that our classifier is trustworthy and generalizes well to new data. The Table IV.3 

presents the performance of the BiLSTM model broken down by each fault class. 

Table IV.3: Evaluation Results of the BiLSTM Model by Fault Class. 

Class Precision Recall F1-Score 
Number Of 

sample 

F0 Normal 96.2 0.962 0.962 26 

F1 Shading 99.6 1.000 0.998 234 

F2 ISR 100 0.808 0.894 78 

F3 BPD Short 100 1.000 1.000 26 

F4 BPD Imp 78.5 0.981 0.872 52 

F5 Mod. Short 96.3 1.000 0.981 26 

Figure IV.5:  Convergence plot of the Bayesian optimization process. The gray 

circles represent the validation error for each of the 20 individual trials. The red 

line tracks the best validation error found up to each iteration, 
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 As the table shows, the model demonstrates an excellent ability to discriminate 

between the different classes. It shows exceptional reliability for several key fault types, 

achieving a perfect F1-score of 1.000 for F3 (BPD Short) and near-perfect scores of 0.998 

and 0.981 for F1 (Shading) and F5 (Module Short), respectively. Both of these latter classes 

also benefit from a perfect recall of 1.000. The normal operating condition (F0) is also 

identified with high confidence, achieving a robust F1-score of 0.962. 

However, the analysis also reveals a critical interaction between the F2 (ISR) and F4 (BPD 

Impedance) classes. 

 For the F2 class, the model achieves perfect precision (100%), but its recall is lower 

at 0.808. This indicates that while its F2 predictions are always correct, it fails to 

identify approximately 19% of the actual ISR faults. 

 Conversely, the F4 class exhibits an excellent recall of 0.981 but a lower precision of 

78.5%. This suggests that while nearly all F4 faults are correctly found, the model 

sometimes incorrectly classifies other faults as F4. 

This trade-off is further illustrated in the graph of per-class metrics (Figure IV.6) and the 

confusion matrix, which we will analyze in the next section. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure IV.6: Graph of Per-Class Metrics ( Precision, Recall and F1-score 
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IV.3.4 Visual Analysis of Classification Performance 

 While tables of metrics are precise, visual tools often give us a more intuitive 

understanding of a model's behavior. In this section, we will use the confusion matrix, a 

success rate plot, and a t-SNE visualization to take a deeper look at our classifier's strengths 

and weaknesses. 

IV.3.4.1 The Confusion Matrix: A Detailed Look at the Model's Decisions 

 Let's take a closer look at the model's choices using the confusion matrix in Figure 

IV.7. It's a simple grid that gives us a visual report card of our model's performance on the 

test data. Each cell in the grid tells us how many samples from a real-world fault class ended 

up being classified correctly or incorrectly. 

 

 

 

 

 

 

 

 The first thing we notice is the strong diagonal line, which represents correct 

classifications. This confirms the model's excellent overall performance, with particularly 

high accuracy for the Shading (F1), BPD Short (F3), and Module Short (F5) classes. 

 However, the matrix also clearly highlights the main challenge of this classification 

task: the significant confusion between the F2 (ISR) and F4 (BPD Impedance) classes. We 

can see that several real-world samples of the F2 class were misclassified as F4. This 

confirms a well-known issue in PV diagnostics: distinguishing between an increase in series 

resistance and a faulty bypass diode impedance is the primary fault classification challenge, 

as their electrical signatures can be very similar [98, 99]. This remains a significant area for 

Figure IV.7: Confusion matrix for the BiLSTM model on the test set 
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future work. From the confusion matrix, we can also directly calculate the model's overall 

precision on the test set: 

Pr
Number of correct prediction

ecision
Total number of test samples

                  (IV.1) 

424
Pr 96,15%

442
ecision    

   IV.3.4.2. Success Rate by Class 

 To visualize the recall for each class more directly, we can plot the success rate, as 

shown in Figure IV.8. This chart graphically illustrates the "hit rate," or the percentage of 

samples from each class that were correctly identified. 

 

 

 

 

 

 

  

 

 

 This plot confirms the excellent recall values for most of the defect classes, especially 

F1, F3, and F5, which all reach 100%. It also visually highlights the lower, though still 

strong, recall for the F2 class (80.8%), providing another view of the confusion with the F4 

class. 

IV.3.4.3 Visualizing Defect Separation with t-SNE 

 Finally, we wanted to see how the network itself is "thinking" about the different fault 

classes. To do this, we used a t-SNE visualization, which takes the high-dimensional data 

representations learned by the network and projects them down into a 2D space that we can 

look at. The t-SNE plot, shown in Figure IV.9, reveals how the data representations learned 

by the network's final layers are clustered. 

Figure IV.8: Success Rate (recall) by class for the BiLSTM model 
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 This visualization is very revealing. It shows that despite some overlap between the F2 

and F4 classes, the model has learned to create largely distinct clusters for each fault type. 

This better separation is a direct result of our hybrid approach: the detailed features 

extracted by the DWT and the bidirectional processing of the BiLSTM have given the model 

the information it needs to tell these tricky defects apart. 

 The fact that our model achieves high F1-scores for both F2 (0.894) and F4 (0.872), 

even with their similarities, proves the effectiveness of our approach. It shows that the 

combination of rich preprocessing and an optimized BiLSTM architecture allows us to 

distinguish between defects much more effectively, even those that are difficult to separate. 

 

 

 

 

 

 

 

 

 

 

 

 

IV.3.5 Validating the Architectural Choices 

 Our hybrid framework is built on two big ideas. The first was to use a bidirectional 

architecture (the BiLSTM), and the second was to feed it with innovative features that we 

extracted using the DWT, rather than just raw data. In this final section of our analysis, we 

will present results that validate these choices by comparing our model's performance 

against two vital benchmarks: a unidirectional LSTM and a state-of-the-art model from the 

literature. 

 

Figure IV.9: t-SNE visualization of the activations of the relu1 layer of the 

BiLSTM model 
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IV3.5.1 The Importance of Bidirectional Context: BiLSTM vs. Unidirectional LSTM 

 To prove that analyzing the feature sequence in both directions is a critical advantage, 

we trained a standard unidirectional LSTM model using the exact same data, features, and 

training protocol. We then compared its performance on a class-by-class basis against our 

final BiLSTM model. 

 The architecture of this comparative unidirectional LSTM was designed to be as 

similar as possible to our main BiLSTM model to ensure a fair benchmark. Its detailed 

configuration and training hyperparameters are presented in Table IV.4. 

Table IV.4: Configuration of the Comparative Unidirectional LSTM Model. 

Parameter Value 

Input Features 35 (from the 51 selected) 

Number of LSTM Layers 1 

Neurons per LSTM Layer 100 

Dropout Rate 0.2 

Number of FC Layers 2 

Neurons in First FC Layer 100 

Activation Function ReLU 

Output Layer 6 Neurons (Softmax) 

Optimizer Adam 

Initial Learning Rate 0.001 

Mini-batch Size 32 

Regularization Class Weighting, Early Stopping 

 

The complete results of this comparison can be found in Table IV.5. and visualized in Figure 

IV.10. 

The results show a clear and significant superiority for the BiLSTM model across almost all 

metrics. While the unidirectional LSTM performs reasonably well on the simpler fault 

classes, its performance drops dramatically on the more challenging ones. 
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Table IV.5: Comparative performance of the BiLSTM and unidirectional LSTM models. 

 Class 
BiLSTM 

Precision 

LSTM 

Precision 

BiLSTM 

Recall 

LSTM 

Recall 

BiLSTM 

F1-Score 

LSTM F1-

Score 

F0  96.2 78.1      0.962 0.961  0.962 0.862 

F1  99.6 99.1 1.000 1 0.998 0.995 

F2  100 67.3      0.808 0.871    0.894 0.759 

F3  100  86.3    1.000 0.730  1.000 0.791 

F4  78.5   66.6      0.981 0.346   0.872 0.455 

F5  96.3 95.8      1.000 0.884      0.981 0.920 

  

            

  

  

 

 

 

 

 

 The most telling difference is in the model's ability to distinguish between the difficult 

F2 (ISR) and F4 (BPD Impedance) classes. 

 The BiLSTM achieves respectable F1-scores of 0.894 for F2 and 0.872 for F4. 

 In stark contrast, the unidirectional LSTM completely fails on this task, with F1-

scores dropping to 0.759 for F2 and a very poor 0.455 for F4. 

This demonstrates that the "forward-only" view of the unidirectional LSTM is not sufficient 

to capture the subtle signatures of these faults. The ability of the BiLSTM to see the "whole 

Figure IV.10: Visual comparison of Precision, Recall and F1-Score by Class, 

for BiLSTM vs. LSTM Models 
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story"—using both past and future context within the feature sequence—is precisely what 

allows it to separate these tricky defect classes better. This confirms that our choice of a 

bidirectional architecture was not just a minor improvement, but a fundamental requirement 

for achieving robust performance on this problem. 

IV.3.5.2 Benchmarking Against Previous Work: Comparison with MC-NFC 

 To further validate our model's performance, we benchmarked it against an existing 

state-of-the-art approach: the multiclass neuro-fuzzy classifier (MC-NFC) proposed for the 

same PV fault diagnosis problem in [99]. 

a- Challenges of a Fair Comparison 

 Making a direct, apples-to-apples comparison between the two models presented some 

challenges. The reference study in [99] uses different metrics for its evaluation, focusing on 

per-class RMSE and R² without including standard classification indicators like precision or 

recall. Furthermore, their MC-NFC model uses a "one-against-all" binary classifier strategy, 

whereas our BiLSTM model is a true multiclass classifier. 

 This difference could affect the interpretation of a comparison based solely on RMSE. 

For this reason, we decided to use the per-class R² score as the most reliable driver for our 

comparison, as it measures how well each model can explain the variance for each specific 

fault type. To ensure the comparison was as fair as possible, the per-class R² for our 

BiLSTM model was calculated using the exact same formula as the one used in the 

reference study. 

b- Analysis of the Comparative Results 

The results of this comparison are presented in Table IV.6. 

 From these results, it is clear that our DWT-BiLSTM model demonstrates a 

performance that is either equivalent or significantly superior to the reference MC-NFC 

model across all analyzed defect classes (F1 to F5). 

 For the Shading (F1), BPD Short (F3), and Module Short (F5) classes, both models 

reach or approach a perfect performance, with R² scores at or near 1.00. This shows 

that for these more distinct fault types, both methods are highly effective. 
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 However, the real test comes with the more challenging and confusable fault types. 

Here, our model shows significant improvements: 

 For the ISR (F2) fault, the R² of our BiLSTM is 0.87, compared to just 0.65 for the 

MC-NFC. 

 For the BPD Impedance (F4) fault, the R² of our BiLSTM is an outstanding 0.98, 

compared to 0.74 for the MC-NFC. 

Table IV.6: Comparative performance (R²) by fault type: MC-NFC vs. our BiLSTM. 

Class 
R² MC-NFC 

of Article [99] 

R² of our 

BiLSTM 

Relative 

performance of 

BiLSTM 

F0 Normal N/A 0.00 - (non-comparable) 

F1 Shading 0.95 1.00 Better 

F2 ISR 0.65 0.87 Significantly Better 

F3 BPD Short 1.00 1.00 Identical 

F4 BPD Imp 0.74 0.98 Significantly Better 

F5 Mod. Short 1.00 1.00 Identical 

 

 This dramatic outperformance, especially on the most difficult-to-distinguish fault 

types, provides strong proof of the effectiveness of our hybrid approach. The combination of 

rich, multi-resolution DWT features and the powerful bidirectional processing of the 

BiLSTM has made it possible to distinguish between complex fault signatures much more 

effectively than previous methods, even those that are difficult to separate. 

IV.4 Conclusion 

 This chapter set out to tackle a different but complementary challenge to the previous 

one: instead of modeling a PV system, our goal was to classify its state of health. We started 

with the hypothesis that for a complex problem like fault diagnosis, a robust hybrid 

framework would be more effective than any single, monolithic approach. 



CHAPTER IV               Fault Classification in a Nonlinear PV System : A DWT-BiLSTM Approach 
 

 

123 

 

 The results we have presented strongly support this hypothesis. Our work has 

demonstrated the power of a complete and rigorous methodology that combines three key 

pillars: multi-resolution feature extraction using the DWT, intelligent feature selection with 

NCA, and a robust BiLSTM classifier whose architecture was systematically optimized 

through Bayesian optimization. 

 The results speak for themselves. With a final classification accuracy of 96.15% on the 

test set, our DWT-BiLSTM model proved to be highly effective. When we compared our 

model to a standard unidirectional LSTM and another leading method, a clear winner 

emerged. Our BiLSTM framework proved to be far more robust, especially on the most 

difficult part of the problem: correctly separating the challenging ISR and BPD Impedance 

faults. 

 This superior robustness confirms the necessity of the hybrid approach for high-level 

decision tasks. Unlike the modeling task (Chapter III), where the network reproduced a 

clean signal, the goal here was to make a robust decision based on subtle, often non-

stationary signatures (e.g., those causing F2 and F4 confusion). In this context, expert 

feature engineering using the DWT was vital, allowing us to distil the raw signal into a 

smaller, highly informative set of indicators. This targeted input made the learning task 

easier for the BiLSTM, ensuring high accuracy and better generalisation even with a 

moderately sized dataset. 

 This high performance can be attributed to our model's ability to learn complex 

relationships directly from a rich, well-curated set of features. 

 However, our analysis also honestly acknowledged the remaining challenges. The 

residual confusion between the F2 and F4 fault classes highlights a fundamental difficulty in 

PV diagnostics and points to valuable directions for future research. 

 Ultimately, this chapter has delivered on its promise. It has presented a high-

performing and robust solution for PV fault monitoring. But more importantly, it has 

validated a powerful methodological strategy—combining advanced signal processing with 

an optimized deep learning architecture—that can be extended to other complex 

classification problems. 
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 Having now successfully demonstrated the power of the BiLSTM for both modeling 

(Chapter III) and classification (Chapter IV), we are fully equipped to take a step back. In 

the final chapter, we will conduct a transversal analysis, comparing the performance and 

characteristics of these two approaches to draw more general conclusions about the use of 

dynamic neural networks in engineering. 
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General Conclusion 

 This doctoral work began with a fundamental question at the intersection of control 

theory and artificial intelligence: for the "black-box" modeling of nonlinear dynamic 

systems, does the state-space approach offer real advantages over traditional input-output 

models? To answer this question, we studied dynamic neural networks across two distinct 

yet complementary tasks: fine-grained modeling and robust classification, using the 

photovoltaic (PV) system as a challenging case study. 

 We first examined the basics of neural networks, observing how they evolved from 

simple, static models to more advanced ones, such as the BiLSTM, which can retain 

memory from both the past and the future. This groundwork laid the groundwork for our 

main contributions, with a strong focus on the specific learning methods required for these 

complex models, notably Backpropagation Through Time (BPTT) and newer optimisation 

techniques.  

 Our research takes place against the backdrop of a significant shift in global energy 

use. The rising demand for energy is prompting many countries to rely more heavily on 

renewable sources, particularly solar power. However, ensuring these systems are reliable 

remains a big challenge. Photovoltaic installations can face numerous problems—from 

partial shading to cell wear—that reduce their output, increase maintenance costs, and may 

even impact the safety of the electrical grid. Faced with this challenge, the development of 

fast, accurate, and robust modeling and diagnostic methods is no longer an option, but a 

necessity. It is precisely to meet this need that we turned to dynamic neural networks. 

 This work contributes to examining the benefits of black-box modeling of nonlinear 

dynamic systems using dynamic neural networks described in state-space, compared to 

input-output models. Our results clearly answered the initial question: the state-space 

approach does indeed offer significant advantages. Our work proved that the BiLSTM 

architecture is remarkably versatile. It performed exceptionally well on both fine-grained 

regression (like modeling, where it hit an outstanding R2 score over 0.997) and high-level 

classification (for fault diagnosis, achieving over 96% accuracy). The main reason behind 

this dual success is the BiLSTM's strong ability to grasp sequential context. 
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 Our study revealed a critical methodological trade-off: The modeling task (Chapter 3) 

was a significant success using an end-to-end approach, which proved ideal because the 

input data was clean and the goal was to reproduce the signal accurately. By doing this, we 

validated the state-space paradigm. The network's hidden states were forced to learn internal 

dynamics that made physical sense, successfully changing the opaque "black box" into a 

meaningful "grey box." Conversely, for the high-level decision task of fault classification 

(Chapter 4), the hybrid approach (DWT for feature extraction + NCA for selection + 

BiLSTM) was proven superior, as guiding the model with expert feature engineering is a 

more robust strategy for systems where fault signatures are subtle and easily confused. 

 Overall, this work helps us understand and use dynamic neural networks more 

effectively. We have demonstrated that the state-space approach is not merely an alternative 

for modeling systems; It is the best choice, allowing us to build models that are both 

extremely precise and easy to interpret. The potential synergy identified—where the 

physically coherent internal state of the "digital twin" could be used as a "super-feature" for 

future classification networks—opens a fascinating path forward for making black-box 

models less opaque and more trustworthy. 

 While our results are auspicious, we must be honest about our limits. Our primary 

constraint is relying entirely on simulated data from a high-fidelity emulator. The actual test 

for robustness will be validating these models using noisy, unpredictable real-world 

experimental data. Furthermore, residual confusion persists between inherently confusable 

fault types (e.g., ISR/BPD Impedance), and our architectural focus suggests that exploring 

newer state-of-the-art architectures, such as Transformers or Mamba, is warranted for 

comparative studies. Based on these findings, this work opens up several exciting and 

logical directions for future work, including the essential validation on real-world data and 

the implementation of the modeling-classification synergy we proposed.  

 Finally, this research clearly shows how valuable dynamic neural networks are for 

managing complex systems. They offer significant benefits for predictive maintenance and 

more intelligent control of energy systems. 
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