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Abstract :

Photovoltaic energy is widely used in water pumping systems. Under partial shading, the PV
power-voltage curve exhibits multiple local maxima, making it difficult for traditional MPPT
algorithms to reach the global maximum power point (GMPP), resulting in energy losses.

In this work, we propose the use of artificial intelligence, specifically, Deep Neural Networks
(DNN) and Shallow Neural Networks (SNN) to enhance MPPT techniques and improve the
overall performance of a PV pumping system. The induction machine is controlled via Direct
Torque Control (DTC). Simulation results confirmed the efficiency of the proposed system in
both ideal and shaded conditions, with improved tracking, reduced oscillations, and enhanced
stability.

Keywords: PV system, MPPT, DNN, SNN, Induction Machine, DTC, Partial Shading.
Résumé

L’énergie photovoltaique est largement utilisée dans les systémes de pompage d’eau. En
cas d’ombrage partiel, la courbe puissance-tension du panneau PV présente plusieurs maxima
locaux, rendant difficile pour les techniques classiques d’atteindre le point de puissance
maximale global (GMPP), ce qui entraine des pertes d’énergie.

Ce travail propose I’utilisation de I’intelligence artificielle, a travers les réseaux de neurones
profonds (DNN) et superficiels (SNN), pour améliorer le suivi du point de puissance maximale
(MPPT) et optimiser le rendement d’un systétme de pompage photovoltaique. La machine
asynchrone est commandée par la technique de contréle direct du couple (DTC). Les résultats de
simulation ont démontré 1’efficacité du systéme proposé dans des conditions idéales et en
présence d’ombrage, avec de meilleures performances de suivi, moins d’oscillations, et une
stabilité améliorée.

Mots-clés : systéme PV, MPPT, DNN, SNN, machine asynchrone, DTC, ombrage partiel.



TABLE OF CONTENTS 2024/2025

TABLE OF CONTENTS

GENETAl INTTOAUCTION. .t e snn s smnnnmensnnnsnnnnnnnnnnnnns 1

00 o oo [Uo{ T o FO OSSOSO PP 3
1.2 PhOtOVOITAIC SYSTEIM.....eiiiiiiiciece ettt e et e e nae e e sneenns 3
L.2.1 DEFINITION. ..ttt bbbt 3
1.2.2 Operating PriNCIPIE. ......oiiiieiee bbbt 3

1.3 PROtOVOITAIC CEILL.....eeeie e et 4
[.3.1 The different types of Solar CElIS........ccooiiriieiiiiiiieiieie e 5
1.3.2 EfICIONCY ...ttt e et saeeniees O
1.3.3 Electrical characteristics of a photovoltaic Cell............cooiiiiiii 7
1.3.4 Parameters of a photovoltaic Cell ..o 8
[.3.4.1 SHOIt-CIrCUIt  CUITENT .ooviiiiiieiecie et 8
[.3.4.2 Open CIrCUIt VOITAZE ......cceeiiiiieiic ettt 8
1.3.4.3 Energy effiCIENCY ..oooiiiiiecce e 9

IR T | | I = Tod o OSSP 9
1.3.4.5 Maximum power point (Pmpp) oo 9

I.4 Photovoltaic generator and itS PErfOrmManCe ........ccccooeieriiiiiieneeie e 10
1.4.1 Influence of the series association 0f PV CellS........cccooviiiiiiiiiiiie e 10

1.4.2 Influence of parallel association of PV Cells...........ccccoioiiiiiiiiciececee e 10
1.4.3 Influence of mixed association (Series + parallel) of PV cells.......................e. 11

1.5 PhOtOVOIAIC PANEI ...t te e te e 11
1.6 Photovoltaic (PV) System Simulation ...........cccoeiiiiiiiiic e o 12
[.6.1 Current-Voltage CharaCteriStiC .........ocooiiiiiiiiiiiiiiee s 12
1.6.2 Power-voltage CharaCteriStiC ........ccooiiiiiiiiiiieier s 13
1.6.3 Influence of illumination and temperature on the curves I=f (V) and P=f (V)............ 14
1.6.4 Series-parallel @SSOCIATION ..........ccuviiiiiiiiieee s 15
1.6.5 Analysis of power curves (P-V and 1-V) ..o 16

1.7. Protection of PhotOVOItAIC SYStEM.........couiiiiiiiciiee e 16
L7.1 OVercurrent Prot@CION. ...........uuiieieieiieeiieetieeieesite et estee e bt e seeesbeesaeeenbeesseesaseesseeenseeees 17
1.7.2 Overvoltage ProteCtion...........o.eiiiiiuiiii i 17
[.7.3 Ground Fault proteCtiON. .........cceeecuiieriiieeiieeeciee ettt aee e e e e eeaeeseaeeennees 17
1.7.4 Tsolation and SWItChING..........c.ooitiiiiiiiiiiiie e e nineesnineens LT
1.7.5 Protection against Electric Shock.............oooiiiiiii 17

| T B (T (0] 15101 2 ) o SRS 17
1.7.7 Environmental ProteCtion...............eiviiiiiiiiiiieeieeeee et eeaee e 18
L8, Shading. ....oviiii ittt ettt ettt ettt et st e b e naeas 18

1.8.1 Definition of Shading in PV systems.............ccooiiiiiiiiiiiiiiiiieeeeeeseeeseeeeens 18
1.8.2 Effects of Shading on PV system...........c.ooiiiiiiiiiiii e, 19



TABLE OF CONTENTS 2024/2025

1.9. Advantages and Drawbacks of Photovoltaic Energy ................coocevevieieeeececesieeieseeens 19
9.1 ACVANTAQGES. ...ttt e e 19
[.9.2 DIraWDACKS. . ..ttt e e e e e 19

L10 CONCIUSION. . ... e e e e 20

I/ i oo [0 Tod o o PSSO RUT PP PSORRTN 21
[1.2 DC-DC CONVErters (CROPPEIS) ..c.vioviiiiriiiiieiieriesie sttt 21
11.2.1 Modeling of the BOOSt CONVEITEN.........coiiiiiieieieieie s 21
[1.2.2 Modeling of the Buck Converter (Step-00WN) ........cccooiiiiininieiene e 24
11.2.2 Modeling of the BUCK-bo0ost CONVEIEr............ovviniinitiiiiieiieeeseeeeeesee e eeesveeneeenens 27
1.3 IMPPT-CONLIOL ...\ttt ettt et eetbeebeessbeesaessseessaesbeesseeanneens 29
I1.3.1 MPPT Control ClassifiCation..........ccccccuieriiiieiiiieeiieeeiee e eeree e e eeee s sane e 29
[1.3.2 INdireCt MMPT MENOUS ......ooviiiiiiiiiiece e 29
[1.3.3 DireCt MPPT MEthOUS .....coviiiiiiiii e 30
I o o Tod 11 o o PSPPI 30

TTLZINEFOTUCTION .ottt b e bt e s e e st e sbesbesbeabeeneeneas 32
[11.2 General INFOrMELION ........ooiiiiieiee e e ereas 32
12,1 DeFINITION oottt enes

32
[11.2.2 Composition of the asynchronous machine: ... 32
2,20 STALOT ...ttt et s e e b e e 33
11.2.2.2 ROEOE oottt ettt e aneas 34
I11.3 Representation of the three-phase asynchronous machine in electrical space................... 35
[11.4 Modeling of the asynchronous mMaching ...........cccccevieiiieii i 37
[11.4.1 Simplifying aSSUMPLIONS ........ccieiiiiiciiccie e 37
I11.4.2 Equations of the Generalized Asynchronous machine ...........ccccccoecevvveveiieieennnn 37
[11.4.3 EleCtrical eqUALIONS ........cciviiiiieiieiie et 38
[11.4.4 MAQNELIC EOUALION. ... ..ccuiiiiiieie ittt 39
[11.4.5 Mechanical BQUALTON ........c.coiiiiiiiiee s 40
[11.5 Three-phase/biphase transSformations ...........cccooeiiiiiiiinnee s 41
I11.5.1 Clarke transformation ..........ccccoviiiiioiiie e 41
I11.5.2 Concordia transformation............ccccceeoviieiuieiieeiieceie ettt 41
[11.5.3 Park transformation ...........ccccoiiiiiinniiee e e 42
[11.5.4 Application of Park transformation ............ccccocioiieiiiiiiiiie e 44

[11.5.5 Choice 0Of reference SYSIEM ...ccciiiiiiiiiie e 44



TABLE OF CONTENTS 2024/2025

[11.6 Model of the asynchronous machine in the (d, q) frame of reference:..........cccoovvvriennn 45
[11.7 Modeling of the VOItage INVEITEN.........cviii et 45

I11.7.1 Voltages in the phases of the induction machine..............c.ccoovviviiiiicncniinen, 46
[11.8 Simulation Results and ANAIYSIS.........ccoiiiiiiiieeie e 47
TT1.9 CONCIUSTON ..ot bbbttt b b bbbttt nes 49

Chapter 1V: Direct Torque Control of Induction machine

00 R 11 oo L1 T { [ OSSPSR 50
IV.2 The principle of direct torque CONTIOL..........coooiiiiiiiiicee s 50
IV.2.1 Operation of a Three-Phase Voltage INVErter ..........cccooeiiiiiiiieieieicscsese e 51
IV.2.2 Stator flux and electromagnetic torque CONtrol............ccccoeiieiieieeie i 53
[V.2.2.1 Stator flUX CONIOL .....c.eoiiiicecccese s 53

IV.2.2.2 Electromagnetic torque CONtrol ...........ccooveiiiieiiccc e 55

IV.2.3 Choice of the VOItage VECIOr ........ccooiiiiiice e 56

Y B Sy T4 U0 £ PSP SR 58
IV.5.1 Estimation Of the Stator FlUX........cccciiiiiiiiiiie e 58
IV.5.2 Estimation of the electromechanical tOrquUE ............ccocvviiieiiiiiieie e 59

V.4 Development of the CONrol VECTON .........ccooiiiiiiiiiiccce e 59
IV.4. 1 FIUX CONEIOIIET ..o e 59
IV.4.2 Electromagnetic torque CONrOlIEr ..........cccooveiiiie i 60
IV.4.2.1 TWO-1EVEl COMECIONS ....ovviiiiiiiiieiieee e 60

IV.4.2.2 Three-1eVel COMTECIONS .....ooiiiiiiieieieese e 60

IV.4.3 Development of SWItChing table...........ccooeiiiii i 61

V.5 Simulation results for DTC Of IM......c.oiiiie e 62
VG o] o o (1] o o SRRSO 63

Chapter V: PV Pumping System Based on MPPT - Deep Learning

RV R 1011 oo [¥ o o] o TSP PP PTPRPRPROR 65
V.2 Artificial INtelligence (Al) OVEIVIEW. .......coiiiiiiiiiiiiiiieeee et 65
V.3 Machine Learning TECANIQUES .........ccoiiiiiiiieierese e 66
V.3.1. Types of Machine Learning TECANIQUES ..........ccoruiiiieiiiiiiiiseeee e 66
V.3.2. Supervised Learning....... ..o 66
V.3.3. UNSupervised Learning..........c.viiiiri ettt ettt aee s 67
V.3.4. Reinforcement Learning..............ooiiiiiiiiiiiii s 67
V.4, Deep LeArNiNG OVEIVIEW .......ciiuiiiiieiieeiee ittt e siteete e st e teesaae e beessaesaaessaeasteesnaeannaesseeanbeenreas 68
V.4.1. Definition and PrinCIPIES ..o e 68
V.4.2. Multi-Layer Perceptron (IMLP) .......cccoiiiiiiiiiieie e 68
V.4.3. Convolutional Neural Networks (CNNS) ......ccoviiiiiiiiiieeee e 69

V.4.4. Recurrent Neural Networks (RNINS) .....coviiiiiiiiiiieseee e 69



TABLE OF CONTENTS 2024/2025

V.4.5. Deep Reinforcement Learning: .......coccvevieiieeii i esie e 69
V.5 Artificial NeUral NETWOTK ........ccoiiiiiiiiiiiie e e 70
V.5.1 Neuron Input Computation ..ot 71
V.5.2 Activation Function .. e sne e nnens (L
V.5.3 Output Computatlon PP OUPTROPPPPPPRY i |
V.6 Architectures of MLP Neural Network SR ROUSUBSPPSY 72
V.6.1 Shallow Neural Network (SNN) .............................................................. 72
V.6.2 Deep Neural NetWork. ......o.uuiiiii e 72
V.7 Artificial Neural Network based MPPT for Solar System..........ccccceviiiiiiicieienccee 72
V7.1 TraiNiNg PrOCEAUIE ....uveiueeiieeteeie it eteeteseeste e te e e te e e s esteeaesseesteensessaesseaseesseenseaneeas 73
V.7.2 ANN-MPPT Algorithm with DC load under irradiation variation ...................... 74
V.7.3 DNN-MPPT Algorithm with DC load Partial Shading Condition ...................... 77
V.7.4 Proposed-MPPT Algorithm with AC load (Pumping System) ............ccccceinvenn... 79
V.8 CONCIUSION .ot e e e e e, 80

GENEIAL CONCIUSION. . . e ettt e 81



List of Figures 2024/2025

List of Figures
Chapter I: Photovoltaic (PV) System

Figure (1.1): The operating principle of a Solar cell...............oiiiiii e, 04
Figure (1.2): Basic structure of aSolarcell ..o 05
Figure (1.3): Equivalent electrical diagram of the photovoltaic cell.......................... ... 07
Figure (1.4): Mismatch for cells connected in SETies ..........ooviviiriiriiriiiiiiiiiiaeeeeennan, 10
Figure (1.5): Mismatch for cells connected in parallel ................cccooviiiiiiiiiiiiiiinn. .. 11
Figure (1.6): Modules protected by by-pass blocking diodes..............ccovviviiiiiiiiiiiinin.. 12
Figure (1.7): Characteristic I =f (V) of a photovoltaic module .......................cooiiiinni. 13
Figure (1-8): Power-Voltage Characteristic of PV module P=f (V)..................ocooiiinn 14
Figure (1.9): The influence of illumination on the characteristic [=f(V)............................. 14
Figure (1.10): The influence of temperature on the characteristic I=f(V)........................... 15
Figure (I-11): Series-parallel association of PV cell.. e 1B
Figure (1-12): Impact of partial shading on the P (V) characterlstlc ................................. 18

Chapter I1: DC-DC Converter

Figure (I11.1): Electrical schematic of the boost converter ................cocoiviiiiiiiiinieiann, 22
Figure (11.2): Equivalent schematics of the boost chopper,.............cccovviiiiiiiiiiiii i, 22
Figure (11.3): Voltage and current characteristics of the boost converter........................... 22
Figure (11.4): Electrical schematic of the Buck converter...................ccoooiiiiiiinini e, 24
Figure (11.5): Equivalent schematics of the Buck chopper................cooiiiiiiiiiiiiiiiinn, 24
Figure (11.6): VVoltage and current characteristics of the buck converter . RPN
Figure (11.7): Variation of the load voltage with the load current for a Buck Converter .......... 26
Figure (11.8): Electrical diagram of a buck-boost converter.................ccooeviiiiiiiiiiiennnn... 27
Figure (11.9): Equivalent schematics of the Buck-boost chopper...............coovivieiiiiinnnn... 27
Figure (11.10): Voltage and current characteristics of the buck-boost converter.................... 28
Figure (11.11): Principle of MPPT control..........ccouiuiniiiiiiiiiie e, 29

Chapter I11: Modeling of Induction machine

Figure (II1.1): Asynchronous (induction) MOtOT. . ..........eiuiitiititiie e iieee e, 33

Figure (II1.2): Stator of the asynchronous machine..................ccoooiiiiiiiiiiiii i, 33

Figure (IIL.3): SQUIrrel-Cage 10t0T. .. ...ouuiniiti ittt 34
Figure (IT1.4): Magnetic CITCUIL. ......vuutiitt ettt e e e e et e e e e e e e e nee 34
Figure (ITL1.5): WouNd rOt0T. ......uiii i e e 35
Figure (I11.6): Representation of the three-phase asynchronous machine in electrical space.....36
Figure (II1.7): Transformation from Three-Phase (abc ) to Concordia (af) Frame.................42
Figure (II1.8): Diagram of the IM in Park's reference frame...................c.oooi. 43

Figure (I11.9): Representation of the two-level inverter feeding an IM............................ 46



List of Figures 2024/2025

Figure (I11.10): Simulation results of an induction machine without PWM......................... 48
Figure (II1.11): Simulation results of an induction machine with PWM............................ 48

Chapter 1V: Direct Torque Control of Induction machine

Figure (IV.1): General block diagram of DTC controlled Induction motor ........................ 51
Figure (IV.2): Asynchronous Machine Controlled by a Voltage Inverter............................ 52
Figure (IV.3): Operating Sequences of a Two-Level Voltage Inverter............................... 53
Figure (IV.4): Evolution of the end of vector ¢ for negligible R_.1_......ccoeovviiiiiininnn.. 54
Figure (IV.5): Choice 0f VOItage VECIOT. . .....uiiti it eee e 57
Figure (IV.6): No significant Change..............coooiiiiiiiii e e 57
Figure (IV.7): Hysteresis fluX COrTECtOT. ......o.uiuititi i 59
Figure (IV.8): Three level torque COrreCtor. ......vvutiti ittt e, 61
Figure (IV.9): Evolution of torque, stator flux and IM-DTC current..................c.oooeenne.n. 63

Chapter V: PV Pumping System Based on MPPT - Deep Learning

Figure (V.1): Diagram of AL ........oiiriniiii e e e, 65
Figure (V-2): Machine Learning Techniques............c.oviiiiiriiiiiieeie e 65
Figure (V-3): Supervised Learning.............cooueuiiieiniiit e 67
Figure (V-4): Unsupervised Learning. ..........o.ouvuiuiuinintitiiie e 67
Figure (V-5): Reinforcement Learning..............o.ooiiiiuiiiiii e eeeieeeas 68
Figure (V-6): Multi-Layer Perceptron...........c.vuiiueriiieitii e e 69

Figure (V-7): Convolutional Neural Networks...........oooviiiriiiiiiiiiiiiiies e, 69
Figure (V-8): Recurrent Neural NetWorks. ........o.ouiniiriiiitiiiiii e eeee e 70
Figure (V-9): Deep Reinforcement Learning.............c.oovuiiiiiiriiiniiniie e eiieeevieaenen, 70
Figure (V-10): Comparison Between Biological Neuron and Artificial Neuron................... 71
Figure (V-11): Schematic of shallow neural network.................coooiiiiiiiiiiiii, 72
Figure (V-12): Schematic of Deep neural network..............coooviiiiiiiiiiiiii e, 72
Figure (V.13): Training Procedure of ANN based MPPT for Solar PV System.....................74
Figure (V-14): Temporal Variation of Solar Irradiance ...............cooiiiiiiiiiiiiieeen, 75
Figure (V-15): Performance Comparison of Deep and Shallow Neural Network-Based MPPT
0T [T (] 3 P 76
Figure (V-16) PV-DC Load and (P-V) curve under partial shading..........................ooo.e. 77

Figure (V-17): Performance Evaluation of Deep Neural Network-Based MPPT Under Partial
Shading Conditions . . et eeeereeseeeaeeseeeaeesreeebeestae et s e e n e e e e aennss O

Figure (V-18): The proposed system ...................................................................... 79
Figure (V-19): Training Performance of Deep Neural Network for MPPT Under Partial Shading
— a8 StUAY 2. .ot e 80
Figure (V.20): System Performance under MPPT Control Without Shading....................... 80

Figure (V.21): System Performance under MPPT Control With Partial Shading................... 81



List of Tables 2024/2025

List of Tables

Chapter |
Table (1-1): Efficiency of different types of photovoltaic cells................ccovvvieeiininninn.. 06
Chapter 1V
Table (1V.1): Different strategies of switching tables................ccooiiiiiiiiiiiii e, 61

Table (1V.5): Control strategy with a two-level hysteresis comparator.............................. 62



NOTATION AND ABREVIATION 2024/2025

NOTATION AND ABREVIATION
Chapter | — Photovoltaic System Notations

| : The current supplied by the cell when operating as a generator (A).
Y : The terminal voltage of the same cell (V).

I : Saturation current (A).

Lo : The photocurrent of the cell depends (A).

R, : Series resistance (Q2) of the photovoltaic cell.

R,, : The shunt resistance (Q2) of the photovoltaic cell.
K : Boltzmann's constant (1.3819 x 1072 J/K).

T : The effective cell temperature in Kelvin (K).

q : The electron charge (q=1.6 x 107%° C).

n : The ideality factor of the junction (1 <n < 2).

I : The short circuit current (A).

sc

v, : The open circuit voltage (V).
Pnps - The maximum power (W).
Vi : Maximum voltage (V).

I : Maximum current (A).

FF : The fill factor.

n : The efficiency.

P, : Power of the incident light on the cell.
N : Number of series cells.

N : Number of parallel cells.
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Chapter V — General Abbreviations

GPV

MPPT

AC

DC

IM

PWM

GMPP

LMPP

DNN

ANN

SNN

MLP

PSC

: Photovoltaic generator
: Maximum Power Point Tracking
- Alternating current

: Direct current

: Induction machine

: Pulse Width Modulation

: Global Maximum Power Point
: Local Maximum Power Point
: Deep Neural Network
- Artificial Neural Network

: Shallow Neural Network
: Multi-Layer Perceptron

: Partial Shading Condition
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General Introduction:

Energy production remains one of the greatest challenges of our century. As global
electricity demand continues to rise, especially in emerging and developing regions, there is a
pressing need for sustainable and reliable energy solutions. Among renewable sources, solar
energy stands out for its abundance, availability, and capacity to meet off-grid demands in an
environmentally friendly way. It represents a key pillar in the transition toward a cleaner, more
sustainable and climate-resilient future. [1]

Photovoltaic (PV) systems, particularly in the field of solar-powered water pumping,
have gained widespread attention. Since the late 1970s, PV pumping systems have become one
of the most important real world applications of solar energy especially in rural and isolated
areas where access to the electrical grid is economically unfeasible. These systems are not only
clean and autonomous but also offer long-term cost-effectiveness [2]

To interface PV systems with mechanical components for tasks like water pumping,
Induction Machines (IM) are often employed due to their robustness, low maintenance, and
capability to operate under variable speed. However, for improved performance, advanced
control techniques are necessary. Direct Torque Control (DTC) was developed to enhance the
control of such machines in variable and renewable energy contexts, offering natural decoupling
of flux and torque, faster dynamic response, and the elimination of the need for traditional PWM
modulation blocks. Unlike conventional methods, DTC selects optimal inverter switching states
directly based on torque and flux errors.

Another critical challenge in PV systems is the Maximum Power Point Tracking
(MPPT) under varying irradiance and partial shading conditions. Shading can cause the
appearance of multiple local peaks (LMPPs) and a single global maximum power point (GMPP),
making traditional MPPT methods such as P&O and INC less effective. To overcome this,
intelligent methods especially those based on Artificial Neural Networks (ANN) and Deep
Learning (DNN) have been introduced. These data-driven algorithms offer adaptability, non-
linear mapping capabilities, and faster convergence to the true global maximum point.

The main contribution of this thesis is to develop and validate a deep learning-based
MPPT algorithm integrated with DTC control of an induction motor, applied to a PV-driven
water pumping system. Simulation results prove the effectiveness of this combination in
enhancing energy extraction, improving dynamic performance, and ensuring system reliability
under different weather conditions.

MEDEA UNIVERSITY-2025
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This thesis is organized into five chapters:

The first chapter provides a general overview of photovoltaic systems. It discusses the
working principle of PV cells, their electrical characteristics, and modeling techniques used to
simulate their behavior under irradiance variation and partial shading conditions using
MATLAB-Simulink.

The second chapter explores the role of DC-DC Converters in PV systems. It describes
their basic operation, especially the Boost converter, and introduces traditional and Al-based
MPPT algorithms that maximize the energy harvested from PV panels.

The third chapter deals with the mathematical modeling of the asynchronous machine
using the d-q reference frame and explains how it interacts with voltage inverters using PWM.
The chapter also covers the impact of control strategies on dynamic and steady-state motor
performance.

The fourth chapter is dedicated to Direct Torque Control (DTC), highlighting its
advantages in motor drive systems. It explains how DTC achieves flux and torque control
without the need for PWM modulation, making it a robust method for controlling induction
motors in PV-driven pumping systems.

The fifth and final chapter presents the proposed intelligent MPPT technique using a
deep learning-based approach. The chapter validates the effectiveness of the hybrid DNN-MPPT
and DTC scheme through detailed simulation results. Performance metrics such as tracking
speed, torque ripple, and system efficiency are analyzed under various irradiation and shading
conditions.

This thesis concludes with a comprehensive discussion of the results and demonstrates the
advantages of combining deep learning and advanced motor control for improved renewable
energy system performance. The proposed system proves to be a reliable and efficient solution
for real world photovoltaic water pumping applications.
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1.1 Introduction:

A photovoltaic (PV) system is an electrical power system designed to convert solar
energy into usable electrical energy. It mainly consists of a photovoltaic generator composed of
one or more solar panels, a battery bank for energy storage, DC-DC converters to regulate
voltage levels for batteries and DC loads, and a DC-AC inverter to supply AC-powered devices.

This chapter provides a comprehensive overview of photovoltaic systems. It begins with
an introduction to photovoltaic technology, covering its definition, the basic operating principle,
and the various types of photovoltaic cells along with their respective efficiencies. It then
examines the electrical characteristics of PV cells, key parameters affecting their performance,
and the impact of connecting modules in series and parallel configurations.

Furthermore, the chapter analyzes the power-voltage (P-V) and current-voltage (I-V)
characteristics of PV modules under varying conditions of solar irradiance, cell temperature, and
partial shading (PSC), supported by MATLAB simulation results. The chapter concludes by
summarizing the key findings and insights discussed.

1.2. Photovoltaic System:
1.2.1. Definition:

The term "photovoltaic” comes from the Greek word meaning light, and is composed of
two parts: "photos” "light" and the surname of the Italian physicist (Alessandro Volta) who
invented the electric battery in 1800 and gave his name to the unit of measurement for electrical
voltage, the volt [1].

1.2.2. Operating principle:

Figure (1.1) illustrates the internal structure and basic operating mechanism of a photovoltaic
(PV) cell. When solar irradiance (G ) strikes the surface, photons penetrate the cell and reach the
P-N junction. This junction is formed by the contact between an N-doped (negatively charged)
and a P-doped (positively charged) semiconductor region.

The energy from the photons excites electrons in the semiconductor material, creating electron-
hole pairs. Due to the internal electric field at the P-N junction, electrons are driven toward the
N-side and holes toward the P-side, creating a directional flow of current. This movement of
charge carriers generates a voltage across the terminals (v_, ) and a current (i1, ) through an

external circuit.
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The front contact (metal grid) allows light to enter while conducting electricity and the back
contact completes the circuit. Together, these layers enable the conversion of solar energy into
electrical energy efficiently.

Front Contact (Grid)

Irradiance G h\
Photons <
o

Electron
Flow

PN Junction Electrons

P-doped region Ve
—_—
N-doped region Back Contact Leen

Figure (1.1): The operating principle of a solar cell [2].
1.3. Photovoltaic cell:

The PV cell, or solar cell, is the smallest component of a photovoltaic system. It is
composed of semiconductor materials and directly converts light energy into electrical energy.
Photovoltaic cells consist of:

- A thin semiconductor layer (a material with a band gap, which acts as an energy barrier
that electrons cannot cross without external excitation, and whose electronic properties
can be varied) such as silicon, which is a material with relatively good electrical
conductivity.

- An anti-reflective layer allowing maximum penetration of solar rays.

- A conductive grid on top, or cathode, and a conductive metal on the bottom, or anode.

- The most recent ones even feature a new combination of reflective multilayers just below
the semiconductor, allowing light to bounce around for longer periods of time to improve
efficiency. [1]

MEDEA UNIVERSITY-2025



Chapter I: Overview of PV systems 2024/2025
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Figure (1.2): Basic structure of a solar cell [1].
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A photovoltaic cell is based on the physical phenomenon called the photovoltaic effect
which consists of establishing an electromotive force when the surface of this cell is exposed to
light. The voltage generated can vary between 0.3 V and 0.7 V depending on the material used
and its arrangement as well as the temperature and aging of the cell [3].

1.3.1. The different types of solar cells (photovoltaic cells):

There are four main types of cells:

a. Monocrystalline cells:

They have the best efficiency (from 12 to 18% or even up to 24% in the laboratory), however,
they are too expensive due to their complex manufacturing process.

b. Polycrystalline cells:

They are easier to design and less expensive to manufacture. However, their efficiency is lower
(from 11% to 15% or even up to 19.8% in the laboratory).
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C. Amorphous cells:

They have a low efficiency (from 5% to 8% or even up to 13% in the laboratory), but require
only very small thicknesses of silicon and are inexpensive. They are commonly used in small
consumer products such as solar calculators or watches.

d. Perovskite solar cells:

They have higher energy conversion efficiency than traditional silicon-based cells in laboratory
conditions, with values exceeding 25%. They are made from a class of materials with a specific
crystal structure known as perovskite. These cells are relatively inexpensive to produce and offer
great potential for future development due to their lightweight nature, flexibility, and ease of
fabrication. However, Perovskite solar cells still face significant challenges, including poor
environmental and thermal stability, potential toxicity due to the presence of lead, and limited
long-term durability as their performance tends to degrade under real-world operating conditions.
These issues currently hinder their widespread commercial adoption [4].

1.3.2. Efficiency:
Table (I-1) shows the efficiency of different types of photovoltaic cells [4].

Cell type Efficiency Lifetime Characteristics
Mono- - Very good performance
crystalline - High cost
silicon 17-22% 20t0 30 Years | - Low efficiency under reduced
illumination
Polycrystalline - Performance/Price ratio
Silicon - Low efficiency under reduced
16-18% 20 to 30 Years illumination.
Amorphous 6-11% (+/- 10 Years) - Operate with low illumination
Silicon - Low manufacturing cost
Perovskite 20-25% 510 10 Years - High efficiency
- - Low manufacturing cost
Silicon - Poor stability and sghort lifespan
- Sensitive to moisture and
temperature

Table (1.1): Efficiency of different types of photovoltaic cells [4].
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1.3.3. Electrical characteristics of a photovoltaic cell:

Figure (I.3) shows the equivalent diagram of a photovoltaic cell under illumination. It

corresponds to a current generator 1, mounted in parallel with a diode. Two parasitic

resistances are introduced into this diagram.
These resistances have a certain influence on the characteristic I = f (V) of the cell [5]:

- Series resistance (Rsr): Represents the internal resistive losses within the solar cell. It
primarily arises from the intrinsic resistance of the semiconductor material, the contact
resistance at the interfaces between layers, and the sheet resistance of the metallic grid
lines used for current collection.

- Shunt resistance (Rsn): Accounts for leakage currents that bypass the p—n junction,
typically caused by manufacturing defects, impurities, or non-idealities in the cell
structure. A high Rg, value is desirable, as it minimizes these leakage paths and improves
cell efficiency.

Bser Ipw

Rzhu I

Ay

Icc D
CT Y Wow

el

Figure (I1.3): Equivalent electrical diagram of the photovoltaic cell [5].

The mathematical model for the current-voltage characteristic of a PV cell [5-7].

+
I o=1._—-1_1exp -1|- (L.T)

I, : Saturation current (A).

- K :Boltzmann’s constant (1.3819x10™ J/K).
T : The effective cell temperature in Kelvin (K).
q : The electron charge (q=1.6 x 10™° C).

- n: Junction ideality factor (1< n<3).

I, : The current supplied by the cell when operating as a generator.
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v, : The terminal voltage of the same cell.

I, : Photocurrent of the cell, depending on illumination and temperature, or short-circuit

current.

R,,, - Shunt resistance characterizing junction leakage currents.

- R, : Series resistance representing the various contact and connection resistances.

1.3.4. Parameters of a photovoltaic cell:

These parameters can be determined from current-voltage curves or the characteristic
equation, the most common are:

1.3.4.1. Short-circuit current (Is.):

This is the current for which the voltage across the terminals of the cell or the PV generator
[4] is zero. In the ideal case (R, zero and R, infinite), this current merges with the photo-

current | . In the opposite case, by canceling the voltage V in equation (1.2), we obtain:

[ (q(1,.R

ser)\ —| (va+(|sc'Rser))
-1 | -

Isc = Iph-lsat|exp| | (1‘2)
L onKT ) R ...
For most cells (whose series resistance is low), the term can be neglected
[ (a1 ,.R_)) |
afexp] TRl (13)
L Lo K. T ) J
The approximate expression for the short-circuit current is then:
Lo 14
= —2— (14)
(1+ ser )
R

Quantitatively, it has the highest value of the current generated by the cell (practically 1 = 1 ).

1.3.4.2. Open circuit voltage (V,c):

This is the v voltage for which the current delivered by the photovoltaic generator is zero

(this is the maximum voltage of a solar cell or a photovoltaic generator) [6].
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v v
0= Iph-lsat[exp(q 0y 1] - —2= (I.5)
nKT R

shu

1.3.4.3. Energy efficiency:

This is the ratio between the maximum electrical power supplied by the cell P (1,,,.V,,)

and the incident solar power [8]. It is given by:
P
|o= —= (1.4)

With p,_ is equal to the product of the illumination and the total surface area of the solar cells.

This parameter reflects the quality of conversion of solar energy into electrical energy.

1.3.4.4. Fill factor:

The fill factor FF, also called curve factor, is the ratio between the maximum power

supplied by the cell p  (1,,. V,, ) and the product of the short-circuit current 1 by the open-
circuit voltage v, (i.e. the maximum power of an ideal cell). The form factor indicates the

quality of the cell; the closer it is to unity, the more efficient the cell is. It is around 0.7 for
efficient cells; and decreases with temperature. It reflects the influence of losses through the two
parasitic resistances R_, andr_ . Itis defined by [8]:

FE = mep_ _ mpp " " mpp (17)

1.3.4.5. The maximum power point Pypp:

The maximum power point (MPP), denoted as P is the operational point on the

mpp ?

photovoltaic module's (I-V) curve where the product of current (1__ ) and voltage (v ) yields

mpp mpp
the highest possible power output. This point varies depending on irradiation, temperature, and
the electrical characteristics of the cell. For effective operation, photovoltaic systems typically
incorporate maximum power point tracking (MPPT) technologies to continually adjust operating

conditions and maintain output at this optimal point [8].

P =1 .V (I.8)
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1.4. Photovoltaic generator and its performance:

The photovoltaic generator is a set of equipment installed to exploit photovoltaic energy in
order to satisfy the load needs. Depending on the desired power, the modules can be assembled
into panels to constitute a "photovoltaic field". Connected to the receiver without any other
element, the solar panel operates "as the sun does", that is to say that the electrical power
supplied to the receiver is a function of the power of the sun [8].

1.4.1. Influence of the series association of PV cells:

When photovoltaic cells are connected in series, the total voltage increases proportionally
to the number of cells while the current remains constant. The total open circuit voltage of the
module is the sum of the voltages of individual cells. Series connection is advantageous when
higher voltages are needed, but the overall performance can be significantly impacted by shading
or failure of a single cell [8].

CELL1 CELL 2

bora™h =1 | | | I

+“— D 4+—»
VTOTAL =V| +V2 ‘
.

<
~

Figure (I.4): Mismatch for cells connected in series [8].
1.4.2. Influence of parallel association of PV cells:

When photovoltaic cells are connected in parallel, the total current output increases
proportionally with the number of cells, while the voltage remains approximately equal to that of
a single cell. Parallel configurations are used to increase the system current, providing more
current at the same voltage, which is beneficial for systems requiring high current at lower
voltage levels. However, differences in the characteristics of cells in parallel can lead to
imbalanced currents [8].

CELL1

Figure (I.5): Mismatch for cells connected in parallel [8].
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1.4.3. Influence of the mixed association (Series + Parallel) of PV cells:

A mixed association combines the benefits of both series and parallel connections. This
configuration allows the system to achieve both higher voltage and higher current. The
performance optimization must consider uniformity in cell characteristics, irradiation, and
temperature to avoid significant mismatch losses [8].

For mixed configurations, the total voltage and current can be expressed as:
- Series connection increases voltage, so:

= N_V (1.9)

total s cell

- Parallel connection increases current, so:

=N .| (I.10)

Itotal p cell

L.5. Photovoltaic panel:

A photovoltaic panel, or solar panel, is composed of multiple photovoltaic cells
interconnected (in series and/or parallel) and encapsulated to withstand environmental
conditions. Panels are equipped with protective layers such as tempered glass for physical
protection and anti-reflective coatings to maximize energy capture. Each panel typically includes
bypass diodes to mitigate shading effects and maintain performance [8§].
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Figure (I.6): Modules protected by by-pass and blocking diodes [8]
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The efficiency and performance of panels depend on [8]:

- Cell type (monocrystalline, polycrystalline, amorphous).
- Manufacturing quality and encapsulation methods.
- Environmental factors including dust, shading, temperature, and irradiation levels.

1.6 Photovoltaic (PV) System Simulation:
1.6.1 Current-Voltage Characteristic:

Figure (1.7) represents the 1 = f (v ) curve of a typical photovoltaic module under constant

irradiation and temperature conditions.

0 Characteristic Current-Voltage I(V)

,1
max’ max
8
7
6
~~
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=
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g4
=
O
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2
1 \
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0 L 1 1 L 1 1 V
0 5 10 15 20 25 30 35

Voltage (V)

Figure (1.7): Characteristic [ =f (V) of a photovoltaic module.

The characteristic is divided into three parts:

- Zone (a): where the current remains constant, the photovoltaic generator operates as a
current generator.

- Zone (b): represents the preferred region for generator operation, where the optimum
point (characterized by maximum power) can be determined.

- Zone (c): distinguished by a current variation corresponding to an almost constant
voltage, in which case the generator can be likened to a voltage generator.

1.6.2 Power-voltage characteristic:

The power output (P) of a solar cell is determined by the product of the voltage (V) across the
cell and the current (1) flowing through it, expressed by the equation: P = v x 1

MEDEA UNIVERSITY-2025



Chapter I: Overview of PV systems 2024/2025

By calculating the power for varying voltage values and plotting P against V, the power voltage
(P-V) characteristic curve is obtained. This curve, commonly represented as p = f (v ) provides

important insight into the operating performance of a photovoltaic cell, including the point at
which maximum power is delivered known as the Maximum Power Point (MPP).

Characteristic Power-Voltage P(V)
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\:/ ( max’ max)
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Figure (1-8): Power-Voltage Characteristic of PV module P=f (V)
1.6.3 Influence of illumination and temperature on the curves I=f (V) and P=f (V):

Figure (1.9) shows the influence of illumination on the characteristic I=f (V). At a constant
temperature, we see that the current undergoes a significant variation, but on the other hand the
voltage varies slightly. Because the short circuit current is a linear function of illumination while
the open circuit voltage is a logarithmic function [4-6-8].

200 Current- Voltage Characteristic P(V) Current- Voltage Characteristic I(V)
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Figure (I.9): The influence of illumination on the characteristic I=f(V).
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The same figure illustrates the variation of the power delivered by the generator as a function of
the voltage for different illumination values, which allows us to deduce the influence of the
illumination on the P (V) characteristic.

Figure (1.10) shows the influence of temperature on the I=f (V) characteristic. It is essential to
understand the effect of changing the temperature of a solar cell on the I=f (V) characteristic. The
current depends on the temperature since the current increases slightly as the temperature
increases, but the temperature negatively affects the open circuit voltage. When the temperature
increases the open circuit voltage decreases. Therefore, the maximum power of the generator
undergoes a decrease.

. Characteristic Power-Voltage P(V) , Characteristic Current-Voltage I(V)
50 : : 9 ; : : . :
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Figure (I.10): The influence of temperature on the characteristic I=f(V).

Figure (I.10) illustrates the variation in power output as a function of voltage for different
temperatures, highlighting the impact of temperature on the P—V characteristic of the
photovoltaic generator

1.6.4 Series-parallel association:

Connecting several cells in series forms a cell string, which increases the voltage for the
same current while assembling several cell strings in parallel forms a module, which increases
current and maintains voltage. An association of several modules in the same plane is called a
panel, and the assembly of several panels in rows of series and parallel panels forms a
photovoltaic field [9].
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Figure 1-11: Series-parallel association of PV cell.

1.7 Protection of photovoltaic system:

The standard outlines comprehensive requirements for the protection of photovoltaic
(PV) systems, aiming to ensure safety, operational reliability, and adherence to established
electrical installation codes. Key protection measures include:

1.7.1 Overcurrent Protection

PV circuits must be safeguarded against overcurrent’s resulting from faults or abnormal
operating conditions. Overcurrent protective devices (OCPDs), such as fuses or circuit breakers,
should be installed to interrupt excessive currents and prevent damage to conductors and
equipment. The sizing and placement of these devices must consider the maximum expected
current and the characteristics of the PV modules and wiring.

1.7.2 Overvoltage Protection

Photovoltaic (PV) installations are vulnerable to overvoltages resulting from lightning
strikes or switching operations. To safeguard the system against these transient events, surge
protection devices (SPDs) should be implemented. The selection and coordination of SPDs must
be appropriately matched to the system’s voltage ratings and the specific conditions of the
installation environment.
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1.7.3 Ground Fault Protection

Ground faults, where current unintentionally flows to the ground, pose significant risks.
PV systems must incorporate ground fault detection and interruption mechanisms to identify and
isolate faults promptly, minimizing the risk of electric shock and fire.

1.7.4 Isolation and Switching

Proper isolation and switching devices are essential for maintenance and emergency
situations. PV systems should include disconnecting means that allow for the safe isolation of
circuits. These devices must be accessible and clearly marked to ensure safe operation and
maintenance.

1.7.5 Protection against Electric Shock

To prevent electric shock hazards, PV installations must ensure adequate insulation,
proper grounding, and the use of protective devices. The design should minimize the risk of
direct or indirect contact with live parts, adhering to safety requirements for both normal
operation and fault conditions.

1.7.6 Fire Protection

The risk of fire in PV systems can arise from faults such as short circuits or component
failures. Protective measures include the use of fire-resistant materials, proper system design to
prevent overheating, and the installation of devices that can detect and mitigate fault conditions
promptly.

1.7.7 Environmental Protection

PV equipment must be protected against environmental factors like moisture, dust, and
temperature extremes. Enclosures and components should have appropriate ingress protection
(IP) ratings to withstand the specific environmental conditions of the installation site [10]

1.8 Shading:

Shading is one of the most critical factors that affect the performance and efficiency of
photovoltaic (PV) systems. When part of a solar panel or array is shaded, even partially, it can
significantly reduce the power output, sometimes disproportionately to the shaded area. This
occurs because PV cells in a module are connected in series, and shading one cell can act like a
bottleneck, limiting the current for the entire string.
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1.8.1 Definition of Shading in PV Systems

Shading in photovoltaic (PV) systems refers to the partial or complete obstruction of
sunlight on solar panels by external objects such as trees, buildings, dirt, or other panels. When
sunlight is blocked from reaching the solar cells, the affected cells generate less or no electrical
power, which reduces the overall output of the PV system [11].
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Figure I-12: Impact of partial shading on the P (V) characteristic.

1.8.2 Effects of Shading on PV Systems

- Reduction in Power Output: Even partial shading of a solar panel can cause a
significant drop in the energy produced. This is because solar cells in a module are
connected in series, and the current flow is limited by the cell receiving the least sunlight.

- Mismatch Losses: When shaded cells produce less current than unshaded ones, it creates
electrical mismatches in the circuit, leading to inefficient operation and decreased system
performance.

- Hot Spots: Shaded cells can become reverse-biased and dissipate power as heat, creating
“hot spots” that may damage the solar panel over time.

- Decreased System Reliability: Continuous shading can cause premature degradation of
modules, reducing their lifespan and increasing maintenance costs.

- Economic Impact: Reduced energy production due to shading translates to lower returns
on investment and higher levelized cost of energy (LCOE) [12].

1.9 Advantages and Drawbacks of Photovoltaic Energy:
1.9.1 Advantages:
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- Renewable and Sustainable: PV energy is derived from sunlight, a limitless and
renewable resource, making it a sustainable energy option.

- Environmentally Friendly: It produces no direct greenhouse gas emissions or air
pollutants during operation, reducing carbon footprint.

- Low Operating Costs: After installation, PV systems have minimal operating and
maintenance costs.

- Scalability and Flexibility: PV systems can be deployed at various scales, from small
residential rooftops to large utility-scale solar farms.

- Energy Independence: Utilizing PV energy reduces dependence on fossil fuels and
enhances energy security.

- Job Creation: The solar industry creates employment opportunities in manufacturing,
installation, and maintenance.

1.9.2 Drawbacks:

- Intermittency: PV power generation depends on sunlight availability, causing
fluctuations due to weather and day-night cycles.

- High Initial Cost: The upfront cost of PV panels and installation remains relatively high
despite decreasing prices.

- Land and Space Requirements: Large-scale PV farms require significant land area,
which can impact land use and ecosystems.

- Energy Storage Needs: To provide reliable power, especially when sunlight is not
available, costly storage solutions like batteries are often required.

- Material and Resource Constraints: Manufacturing PV panel involves the use of rare
or hazardous materials that need careful handling and recycling [13].

1.10 Conclusion:

This chapter introduced the basics of photovoltaic (PV) systems, including their
structure, types of solar cells, and key operating principles. We examined -electrical
characteristics like current-voltage behavior, efficiency, and the impact of environmental factors
such as irradiation and temperature. Different connection methods and protection mechanisms
were also discussed, along with the effects of shading. While PV systems offer many benefits
like sustainability and low emissions, they also face challenges such as intermittency and high
initial costs. This overview provides a solid foundation for understanding and improving PV
system performance.
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I1.1.Introduction:

In this chapter, we introduce the fundamental principles of switching power conversion
and examine various types of DC-DC converter circuits. We focus on the buck, boost, and buck-
boost converters, deriving mathematical models that describe both their steady-state and dynamic
behavior. A typical converter switching stage includes capacitors, inductors, and semiconductor
switches. These components ideally do not consume energy, which contributes to the high
efficiency of switching converters. The switch is usually implemented using a semiconductor
device operating in switched mode, most commonly a MOSFET (metal-oxide-semiconductor
field-effect transistor).

This chapter provides a comprehensive overview of DC-DC converter topologies along
with their mathematical modeling, offering insights into both circuit-level performance and
dynamic response.

11.2. DC-DC Converters (Choppers):

Solar energy is an intermittent energy source, with availability fluctuating significantly
throughout the day. To utilize it efficiently, the nature of the connected loads, such as batteries,
lighting systems, and other devices must be taken into account. In this context, several
researchers have employed boost converters to enhance energy harvesting and optimize system
performance. This work aims to present an improved boost converter design capable of
continuously tracking and extracting maximum power, regardless of variations in solar irradiance
[23-24].

11.2.1. Modeling of the Boost Converter:

The boost converter or parallel chopper known as the step-up voltage converter, is
shown in Figure (11.1). It is generally used in converting a low input voltage into a higher output
voltage. It consists of a continuous input voltage source , an inductor L, a switch S, a diode, and

two capacitors ¢, and c,, . Initially, in the interval [0, aT],the transistor is closed, the current in

the inductor increases gradually, and it stores energy. At the end of the first period, the transistor
opens and the inductor resists the decrease in current I; thus, it generates a voltage that adds to
the source voltage and is applied to the load through the diode [13].

i
o . L TateTal [ . o
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Figure (11.1): Electrical schematic of the boost converter [13].
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Applying Kirchhoff’s laws to the two equivalent circuits of the boost converter shown in Figure
(11.2) for both operating phases gives [13]:

L
=1 I D
Wil e tt N D
Vo a (F IC‘JL kg T
‘DT (_ ‘l’ S CT Vout
v v
(b) Eiﬂ ﬂﬁlr"lﬁ 'L Toyt | (@ In ! I Towt
I I In
Vin ' ' ut Vi ' g _
L0 O =— 0 L Yout
o a [ 1- (] il
Figure (11.2): Equivalent schematics of the boost chopper [13].
For the first periodaT, :

|[ IclzcldVin :||n IL

W

ilczzcz 0[“: -Iout (“1)

| dt

| dl,

VL :L _VII'I
l dt
For the second period (1-a) T:
|f Ic1:C1dVin:||n IL
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d
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Figure (11.3): Voltage and current characteristics of the boost converter.

11.2.2. Modeling of the Buck Converter (Step-Down):

Figure (11.5) shows the buck converter or step-down converter (voltage reducer) or series
chopper. Its main role is to convert its input voltage into a lower output voltage [14].

L
o— ° o——{>} ® 0
Vi . PULSE q L 1< L Vou
C
" T MOSFET U
O ® ® O
Figure (11.4): Electrical schematic of the Buck converter [14].
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Figure (11.5): Equivalent schematics of the Buck chopper.

The key components are the inductor L, the transistor switch S, the diode D, and the
capacitorC. The capacitor charges through the switch S and maintains the voltage across its
terminals until S opens, at which point it discharges its energy through the diode to the load
during one switching cycle. The switch can be a MOSFET transistor or an IGBT, which can
switch rapidly between two states: ON or OFF. The source voltage must be greater than the
voltage across the load [15].

The mathematical equation characterizing the current in the inductor is given by the following
equation:

ol V. -V
2 _lin Touw (11.22)
ot L

I, : The current in the inductor. The switching process is described by the position of the switch

s . During the first interval«T , the transistor is in saturation state, so the inductor L stores
energy with increasing current [15]. During the second interval (1 - «)T , the inductor L releases
this energy to the load with decreasing current. Neglecting the voltage drop across the diode, the
rate of change of the current is given by:

51V

gl _ VY, (11.23)
ot L

When the inductor current does not decrease to zero before the transistor switches again,
the converter operates in continuous conduction mode, as illustrated in Figure (11.5). In this case,

if the load voltage depends only on the source voltage and the duty cycle « _ Lo
T

then the

voltage across the load is (v, = aV, ). In discontinuous conduction mode, the current through

out

the inductor falls to zero during a switching cycle between the transistor S and the diode. In this
case, the load voltage depends in a more complex manner on the duty cycle and the load current.
Figure (11.7) shows how the load voltage varies with the load current [15]. The current and
voltage characteristics representing the operation of the buck converter are given in Figure (I1.6):
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Figure (11.6): Voltage and current characteristics of the buck converter.
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Figure (11.7): Variation of the load voltage with the load current for a Buck Converter [15].

11.2.3. Modeling of the Buck-Boost Converter

The buck-boost converter combines the properties of buck and boost configurations. It
can ideally be used to convert any DC input voltage into any desired DC output voltage [15].

Ly

o— —/ VYN . ° )
Vin| 1 L MOSFEF c  Vout
it R
o . ° . 0

Figure (11.8): Electrical diagram of a buck-boost converter [15].
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Figure (11.9): Equivalent schematics of the Buck-boost chopper.

Figure (11.8) shows the schematic of the basic electrical circuit of the buck-boost converter, along
with the characteristics of the current and the load voltage in this device. The voltage can be
increased or decreased depending on the switching mode. However, the output voltage has the
opposite sign of the input voltage [16]. When the transistor is in the ON position, the current
through the inductor increases and energy is stored; and when the switch turns to the OFF
position, the voltage across the inductor is reversed, and the stored energy is transferred to the
load via the diode. In this case, the equation for the voltage across the load, describing operation

in continuous conduction mode, is given as follows:
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Time(sec)
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Figure (11.10): Voltage and current characteristics of the buck-boost converter.
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11.3 MPPT-Control

MPPT control maximizes the energy extraction from solar panels, improving the overall
efficiency and performance of the PV system. It adapts to changing environmental conditions,
ensuring optimal power output throughout the day and across different seasons. This control
system is used in DC-DC converters that automatically adjust the duty cycle a to the optimum
value, there by maximizing the power output of the PV panel. The MPPT algorithm can be
simple or complex depending on the method used to find the MPP (Maximum Power Point). For
this reason, the most popular control algorithms are presented and discussed below. [26]

MPP oP,,
PIII;L\ ————————————————— 7 = = 0

PV power
R
V| v
Y
v
o
LSS e SR o e e e

Vowr > Vor Viwr

mpp Fi

Figure (11.11): Principle of MPPT control

11.3.1 MPPT Control Classification

MPPT (Maximum Power Point Tracking) methods are categorized into indirect and direct
approaches, depending on how they determine the maximum power point (MPP) of a
photovoltaic (PV) system.

11.3.2 Indirect MPPT Methods

Indirect methods estimate the MPP using known relationships between PV parameters, such as:

e Open-Circuit Voltage (OCV): vmpp = K *Voc
e Short-Circuit Current (SCC): 1mpp = K *Isc
e Look-Up Tables: Use pre-stored data based on environmental conditions

These methods are simple and low-cost but less accurate and panel-dependent [17]
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11.3.3 Direct MPPT Methods

Direct methods measure PV voltage and current in real time to locate the MPP:

e Perturb and Observe (P&O): Adjusts the operating point and observes power changes

| . — 1
e Incremental Conductance (IncCond): Compares AU with =L
AV v

e Fuzzy Logic: Uses adaptive rules based on system behavior [28].
11.4 Conclusion:

This chapter presented the main types of DC-DC converters buck, boost, and buck-boost
explaining their operation, modeling, and relevance in renewable energy systems, particularly
solar power. Each converter's behavior in different conduction modes was analyzed, highlighting
how they regulate voltage using switching components. The chapter also discussed MPPT
techniques, both direct and indirect, which are essential for optimizing energy extraction from
PV panels.
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I11.1 Introduction:

The asynchronous machine is highly valued in industrial environments for its
robustness, high specific torque, and low production cost. It now appears to be the basic element
of high-performance electric actuators [18]. The representation of the mathematical model in
dynamic form of the asynchronous machine allows the observation and analysis of the various
evolutions of its electromechanical quantities on the one hand and the development of control
laws on the other hand, and to predict the necessary control [19].

The main goal of this chapter is to model an asynchronous machine powered by a three-phase
voltage inverter. First, we present the basic models used for a voltage-supplied machine,
followed by simulation of the behavior of the induction motor supplied by two levels inverter.

I11.2 Overview of the Asynchronous Machine:
111.2.1 Definition:

The asynchronous machine is an alternating current machine, the rotor speed and the
speed of the rotating magnetic field are not equal because of the slip. The rotor is always behind
the stator field, the asynchronous machine is called (induction machine) because the energy is
transferred from the stator to the rotor or vice versa by electromagnetic induction [20].

111.2.2 Composition of the asynchronous machine:
The asynchronous machine consists of the following main elements (See Figure (I11.1)):

- The stator (fixed part) consisting of magnetic lamination discs carrying the windings
responsible for magnetizing the air gap;

- The rotor (rotating part) consisting of magnetic lamination discs stacked on the
machine shaft carrying an injected winding;

- The mechanical components allowing the rotor to rotate and maintaining the various
sub-assemblies [21-22].
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Figure (111.1): Asynchronous (induction) motor.

111.2.2.1 Stator:

The stator is the fixed part of the machine; it consists of wound coils distributed in the
slots of the magnetic circuit. This magnetic circuit consists of a stack of metal sheets in which
slots parallel to the machine axis are cut (see Figure (I11.2)).

The stator winding can be divided into two parts: the slot conductors and the coil heads.
The slot conductors create the magnetic field in the air gap that causes the electromagnetic
conversion. The coil heads, for their part, allow the currents to close by organizing the judicious
flow of currents from one slot conductor to the other [21-22].

Figure (111.2): Stator of the asynchronous machine.
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This stator powered by three-phase currents creates a magnetic field rotating at synchronous
speed [21]:

N =

S

al (11.1)
p
Where:

- N, : Synchronous rotational speed of the rotating field.

- f : Frequency (Hz).

- p : Number of pole pairs.

111.2.2.2 Rotor:

The rotor is not connected to any power supply. It rotates at the rotational speed (n). This
winding is also called the "armature.” [22]. It comes in two forms:

e Squirrel-cage rotor (see Figure (I1L.3)).
e  Wound rotor (see Figure (IIL.5)).

E

Figure (111.3): Squirrel-cage rotor. Figure (111.4): Magnetic circuit.
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Rolling

a) for wound rotor motor

slip rings

b) for wound rotor motor

Figure (111.5): Wound rotor.

111.3 Representation of the three-phase asynchronous machine in electrical space:

The asynchronous machine has six windings, three in the stator supplied by a three-phase
current and three in the short-circuited rotor. The stator windings are phase-shifted by an

electrical angle of 27 relative to each other in space (Figure 111.6) [22].
3

Where:

6, : Isthe electrical mechanical angle between the axis of the stator phase and the rotor phase:
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Air-gap

1 A0
4 Cr
Figure (111.6): Representation of the three-phase asynchronous machine in electrical space.

The operating principle is based entirely on the laws of induction:

- The asynchronous machine behaves like a transformer who’s secondary (rotor) is short-
circuited.

- The synchronous speed N of the rotating field generated by the stator is directly
proportional to the frequency f of the three-phase supply voltage [23].

N's —120.— (1.2)
P

When the rotor rotates at a speed Q. different from Qg (asynchronous), applying FARADAY's law
[23] to the rotor windings reveals that they become the site of a system of three-phase
electromotive forces, which in turn generate three rotor currents. According to LENZ's law, these
currents oppose the cause that produced them, namely, the relative motion between the rotating
stator magnetic field and the rotor [24]. As results, the rotor is driven in the direction of the
rotating field, attempting to reach the synchronous speed s, such that:

0-= (111.3)
p

And the rotor rotates at a speed Q,, with:
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(2]

Jogt (111.4)
p

Since this speed is lower than s, the rotor is not in synchronism with the rotating magnetic field;
hence, the machine is referred to as asynchronous.

Therefore, depending on whether Q; is lower (hypo synchronous) or higher (hyper synchronous)
than Q, the machine develops respectively a motor torque tending to increase €, or a resistive
torque tending to reduce Q,, obviously the electromagnetic torque is cancelled at equal speed.
The energy exchange with the network gives the sign of the difference (Qs -€;). Asynchronous
operation is thus characterized by the slip "g" defined by [25]:

Qs-Qr
Qs

9 (I11.5)

111.4 Modeling the asynchronous machine:
111.4.1 Simplifying assumptions:

The study of the asynchronous machine translates the laws of electromagnetism into the usual
context of simplifying assumptions: [25]

- Constant air gap,

- Neglected cogging effect,

- Sinusoidal spatial distribution of magneto-motive forces in the air gap,

- Unsaturated magnetic circuit with constant permeability,

- Negligible ferromagnetic losses,

- Winding resistances do not vary with operating temperature, and the skin effect is also
neglected.

Important consequences of these assumptions include [26]:

- Constant self-inductances,

- Magnetic flux is a linear function of current,

- Invariance of stator and rotor resistances,

- Mutual inductances between stator and rotor windings as a function of the electrical angle
of their magnetic axes.

111.4.2 Equations of the Generalized Asynchronous Machine:

The behavior of the IM is defined by three types of equations
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a) Electrical equations.
b) Magnetic equations.
¢) Mechanical equations.

111.4.3. Electrical Equations:

2024/2025

By applying Ohm's law, the voltage equations of the three stator and rotor phases are given

respectively by:
o d
Vas = Rslas + _¢as
dt
V, =R.i ‘
S = SI S + _¢’ S
b b dt b
o d
VCS = RSICS + _¢)CS
dt
o d
Var = erar + _(par
dt
o d
Vbr = erbr + d_t¢hr
o d
Vcr = RI'ICT + _¢CI'
dt

In matrix form, equations (111.6-111.11) can be written:

UARECR [N P T

R CRIUM T

With:
[R, 0 0] [R, 0 0]
[Rs]=:0 R, ol,[R,:Io R, oI
[0 o R [0 o |
And:
MEDEA UNIVERSITY-2025
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(111.12)
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[Vabcs] = [Vasvbsvcs ]T ! [Vabcr ] = [Varvbrvcr ]T (I“15)

T T

[iahcs] = [iasibsics] 1 [iabcr] = [iaribricr] (”I'16)
111.4.4 Magnetic equation:

The magnetic equations between fluxes and currents are [27]:

[Fanec] = [LooTliaoes 1+ TEn 1Taser ] (1.17)
[Faner 1= [ Mlaner ]+ [l T ] (1.18)
With:
(¢,
[#ares] = I b I (111.19)
4]
[ ]
[Paver ] = } by I (111.20)
¢ ]
Or:

[4....] : Stator flux matrix,

[4..., ] - Rotor flux matrix.

The stator and rotor inductance matrices are given by:

[, L, L]

(L=t Lo (111.22)
[ T
M. L, L]

[L.]= I Lok l (1n.22)
L, Lo
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|— s 2 \—|
| cosé cos(6 + —) cosLH——w
| 3 /)
[L.]=1L, I cos(d - —2”) cosé cos(0 + =) I (11.23)
3 3
| |
| 2r 2 |
cos(f + —) cos(8 - —) coséd
L 3 : J

Or:

[L_ 1: Represents the matrix of mutual inductances between stator and rotor. The
inductance between the rotor and stator is considered identical:
[L]=[L] (111.24)

111.4.5 Mechanical equation:

The mechanical equation of the machine is given by:

Jdd_-:)_Tem -T, -0 (11.25)
With:
- T, :Electromagnetic torque.
- T, :Resistive torque.
- f_: Friction coefficient.

- J : Rotor moment of inertia.
The equations of the asynchronous machine are given as follows:

d

[Viane I = [R I sase I+ — ([t Tlicane T+ [ L0 ]-[icase 1) (111.26)

dt

Ve 1= [Rr][imbc]+j—t([Ln][irmh[Lm ] 1) (n.27)

This presentation of three-phase modelling has one major drawback for our application: the
matrices [Lm] depend on the mechanical rotation angle 6 and must therefore be recalculated at
each sampling step, to remedy this problem, we carry out transformations [27].
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111.5 Three-phase/diphase transformations:

The purpose of using this transformation is to simplify the study of IM. Indeed, we go from a
three-phase abc system to a two-phasea,s , Or d -q

transformations:

e The Clark transformation.

e The Concordia transformation.

e The Park transformation.

111.5.1 Clark transformation :

system. There are mainly three

The Clark transformation is a mathematical tool used in electrical engineering, and in particular
for vector control, to model a three-phase system using a base traditionally named aff [26-27].
Transformed values are generally currents, voltages or fluxes such as:

|F1 cosl 27 (2_frﬂ|
EREN s L?’Jlrxaw
IXBI E|0 sm(z—”\ S|n(2—”\|lxbl (111.28)
o Y Ls,hLXJ
oot rob
i_Z 2 2 J

111.5.2 Concordia transformation:

The Concordia transform [26-27] is very similar to the Clark transform, except that it is unitary.
The powers after transformation are therefore the same as in the initial system, which is not the
case for the Clark transform.

I— 1 003(2—”\ COS(Z—”\—I

1 o) Lg’Jlrxaw
2 2 2

:xﬁ:—\g 0 sin(?J sin{?wxb} (111.29)
[xo) 1%

R R

v & %

The () axis is coincident with the (a) axis.
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Figure (111.7): Transformation from Three-Phase (abc ) to Concordia (« g ) Frame.

111.5.3 Park transformation:

The Park transformation is is commonly known as a two-axis transformation. Physically,
the application of this transformation to the IM corresponds to a transformation of the three
(stator) coils into two equivalent coils with the same considerations or aspects in terms of flux
f.m. m. torque or at least an image that will be perfectly proportional to them [26-27].

From the reference frame of the figure (111.7), we add another reference frame,
characterized by a system of axes (d q) rotating at speed wg = % this frame is often referred to

as the Park frame Figure (111.8). We can define a transition matrix from the (o, 3, 0) frame to the
(d, q, 0) frame, defined as follows:

[X,1 [cosd sin6 O] X ]
} X, I:}—siné) cos® 0 H X”I (111.30)
Lx.] L o o 1] %]

Park's transformation is the unique transformation allowing the direct passage from the
three-phase system to the rotating two-phase system, this transformation noted [P], it is defined

by:

[ 2r 4 1

| cos(0) cos(@ — —) cos(@ ——) |

| 3 S
[P(@)}z\/;—sin(e) —sin(a—z—”) —sin(9—4—”) | (1.31)

3I 3 3 I

| L 1 .

A NEY V2
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In the same way, we define the inverse matrix [P]~to switch from two-phase to three-
phase reference.

F

| coséd —sin0

(-1) 2 | 2z i 2r
[P] = —|cos(0——) -sin(@ - —)
3 3 3

|

| 4 . 4z
cos(@ ——) -—sin(@ — —)

L 3 3

(111.32)

Al

Note thatp “” = p“ ™| so this transformation is orthogonal. The transition from variables x

b,c

to variables x , . and vice versa is written in the following matrix form:

7,7 I,
X, =[P @))%, | (111.33)
[ %] [x.]
7,1 X,
IXbI:[P(H)]*:qu (111.34)
[x.] [ %]

as
Figure (111.8): Diagram of the IM in Park's reference frame.

Or:

6s1 Angle between rotor phase axis “ar ” and the direct (d) axis.
6c Angle between stator phase axis “as ” and the direct (d) axis.
or Angle between the stator phase “as ™ and the rotor phase “ar ”.
or Electrical angular speed of the rotor.

o ¢ Angular speed of the rotating reference frame (Park's frame).
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111.5.4 Application of the Park transformation:

The general voltage equations are obtained by writing Faraday's law for each of the stator
and rotor windings [25]:

<
Il

d
s Rs|s+_¢5_ws¢s
d d dt d q

<
[

(
|
|
} s = Rilgo t 0 + W 4y,
4 ;t (111.35)
Ivdr = 0 =R rldr + _¢dr - (Ws - Wr)¢qr

t
|
|
|

d
V,=0=RI_+ ;qﬁq, +(w, —w )g,
With:
w, : Angular velocity of the two-phase reference frame. The flow equations are given by:

[¢ds = leds +Lm|dr

o =L 0, +L 1

e ’ (111.36)
|¢dr = Lrldr+Lm|ds
(B = L0y + Lol
To= Pl (Il —1,1,) (111.37)

111.5.5 Choice of reference system:

There are three reference systems [28]

- Reference frame linked to stator axis («,8) when (w, = 0),
- Reference frame linked to rotor axis (x,y) when (w, = w ),

- Reference frame linked to rotating field of axis (d,q) when (w_ =w_-w,)=gw_.
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111.6 Model of the asynchronous machine in the (d,q)frame of reference:

The model of the asynchronous machine in the (d,q) frame, after transformation, is given by

[29]
|fd | 1 |F
|dt o O'le_
|
4 1 |F
Idt qs O'le_
Jd y Lo,
|dt dr Tro ds
4y o le
|dt . T, *
Id 1l
_Qr:_|p
|Ldt I

Or:

o=1-

LSLI’

T = L. Rotor time constant.

ro

R

r

— |l +W oL I +—"—4¢, +
LrTro) ’ ’ LrTro :
() L
s T Rs F Voo =W b +
B G R A
_¢dr+(ws_wr)¢qr
W 7Wr)¢dr ¢qr

L2 . . -
“— Dispersion coefficient

(111.38)

The equations of electromagnetic torque and motion are given by the following expressions:

Tem = p ((Ddsidq 7¢dqids)

111.7 Modeling of the voltage inverter:

(111.39)

(111.40)

The conversion of DC to AC energy through static power converters, such as voltage
inverters, is a fundamental function within the expanding domain of power electronics. These
converters are utilized in a wide array of applications, with prominent examples including

variable-speed AC motor drives and uninterruptible power supplies (UPS).
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A typical inverter topology consists of six bidirectional switches, each comprising a
transistor and an anti-parallel recovery diode. These switches are arranged in pairs designated as
s., s,, s, and are operated in a complementary manner. This control strategy ensures continuous

b

current flow through the stator windings of the machine while simultaneously preventing short
circuits across the DC power source.

Uac/2 :

R G e

Sa
Sb
Sc
L

e A A R

Figure (111.9): Representation of the two-level inverter feeding an 1M.

111.7.1 Voltages in the phases of the induction machine:

To simplify the study, it is assumed that switching of the switches is instantaneous and that
voltage drops across the switches are negligible. Compound voltages are given by:

AB ao -Vbo
J UBC:Vbo 'ch (|“41)
o_Vao

C

v, v, Vv, Are the inverter output voltages relative to reference '0', the phase voltages are

ao b

given by:
(111.42)

v,, Isthe load neutral voltage with respect to point” o ". We have: v__+v, +v_=o0
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v _é(v +V o, +V ) (111.43)

Replacing (111.43) in (111.42) gives:

( 2 1 1
|Vas :_Vao+_vbo+_vco
3 3 3
1 2 1
VA=V = Vv (111.44)
| 3 3 3
| 1 1 2
Vas:_vao+_vbo+_vco
{ 3 3 3
Matrix form:
v 1 (2 -1 -1\(S_ )
1
Ivbn I—;udc|—1 2 —1||sb | (111.45)
chnJ L_l -1 _1JLSCJ

111.8 Simulation Results and Analysis:

- Torque Response: Highlights the machine’s ability to maintain torque under dynamic
loads.

- Speed Response: Demonstrates smooth acceleration and deceleration.

- Flux Trajectory: Validates the control strategy by showing a consistent flux pattern in
the « - p plane

The simulation presented in Figures (111.10) and (111.11) illustrates the dynamic behavior of an
induction motor (IM) under two different control strategies: without PWM (conventional supply)
and with PWM voltage control.

In Figure (111.10), without PWM, the rotor speed gradually reaches its steady-state value,
but with noticeable oscillations and a relatively slower transient response. The torque response
exhibits considerable ripple during startup, and the stator current waveform is distorted with
visible noise, indicating the presence of harmonics.

In Figure (111.11), although the PWM control is applied, we observe a similar dynamic
trend with no substantial enhancement. In fact, more pronounced ripples appear in the torque and
current signals, suggesting that PWM alone does not sufficiently improve control performance in
this configuration. This highlights the limitations of basic PWM and motivates the use of more
advanced control strategies for better torque regulation and current quality.
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Figure (111.10): Simulation results of an induction machine without PWM
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Figure (111.11): Simulation results of an induction machine with PWM.
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111.9 Conclusion

In this chapter, a comprehensive study of the asynchronous (induction) machine was
presented, covering both its theoretical modeling and dynamic simulation. The chapter began
with an overview of the structural components of the induction motor, including the stator and
rotor, along with the principle of electromagnetic induction which governs its operation. The
mathematical modeling was developed in the d -q (direct-quadrature) reference frame,

providing a clear description of the electromechanical behavior and enabling advanced control
strategies.

The simulation results compared two cases: an open-loop and a closed-loop control of the
induction machine. Both scenarios showed relatively similar behavior in terms of rotor speed
evolution and torque response. However, the closed-loop control exhibited slightly improved
stability in torque tracking and smoother speed convergence. Minor torque ripples and current
oscillations were still observed, indicating that while control improved performance, it did not
fully eliminate disturbances. These results underline the importance of control strategy tuning
and confirm that basic feedback can enhance performance.

Overall, this chapter successfully established the foundation for understanding, analyzing, and
simulating induction machines under various operating conditions. It also confirmed the
effectiveness of PWM control in improving dynamic response and operational reliability, which
is crucial for high-performance industrial applications.
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1V.1 Introduction:

The direct torque control (DTC) technique for asynchronous machines was introduced by
Japanese and German researchers M. TAKAHACHI and I. DEPENBORK in 1985. Direct torque
control methods consist of directly controlling the closing or opening of inverter switches from
pre-calculated stator flux and torque values [30].

In this chapter, we present the core principles of Direct Torque Control (DTC). Then we
describe the estimation techniques used for the two key variables stator flux and electromagnetic
torque. Finally, we analyze simulation results to assess the performance and effectiveness of the
control strategy.

V.2 The principle of direct torque control:

The principle of direct torque control (DTC) is based on the estimation of the stator
flux, using the instantaneous values of the voltage vector V. A three-phase inverter can provide
eight instantaneous base voltage vectors, two of which are zero.

These vectors are chosen from a commutation table based on the flux and torque errors
and the position of the stator flux vector. In this technique, the rotor position is no longer needed
to choose the voltage vector, this feature defines DTC as a well-suited method for sensor-less
control of AC machines [31]. Based on real-time measurements of the DC-link voltage at the
inverter input and the stator phase currents, the model continuously estimates:

- The instantaneous stator flux vector ¢s
- The electromagnetic torque Tem generated by the motor
- The angular position or sector of the stator flux vector
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Figure (IV.1): General block diagram of DTC controlled Induction Motor

1V.2.1 Operation of a Three-Phase Voltage Inverter

The switches of the voltage inverter (Figure IV.2) must be controlled in a way that maintains the
machine's flux and torque.

The stator voltage vector v_can be expressed as

— T = e
vV, = —Udc|Sa+Sbe 3+Sce s | (IV.l)
37
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Where (s, s,, s, ) represent the logical states of the three switches: s, = 1means the

b?

dc

upper switch is closed and the lower switch is open (v, = + ), and s, = omeans the upper

. . . . U
switch is open and the lower switch is closed (v, = - —).
2

Lugp: Upper switch
Udc Lupp Tiow: Lower switch
2 1 /
T Sa !
| Sb [+
_Ijidc Tiow: B

Figure (1V.2): Asynchronous Machine Controlled by a Voltage Inverter

The objective is to control the flux and torque by selecting an appropriate voltage vector through
the configuration of the inverter switches. Since there are three switches, there are 2°=8 possible
combinations for the voltage vector v _ .

Two vectors, Vo and V7 correspond to the zero vector: (s_,s,,s. )=(0,0,0) and
(s,.s,.s,)=(1,1,1).

° V0

0,0,0)ls always adjacent to an odd-numbered vector: v, (1,0,0), v,(0,1,0),0r

\

5

(

(0,0,1) allowing for only a single switching action.
° vV ( ,
(

7

1,1,1)Is always adjacent to an even-numbered vector: v, (1,1,0), v, (0,1,1)0r

\%

6

1,0,1) ,again resulting in only one switching.

During each modulation period, one inverter leg does not switch twice.

Figure (1V.3) shows the representation in the complex plane of the six non-zero voltage vectors
that can be generated by a two-level three-phase voltage inverter. The process is as follows:
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4P
V,(010) Le=® 2" "0e, V,(110)

W3 [010] signifies:
- 0 : Switch at the top of the first arm open;
1 : Switch at the top of the second arm closed;
- 0: Switch at the top of the third arm open.

Figure (1V.3): Operating Sequences of a Two-Level Voltage Inverter

1V.2.2 Stator flux and electromagnetic torque control
IV.2.2.1 Stator flux control

In the frame linked to the stator of the machine, the stator flux can be obtained by the

following equation [31]:

¢_s:J'(Vs_Rs':)dt+¢so

(IV.2)

When a non-zero voltage vector is applied, the term Rs s since vs > Rs is over the time

interval [o, T, ]. As a result, equation (1V.2) can be simplified as follows:

¢5 (t): ¢50 +V STEC

A¢S = ¢S _¢SO :V sTec

¢., Is the flux vector at time t=0.
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Figure (1V.4): Evolution of the end of vector ¢, for negligible Rgl;.

Figure (1V.4) represents the evolution of the end of ¢ for negligible R .1, we note that

the end of the stator flux vector moves on a straight line whose direction is given by the applied
voltage vector Vs. Figure (IV.4) illustrates this principle, for example, when the vector v_ - v, is

selected
The radial component (flux component) of the voltage vector acts on the amplitude of the

flux vector ¢, and its tangential component (torque component) on the position of the flux vector
¢s [33]'

By choosing the correct sequence of voltage vectorsv_, we can force the end of the flux vector
¢. to follow a desired trajectory. To operate with a virtually constant modulus ¢_, it's sufficient

to choose an almost circular trajectory for the end of the flux vector. If the time interval Te, is
very small compared to the period of rotation of the stator flux. The direction of motion of the

stator flux vector ¢_is determined by its derivative, since the applied voltage vector v_ is non-
zero.

The term R .1

S

is neglected, so (v, = :I—S ). The speed of rotation of ¢_ depends strongly on the
t

choice ofv_ it is maximum for a vector v_ perpendicular to the direction of ¢_, and zero if a zero
vector is applied. It can also be negative [31].
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1V.2.2.2 Electromagnetic torgue control:

The vector expressions of the IM in the reference frame linked to the stator are given by

[31].
V=R, + 19,
a (IV.5)
. T
V. =0=R,I, + ~ jog,
dt
¢i~5 = LSI—S + Lm I—I' (IV 6)
¢I’ = LI'II' + Lmls
From the flux expressions, the rotor current is written
- O
lo=——| —=¢,- ¢, | (Iv.7)
oL, L L, )
The equations for stator voltage and rotor flux are written:
- C
V. =R+ ? (Iv.8)
dt
d - d
i g, = = L (IV.9)
dt L, dt
In addition &, reached in steady state:
. . .
$, = —"—9, (1V.10)
1+ jo,o
The Torque is expressed by:
Tem =p- Lm . ¢5 . ¢r .Sin}/ (IV.ll)
olL

r

The electromagnetic torque depends on the magnitudes of the stator and rotor flux vectors, ¢,

and ¢, well as their relative position. If the stator flux ¢_is perfectly controlled based on the
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magnitude and orientation of the voltage vector v_ then both the amplitude and the relative

position of ¢_ can also be regulated, allowing precise control of the torque.

However, this is only achievable if the switching period is significantly smaller than the rotor
time constant.

IV.2.3 Choice of the voltage vector V; :

To fix the amplitude of the stator flux, the end of the flux vector must have a circular
trajectory, the applied voltage vector must always be perpendicular to the flux vector, but since
we have eight desired fixed vectors. This is achieved by hysteresis comparators, for the flux and
the torque. The choice of v_ then depends on the desired variation for the stator flux module,

and the direction of rotation, but also on the desired evolution for the torque [34].

In this way, we define the evolutionary space of ¢_in the stator frame of reference by
decomposing it into six zones N =i, with i=1... 6, [34]

The choice of the vector v_ depends:

on the position of ¢ _

on the desired variation in the magnitude of ¢ _

on the desired variation in torque.

of the direction of rotation of ¢ _

When the flux is in a zone i, flux and torque control can be ensured by selecting one of the
following eight voltage vectors [16-17]:

- Ifv

i+1

\Y

2

is selected then ¢ increases and T_ increases.

i+1 6

- Ifv,,

i+2

\Y

3

(V2)
- If v, (v,) is selected thends increases and T, decreases.
(v,) 1s selected then ¢pgdecreases and T, increases.
)

- Ifv,,(v.) is selected then dpgdecreases and T_ decreases.

5

If v, or v, are selected, then flux ¢, rotation is stopped, resulting in a decrease in torque while
flux modulus ¢sremains unchanged.
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a| @, decreases (D, increases

Tem decreases Tem decreases

) Vi&’
@

60°

/‘/ k\» r
;-f/ Y Vo,V7 | @, Constant
@ rVV.:: ) { Vi Tem decreases
(., decreases @, increases
Tem decreases

Figure (IV.5): Choice of voltage vector [34].

Tem decreases

Figure (IV.6) highlights the impact of changing the voltage vector depending on the position of
the flux vector within Zone I. At the start of the zone, the vectors v, and v, , are nearly aligned
with the flux vector. As a result, their influence on the flux is minimal, they do not significantly
alter the torque, and the flux remains relatively unchanged. In the same position, the angles
between v, or v, and the flux vector are approximately 150° and 30°, respectively. These
vectors produce a small torque component and have limited impact on the flux. However, when
these vectors are applied, noticeable variations in the flux occur, and the resulting torque changes
become more significant.

N g~ Tatt 6t Tt

i I{_'[:"

é 1;?1 ¢~ Ton 11 |
e iy A & F —
- liTl ¢~ Tmll

¢s ~ Tem ll ¢:TT E’"l
Figure (IV.6): No significant change

MEDEA UNIVERSITY-2025



Chapter 1V: Direct torque control of Induction machine 2024/2025

V.3 Estimators:

The estimator, obtained by integrating the stator voltages in the fixed axes («, g) ,has been
widely used for DTC. Due to its simplicity, this structure has significant limitations. The main
drawback is operation at low speeds, due to its sensitivity to variations in resistance R, during
operation [38].

1V.3.1 Estimation of the stator flux:

The estimation of the flux can be carried out from the measurements of the stator current and
voltage quantities of the machine, the expression of the stator flux is written [32-33]:

6= [V, - R,1)at (IV.12)
We obtain the components » and s of the vector:

b, = b, + 0, (IV.13)
(IV.14)

We obtain the voltagesv_, andv_, , from commands(s,.s,.s,) , and the DC bus voltage U |,

sp

V.=V, 4V, (IV.15)

( 2 r 1 1

Vsa: _Udc Lsa__(Sb-’—SC)J
J 3 2 (IV.16)
V :Ludc(sbisc)

NG

The modulus and phase of the stator flux are written:

b= 02 + 6] (IV.17)
¢Sa
0, = arctg (Iv.18)

Doy

MEDEA UNIVERSITY-2025



Chapter 1V: Direct torque control of Induction machine 2024/2025

This gives the currents 1, and 1, are also obtained from the measurement of real currents_,

1,and 1 (1 +1_,+1_)=o0and by applying the Concordia transformation:

E: I + 1, (IvV.19)
( \F
‘ L =471
J 1 3 (IV.20)
| o= —(1, -1
[ s \/;( sb sc)

1V.3.2 Estimation of the electromechanical torque:

The electromagnetic torque is estimated, only from the stator fluxes and currents in the frame
(a,) which can be put in the following form:

T =P[ by =40 ] (Iv.21)

V.4 Development of the control vector:
1V.4.1 Flux controller:

In order to obtain very good dynamic performances, the choice of a two-level hysteresis
corrector (figure 1V.7) seems to be the simplest and best suited solution for DTC control. With
this type of regulator, one can easily control and maintain the end of the flux vector ¢¢ in a
circular crown, as shown in figure 1V.4 [36].

A cflx

LA

1 1 e= 0s_re- ¢,
Ad. |0 Ad. -
Figure (IV.7): Hysteresis flux corrector.

We can then write:

(1 if(p,—9)>A¢

cflx = 4' ~1 if(p, -4 )<-Ag (IvV.22)
|
(

0 if|g, -4 <A

MEDEA UNIVERSITY-2025



Chapter 1V: Direct torque control of Induction machine 2024/2025

1V.4.2 electromagnetic torque controller:
The torque corrector is used to maintain the torque within the limits

< AT, (Iv.23)

em _ref em

Ten r: 1S the reference torque.
AT - 1S the corrector's hysteresis band.

However, the difference with flux control is that the torque can be positive or negative
depending on the direction of rotation of the machine. Two solutions can be considered [34-35]:

a. atwo-level hysteresis corrector,
b. a three-level hysteresis corrector.

1V.4.2.1 Two-level correctors:

This corrector is simpler to implement, and by correctly selecting zero vectors along the
N, zones, we can see that for each zone i, there is an inverter arm of the inverter that never

switches, thus reducing the average switching frequency, thus reducing switching losses in the
inverter. The model of two-level voltage inverter [38]

1V.4.2.2 Three-level correctors:

The three-level corrector allows the motor to be controlled in both directions of rotation,
either for a positive torque (ccpl =1), or for a negative torque (ccpl = -1) or decreased (

ccpl = 0). It may be necessary to increase or decrease the electromagnetic torque of the machine
but also to keep it constant [36].

cepl
h

¥ 1'l e€— Te‘m_f'é_;-"- Tem
AT, | O AT,

L

o

o
-

-1

Figure (IV.8): Three level Torque corrector.
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1V.4.3 Development of switching table:

Depending on the sector and the flux and torque evolution, we can choose the voltage
vector v_ to be applied to respect the flux and torque set points. The switching table used to
select the appropriate vector is based on the flux (cfix ) and torque (ccpt) errors, and on the

position of the stator flux vector (i=1... 6).

To control torque and stator flux, several commutation tables can be used, each of which has
an influence on the behavior of the machine in terms of torque, stator flux, current ripple,
switching frequency and the ability to operate in two or four quadrants of the torque-speed plane.
In the following Table (IV.1), four tables switching are presented, while Table (1V.2) shows the
table for the fourth most commonly used strategy [36], which is also proposed in our work.

Table (1V.1): Different strategies of switching tables [36].

T, T T T, e 4 T, Vvoe T T, Ve
1" Strategy V.., V., vV, V, V,, V,
2" strategy Vi, V., Vv, vV, V,
3" Strategy Vi, Vi, Vv, V..,
4" strategy Vi, V.., V., V.,

Table (1V.2): Control strategy with a two-level hysteresis comparator [18].

Flux Torque N =1 N =2 N =3 N =4 N =5 N =6 Regulators
cflx =1 cepl =1 Vv, V, v, V, V, vV,
ccpl =0 vV, vV, vV, v, v, vV,

Two Level
cflx =0 ccpl=1 vV, v, vV, V, V. Vv,
ccpl =0 \% \% \% \% Vo \%
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1VV.5 Simulation results for DTC of IM:

This section presents the simulation of Direct Torque Control applied to an induction motor with
a torque set point of 10 (N-m) and a flux reference of 1.1 (Wb).
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Figure (1V.9): Evolution of torque, stator flux and IM-DTC current [(A): open loop, (B): closed
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Two scenarios are shown: Open-loop and Closed-loop control. Each case includes six
plots showing the evolution of stator flux, its trajectory in the « - g plane, and the torque
response. The flux trajectory remains nearly circular, confirming stable control throughout the
operation.

Figure (1V.9) illustrates the behavior of the induction motor under Direct Torque Control (DTC)
in both open-loop and closed-loop configurations.

In the open-loop case (A), the flux trajectory in the o—f plane is relatively circular, Flux and the
torque track their references. In contrast, the closed-loop case (B) demonstrates clear
improvements, the flux is well-regulated, the current adapts to torque variation, and the rotor
speed follows its reference even during reversals. The torque accurately tracks the reference,
with real and estimated values matching closely. The a-p flux trajectory maintains its circular
shape, confirming good flux control.

IVV.6 Conclusion:

This chapter is devoted to the study of the Direct Torque Control (DTC) technique by
examining its theoretical foundations, implementation methodology, and performance
characteristics for induction machine drives. Through systematic analysis, we have demonstrated
DTC's effectiveness as a high-performance control strategy that eliminates the need for
mechanical sensors and complex transformations while maintaining robust torque dynamics.
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V.1 Introduction:

Anrtificial Neural Networks (ANN) has emerged as a powerful tool in solving complex
nonlinear problems, particularly in the field of renewable energy. In Maximum Power Point
Tracking (MPPT) applications, conventional methods such as Perturb and Observe (P&O) often
suffer from oscillations around the Maximum Power Point (MPP) and slow tracking under
rapidly changing atmospheric conditions.

To address these limitations, this chapter presents a Deep Multi-Layer Perceptron (Deep
MLP)-based ANN approach for MPPT, which learns from historical data and generalizes
patterns to improve tracking efficiency. This chapter also discuss the fundamental concepts of
ANN, deep learning principles, the advantages of Deep MLP over conventional methods, and the
training process using MATLAB and Simulink to achieve MPPT for PV panel connected
initially to a DC load under varying irradiance and shading condition. To demonstrate the
feasibility of the proposed MPPT-DNN algorithm, the DC load is later replaced by an AC load
using pumping System.

V.2 Artificial intelligence (Al) overview:

Artificial Intelligence (Al) is rapidly emerging as one of the most transformative
technologies of our time. Rather than relying solely on explicitly programmed rules, Al systems
are designed to learn from data by identifying patterns and making informed decisions. This
capability allows Al to perform complex tasks such as image recognition, speech processing,
autonomous navigation, and decision-making areas that have traditionally required human
intelligence.

Artificial Intelligence

Ability to sense, reason, engage & learn

o090

Phys guided
N DL

Figure (V.1): Diagram of Al.
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V.3 Machine Learning Techniques:

Machine Learning (ML) is a subset of artificial intelligence (Al) that enables systems to
automatically learn from data and improve their performance without being explicitly
programmed. In engineering and energy systems, ML techniques are widely adopted to model
complex, nonlinear relationships that are difficult to capture using traditional analytical methods.

V.3.1 Types of Machine Learning Techniques:

Machine learning can be categorized into several approaches depending on the nature of
the data and the learning process. These approaches are essential to understand when selecting
the appropriate method for a specific application. The figure below presents the main types of
machine learning techniques.

Machine Learning

Deep Learning and

stpeivisedLeataing Reinforcement Learning

It is reward based

Data has clearly defined It does not predict or
output (target). It aims find anything specific. It
to predict the output aims to identify distinct

correctly groups

learning. The machine
learns how to act in a
certain environment

Figure (V-2): Machine Learning Techniques.

V.3.2 Supervised Learning:

Supervised learning is commonly used in PV systems to predict optimal operating
points based on input variables such as solar irradiance; PV current; power and voltage, it
requires labeled datasets containing both input features and corresponding output values.

\

® o0 \\\ b 4 xxx

& 1 x
® o /3\\\\ x x X
& e \\\\\ x
,//* * * *\\\\ ®
X e,

# *** **

Figure (V-3): Supervised Learning.
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V.3.3 Unsupervised Learning:

Identifies patterns without labeled outputs, Useful for fault detection or identifying

operating states in solar PV systems.
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Figure (V-4): Unsupervised Learning.

V.3.4 Reinforcement Learning:

Optimizes decision-making using reward-based feedback, Emerging in MPPT
techniques where the algorithm learns optimal control actions over time.

Agent

N ANA

Online reinforcement learning

State, Reward

< g A\

Action \

Offline reinforcement learning )

Environment

= ﬁ - \}

bz |
Logged\, L /’/

Interactions

State, Actions, Rewards

Figure (V-5): Reinforcement Learning.

V.4 Deep Learning Overview:
V.4.1 Definition and Principles:

Deep learning is a subset of machine learning that utilizes deep neural networks to model
and process complex data. It mimics human cognitive functions by enabling machines to learn
patterns and make decisions based on vast amounts of data. Deep learning is characterized by:

- Multiple hidden layers: Unlike traditional ANNs, deep learning architectures have many
layers, enabling advanced feature extraction.
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- Nonlinear transformations: Complex hierarchical representations of data.
- Optimization techniques: Stochastic gradient descent (SGD), Adam, and batch
normalization improve learning efficiency.

Deep learning has revolutionized various fields, including image recognition, speech processing,
and renewable energy applications. Deep learning outperforms traditional ANNs in handling
nonlinear systems and large-scale data processing, making it ideal for solar MPPT optimization
[39].

V.4.2 Multi-Layer Perceptron (MLP):

A Multi-Layer Perceptron (MLP) is a fully connected feedforward neural network
consisting of an input layer, one or more hidden layers, and an output layer. It uses activation
functions and is trained using backpropagation to learn complex patterns in data.

Outputs

inputs

Output

Input Hidden Layer

Layer Layer

Figure (V-6): Multi-Layer Perceptron.

V.4.3 Convolutional Neural Networks (CNNs):

Specialized for image processing and spatial pattern recognition. CNNs use
convolutional layers to automatically extract features from input images, making them highly
effective in visual tasks such as object detection and classification. Pooling layers reduce
dimensionality, improving computational efficiency. CNNs are widely used in applications such
as medical imaging, facial recognition, and autonomous driving.

Convolutional Neural Networks (CNN)

e r I‘EEI [ Ouiput Layer ]
H |||---|ﬁ r"|-.

T
Feature Ex1racl|on Classification

Convolution

Figure (V-7): Convolutional Neural Networks.
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V.4.4 Recurrent Neural Networks (RNNs):

Designed for sequential data, including Long Short-Term Memory (LSTM) networks.
RNNs maintain internal memory through feedback connections, making them suitable for time-
series analysis, language modeling, and other sequence prediction tasks. LSTMs address the
vanishing gradient problem, enabling learning over long sequences. RNNs are commonly
applied in speech recognition, machine translation, and text generation.

Input Cell Recurrent Cell

Figure (V-8): Recurrent Neural Networks.

V.4.5 Deep Reinforcement Learning:

Combines deep learning with decision-making frameworks, such as Deep Q-Networks
(DQN).It enables agents to learn optimal actions through trial and error by interacting with an
environment and receiving feedback in the form of rewards. Deep neural networks are used to
approximate value functions or policies, allowing the agent to handle high-dimensional input
spaces. Deep reinforcement learning has shown great success in fields like robotics, autonomous
systems, and game-playing Al.

Agent

Polcy Updata

Leaming algorithm

Figure (V-9): Deep Reinforcement Learning.
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V.5 Artificial Neural Network:

A neural network or Artificial Neural Network is a computational model whose design
is very schematically inspired by the functioning of real neurons.

Neural networks are generally optimized by statistical learning methods, so they are
placed both in the family of statistical applications, which they enrich with a set of paradigms
enabling the generation of vast, flexible and partially structured functional spaces, and in the
family of artificial intelligence methods, which they enrich by enabling decisions to be made
based more on perception than on formal logical reasoning.

Dendrites Weights

Synapse
........................ ’
/ > Output
........................ .'
Transfer
/ function Artificial
Neuron

Biological
neuron

Axon

Figure (V-10): Comparison Between Biological Neuron and Artificial Neuron.

V.5.1 Neuron Input Computation:

Each neuron in the ANN receives multiple inputs, and the first step is to calculate the
weighted sum of these inputs along with a bias term. This is given by:

a=> o x, +b, (V.1)

i=1

- th

Here w, is the weight from the i" input to the " neuron, x, is the input signal, and b, is the

bias of the neuron j. This weighted summation is fundamental in ANNs and forms the basis for
learning complex input-output relationships.[40]

V.5.2 Activation Function:

After calculating the weighted sum, an activation function ¢ () is applied to introduce
nonlinearity, enabling the network to learn complex mappings:
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V.5.3 Output Computation:

For the output layer, the activations from the last hidden layer neurons are combined
(usually linearly) to produce the network’s output, which can represent quantities such as the
optimal voltage or duty cycle for MPPT.

yjzf{izn1wijxi+bl} (V.2

Wherew  are the weights connecting the ;™ hidden neuron to the output neuron, and b is the
output bias [41].

V.6 Architectures of MLP Neural Network:

V.6.1. Shallow Neural Network (SNN):

A shallow neural network is a type of artificial neural network that contains only one
hidden layer between the input and output layers. Despite its simplicity, it can approximate a
wide range of functions, as proven by the universal approximation theorem. However, it often
struggles with complex tasks that require deeper representations of data. [42].

o
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Figure (V-11): Schematic of shallow neural network.
V.6.2 Deep Neural Network (DNN):

A deep neural network is an artificial neural network with two or more hidden layers.
These multiple layers enable the model to learn hierarchical representations of data, from low-
level features to high-level abstractions, which is especially useful in fields like computer vision
and natural language processing [43]
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Figure (V-12): Schematic of Deep neural network

V.6.3 Difference between Shallow and Deep Neural Networks:

The primary difference between shallow and deep neural networks lies in depth shallow
networks have a single hidden layer, while deep networks consist of multiple hidden layers.

This depth enables deep networks to learn more complex and abstract features, often
outperforming shallow ones on tasks like image classification and language modeling. While
shallow networks are easier and faster to train, they often require many more neurons to match
the performance of deep networks on complex problems Deep networks, though more powerful,
demand larger datasets, more computing power, and techniques like dropout and batch
normalization to avoid over fitting.[44-45].

V.6 Artificial Neural Network based MPPT for Solar System:
V.6.1. Training procedure

Artificial Neural Network (ANN) based MPPT technique is used to receive the
maximum power from solar PV system. The basic structure of ANN comprises three layers as an
input layer, hidden layer and output layer. ANN is used to increase tracking speed and accuracy
by modeling and forecasting a solar power system.

ANN based in MPPT technique is used as it gives accurate and fast response for different
environmental conditions. Levenberg-Marquardt (trainlm) optimization algorithm, is used to
train the neural network for MPPT of solar PV system which minimizes the Mean Squared Error
(MSE) between predicted and actual values. The training data used for learning of the ANN
based MPPT are gained from PV module. A flow chart of training procedure of ANN based
MPPT for solar PV system has shown in Figure (V.13).

ANNSs solve this by:
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« Predicting the optimal duty cycle for DC-DC converters
e Using inputs such as PV voltage and current
o Learning the nonlinear relationship between environmental inputs and the MPP [46].

Step 1
START
Step 2 — v
Define input Variables (Vpv, Ipv)
and Desired r?uty cycle Output
Step 3 Generate Training Dataset Using a
Simulated PV Array Model
I
Step4 Train the Artificial Neural
Network (ANN) Using the
S Validate Network Performance and Assess
Steps Convergence Towards Desired Accuracy
Finalize the Trained ANN Model
Step6 for Use in MPPT Control

Figure (V.13): Training Procedure of ANN based MPPT for Solar PV System

V.6.2. ANN-MPPT Algorithm with DC load under irradiation variation

This section presents the simulation of an Artificial Neural Network (ANN)-based
Maximum Power Point Tracking (MPPT) algorithm applied to a photovoltaic (PV) system
connected to a resistive DC load. The main objective is to evaluate the tracking behavior of the
ANN model under dynamic irradiance conditions using only one PV panel.
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Figure (V-14): Temporal Variation of Solar Irradiance

This Figure (V-14) shows the temporal profile of solar irradiance used to simulate dynamic
environmental conditions for the MPPT test. The irradiance begins at 1000 W/m?2 and decreases
linearly to around 600 W/m2 at 0.75 seconds, then rises back to 1000 W/m2 by 1.5 seconds. This
pattern replicates realistic scenarios such as passing clouds or environmental obstructions. The
purpose of using such variation is to evaluate the responsiveness and adaptability of MPPT
algorithms. In this case, an ANN-based MPPT controller is tested to determine how quickly it
adjusts to changes and tracks the new maximum power point. Rapid and accurate adaptation is
critical for minimizing power loss during shading. The slope and symmetry of the profile allow
consistent analysis in both decreasing and increasing phases. This input scenario is essential for
validating controller robustness in real-world solar energy systems where irradiance is rarely
constant.

Two different neural network structures were implemented and tested: a shallow neural network
(2-10-1) and a deep neural network (2-5-10-10-20-10-5-1). Both networks were trained using
simulation data and evaluated based on their performance in adjusting the duty cycle to ensure
maximum power output. The proposed models were trained with the Levenberg—Marquardt
optimization algorithm, achieving convergence within 41 epochs for the shallow NN and 94
epochs for the deep NN. The training process met the early stopping criterion after 6 consecutive
validation checks, a final validation mean squared error (MSE) reached was (4x107°) for SNN
and (8.1x10-*) for DNN, the first training procedure were conducted using Matlab 2018b.

The simulation results (Figure V-15) show PV output power and the duty cycle during varying
irradiance conditions by applying MPPT-SNN and MPPT-DNN. The Deep NN (DNN) clearly
demonstrates better performance, with faster convergence to maximum power and higher output
throughout the test. In contrast, the Shallow NN (SNN) lags in adjusting to irradiance variation,
especially during the drop and recovery phases, resulting in lower power extraction. The duty
cycle response confirms this difference, the DNN provides smoother and more accurate
adjustments to the control signal. So, according to this figure, we conclude that deeper
architectures have better generalization and learning capacity, especially under dynamic
conditions.
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Figure (V-15): Performance Comparison of Deep and Shallow Neural Network-Based MPPT
Under (PSC)

V.6.3. DNN-MPPT Algorithm with DC load under Partial Shading Condition

This section describes the implementation of a Deep Neural Network (DNN)-based
MPPT algorithm on a PV array composed of five panels connected to a DC load and subjected to
partial shading. The shading pattern applied is [200, 500, 500, 1000, 800] W/m?, representing a
non-uniform irradiance distribution. The goal is to evaluate how effectively the DNN tracks the
global maximum power point (GMPP) in a scenario where multiple local maxima may exist on
the power-voltage (P-V) curve (figure V-16).

The trained DNN receives PV voltage and current as inputs and predicts the optimal duty
cycle for the DC-DC converter to extract maximum power. ALL training procedure (in figures
17,19 and 20) were conducted using Matlab2023.
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Figure (V-16): PV-DC Load and (P-V) curve under partial shading

Results demonstrate that the DNN successfully tracks the GMPP and maintains system stability
despite the complexity of the shading pattern. This validates the robustness of the proposed
ANN-MPPT controller in addressing partial shading challenges in PV systems.
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Figure (V-17): Performance Evaluation of Deep Neural Network-Based MPPT Under Partial
Shading Conditions
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The results (V-17) show rapid stabilization of all signals. Power reaches a consistent
value around 428 W, confirming successful tracking of the global maximum power point
(GMPP). PV voltage and current exhibit similar steady behavior after brief transients. The duty
cycle is quickly optimized and held steady, reflecting accurate control by the ANN-MPPT. These
results highlight the controller’s ability to manage nonlinearities caused by shading and avoid
local maxima. Overall, this confirms the ANN’s real-time adaptability, stability, and superiority
in complex shading environments.

V.6.4. Proposed -MPPT Algorithm with AC load (Pumping System)

This section extends the ANN-MPPT control strategy to a practical PV-powered water
pumping system composed of nine panels and an induction motor (IM) driving a centrifugal
pump. The configuration includes a DC-DC converter followed by a voltage source inverter
controlled via Direct Torque Control (DTC). The panels are partially shaded using the
distribution: one string of two panels under 500 W/m2 and eight strings of two panels under 1000
Wimz2,

The objective is to validate the ANN controller’s effectiveness in a real-world
application where an AC load is involved. The DNN-MPPT is integrated into the converter stage
and dynamically adjusts the duty cycle to maximize PV output. Electrical (PV power, current,
voltage), mechanical (torque, rotor speed), and hydraulic (water flow and head) parameters are
observed under shaded and unshaded conditions.

The simulation confirms that the ANN-MPPT successfully tracks the GMPP and
maintains stable system behavior in both cases. These results prove the practicality of combining
ANN-based MPPT with DTC for efficient and intelligent solar water pumping. This setup
reflects a realistic renewable energy system suitable for remote water pumping applications,
combining intelligent control with efficient power conversion

DC
Bus

Figure (V-18): The proposed PV-Pumping system.
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Figure (V.19) presents the training results of the deep neural network used for MPPT under
partial shading. The left table shows training settings and outcomes: convergence was achieved
after 79 epochs, with a very low final MSE of 1.36x107°. The Levenberg-Marquardt algorithm
was used for optimization, known for its fast convergence. The MSE plot on the right confirms
consistent error reduction across training, validation, and test datasets. The curves are closely
aligned, indicating no overfitting and excellent generalization. The early stopping criterion was
met after 6 checks, ensuring efficiency and stability. This proves the ANN was successfully
trained to predict optimal MPPT actions across a wide range of irradiance conditions,

particularly under non-uniform shading.

Best Validation Performance is 1.358e-05 at epoch 73
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Figure (V-19): Training Performance of Deep Neural Network for MPPT Under Partial Shading

The figure (V-20) shows 12 output signals from the system operating under ideal
irradiance conditions (without shading). Electrical responses like PV power, voltage, and current
are stable and reach their targets quickly. The rotor speed and torque of the motor converge
smoothly, ensuring consistent mechanical behavior. Water flow and height remain steady,

confirming reliable pump operation.

The duty cycle remains constant, validating the stability of the MPPT control. The flux
and current waveforms indicate accurate DTC operation, while the flux trajectory is nearly
circular, confirming proper flux vector control. Altogether, the system exhibits high efficiency,
robustness, and balance in ideal solar conditions.
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Figure (V-20): System Performance under MPPT Control Without Shading.
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Figure (V.21): System Performance under MPPT Control with Partial Shading.
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Under partial shading, this 12-subplot figure shows the system’s response when part of the
PV array receives lower irradiance. The ANN-MPPT still tracks the global MPP effectively,
although total power and motor torque are slightly reduced compared to the ideal case. Rotor
speed, water flow, and output head remain stable, confirming the system's ability to adapt.

The current and voltage waveforms indicate proper DTC and MPPT coordination. The flux
trajectory remains circular and stable, indicating precise control despite shading. This result
proves the ANN-MPPT controller’s robustness and effectiveness in dynamically changing
irradiance environments, ensuring system reliability and energy efficiency even under sub-
optimal conditions. To improve system stability and performance during low irradiance periods,
a water storage tank or battery energy storage is recommended. Alternatively, increasing the PV
array capacity can enhance power reliability.

V.7 Conclusion:

This chapter focused on developing and evaluating a Deep Neural Network (DNN)-
based MPPT strategy for photovoltaic (PV) systems, tested under different conditions and
connected to both DC and AC loads. The implementation was entirely simulation-based using
MATLAB/Simulink and involved real-time training data derived from PV models.

The first part involved applying the DNN to a single PV panel under dynamic
irradiance. The results confirmed the deep model’s ability to quickly adapt to irradiance variation
and maintain power extraction with minimal oscillation. In the second part, a five-panel PV array
under partial shading was tested. The DNN successfully tracked the global maximum power
point (GMPP), even with multiple local maxima caused by non-uniform irradiance. In the final
simulation, the DNN-MPPT was integrated into a complete PV pumping system, where energy
from nine panels was used to drive an asynchronous motor via a DTC-based inverter. The system
showed robust electrical, mechanical, and hydraulic performance under both ideal and shaded
conditions.

Overall, the chapter confirms the DNN’s ability to manage nonlinearities, respond

dynamically, and maximize energy efficiency. The results highlight the value of deep learning in
advancing intelligent, real-world renewable energy systems.
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General Conclusion:

This thesis has presented the modeling, control, and intelligent optimization of a
photovoltaic (PV) water pumping system powered by an asynchronous motor. The work focused
on combining renewable energy generation with advanced control and artificial intelligence
techniques to enhance performance and system reliability.

The study began with the modeling of PV systems, including the simulation of PV cell
behavior under varying irradiance conditions. This foundational work enabled accurate
representation of real-world solar inputs in the simulation environment. In the second chapter,
the research addressed power conversion stages, particularly the Boost converter. MPPT
strategies were introduced to ensure optimal energy extraction from the solar array.

The third chapter focused on the mathematical modeling of the asynchronous
(induction) motor using thed - q reference frame, highlighting the electromechanical dynamics

of the motor when driven by a two-level VSI with PWM control.

The fourth chapter introduced Direct Torque Control (DTC) as a high-performance
alternative to traditional control methods. DTC enabled fast and precise control of flux and
torque without relying on PWM modulation, making it ideal for PV-driven water pumping
applications.

In the final chapter, the core innovation of this work was presented: a comparative
study between Shallow Neural Networks (SNN) and Deep Neural Networks (DNN) applied to
MPPT control. These techniques were tested under DC load conditions to evaluate their initial
performance, and then extended to an AC load scenario involving a water pumping system.
Simulation results clearly demonstrated that the DNN-based MPPT provided better tracking
accuracy, faster convergence to the Global Maximum Power Point (GMPP), and more stable
motor behavior, especially under partial shading conditions.

In conclusion, the integration of deep learning-based MPPT with DTC control in PV
pumping systems significantly enhances energy efficiency and system performance. This
approach offers a reliable and intelligent solution for renewable energy applications, particularly
in remote or off-grid environments where adaptability and autonomy are essential.

MEDEA UNIVERSITY-2025



Appendix 2024/2025

Parameter Value

Open circuit voltage v 329V
Short-circuit current 1_ 8.21 A

MPP voltage v 27V

Maximum power p__ 200 W

Parallel resistance R ?251'9319

Series resistance R, 0.2172 Q

Number of cells in series per module 54

Number of modules in series 15

Parameter Value
Nominal power 3.5 kW
Nominal torque 10 N-m
Nominal flux 1.1Wb
Frequency 50 Hz
Stator resistance 4.85Q
Rotor resistance 3.805Q
Stator inductance 0.274 H
Rotor inductance 0.274 H
Mutual inductance (M) 0.258 H
Moment of inertia 0.031 Kg-m?
Coefficient of friction 0.001131 1S

Number of pole pairs 2
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