Al dpdal jaaall 4 Yl ol 4y ) geanll

République Algérienne Démocratique et Populaire

el Gl g Al aalasl) 350 5

Ministére de I’Enseignement Supérieur et de la Recherche Scientifique

A\l
Université Mohamed Khider — Biskra 3 ¥ i ”"‘v%\ 3 Sin - el deass dxala
r . . J - - ) -
Faculté des Sciences et de la Technologie Q % A <l ) SS
Département : Génie Electrique /= i! i js L\ i ¢ |-

' o 4_1.1 )@Sﬂ 4_.,,3_@ "

Ref: B

LI . "RY 7

i‘.g-y Pl hana sl

These Présentée en vue de 1’obtention du dipldme de

Doctorat LMD en Génie Electrique

Spécialité : Electromécanique

TITRE

Contribution a la commande d’un systéme de compensation

de la puissance réactive alimenté par un générateur

photovoltaique

Présentee par :

Djallal Eddine ZABIA

Soutenue publiquement le 07/12/2025

Pr. Mohamed-Yacine HAMMOUDI Professeur Président

Pr. Okba KRAA Professeur Rapporteur
Dr. Hamza AFGHOUL MCA Co-Rapporteur
Pr. Sabrina ABDEDDAIM Professeur Examinateur
Dr. Amar BOUAFASSA MCA Examinateur

Université de Biskra
Université de Biskra
Univ. Setif 1

Université de Biskra

ENP. Constantine



People’s Democratic Republic of Algeria
Ministry of Higher Education and Scientific Research
Mohamed Khider University of Biskra
Faculty of Sciences and Thechnology
Department of Electrical Engineering

A
Order Number: ............. \ - 54,

3 .
3 k.
4 g“% %
v
ol 1IN
i d
| BV 7

i‘.g--y o dans dsley

THESIS

In Candidacy for the Degree of
DOCTOR 3 CYCLE IN ELECTRICAL ENGINEERING

Option: Electromechanics

TITLE

Contribution to the control of a reactive power compensation

system powered by a photovoltaic generator

Presented by Djallal Eddine ZABIA

Defended on: 07/12/2025

In front of the jury composed of:

Pr. Mohamed-Yacine HAMMOUDI Professor Presedent University of Biskra
Pr. Okba KRAA Professor Supervisor University of Biskra
Dr. Hamza AFGHOUL MCA Co-Supervisor Univ. Setif 1

Pr. Sabrina ABDEDDAIM Professor Examiner University of Biskra

Dr. Amar BOUAFASSA MCA Examiner ENP. Constantine



Acknowledgments

This thesis represents not only the culmination of my academic efforts but also a journey
made possible by the unwavering support, guidance, and love of those around me. Words alone
cannot capture the depth of my gratitude, but I hope to express my heartfelt appreciation to those
who have been my pillars throughout this endeavor.

First and foremost, I owe an immense debt of gratitude to my professor, Pr. Okba Kraa,
whose influence on my life transcends the boundaries of academia. From the very beginning
of my academic career, Pr. Kraa has been a mentor, a guide, and, above all, a big brother
whose kindness and generosity have left an indelible mark on my heart. His unwavering belief
in me carried me through moments of doubt, and his encouragement pushed me to persevere
even when life’s challenges—both personal and financial—seemed insurmountable. During the
darkest times, when events threatened to derail my progress, his support was a beacon of hope,
lifting me up and inspiring me to continue. There are no words adequate to describe the gratitude
I feel for Pr. Kraa; his mentor-ship has shaped not only this thesis but who I am today. Thank
you, from the bottom of my heart, for everything.

I am also deeply grateful to my co-supervisor, Pr. Hamza Afghoul, whose expertise and
generosity with knowledge were invaluable throughout this research. His insights, patience,
and willingness to share his expertise enriched my understanding and strengthened this work.
Hamza’s contributions were instrumental, and I am sincerely thankful for his guidance and
support.

I extend my sincere appreciation to the esteemed members of my thesis jury for their time,
expertise, and valuable feedback during my soutenance: Pr. Mohamed-Yacine Hammoudi,
Mme. Pr Sabrina Abdeddaim, and M. Amar Bouafassa. Their thoughtful evaluations and
contributions have greatly enriched this work, and I am deeply grateful for their involvement.

To my beloved parents, Mama and Papa, I owe more than I can ever repay. Your uncon-
ditional love, prayers, and encouragement have been my foundation. A special thanks to my
dear father, whose care and curiosity about my work touched me deeply. His constant questions
about my progress and genuine desire to understand my contributions—not just as a parent but
as someone truly invested in my journey—gave me strength and motivation. Papa, your pride in

me means the world, and I am forever grateful for your unwavering support.



Abstract

Photovoltaic (PV) systems under partial shading conditions (PSCs) exhibit complex power-
voltage characteristics, reducing energy yield with conventional Maximum Power Point Tracking
(MPPT) methods like Perturb & Observe. This thesis presents a comprehensive framework
to optimize PV performance and grid integration through advanced control and emulation
strategies. The Enhanced Eel-Grouper Optimization (EEGO) algorithm, a novel metaheuristic
MPPT approach, achieves near-optimal tracking efficiency (>99%) by swiftly identifying the
global maximum power point across diverse shading scenarios. A dynamic restart mechanism
ensures reliable adaptation to sudden environmental changes, enhancing system stability. A
cost-effective PV emulator, built around a DC programmable source (GW Instek APS-1102A,
1000 W), accurately replicates PSC-induced I-V curves in a low-scale laboratory grid setup
(500 W), enabling robust algorithm validation. An Real-Time MPPT framework, implemented
on a dSPACE 1104 platform, dynamically adjusts control parameters to minimize fluctuations
and support grid stability. To enhance power quality, a Shunt Active Power Filter (SAPF) with
Predictive Direct Power Control (PDPC) reduces current Total Harmonic Distortion to below
5%, achieving near-unity power factor and compliance with IEEE 519-2022 standards under
variable loads. Experimental validation using the dSPACE 1104 and DC programmable source
demonstrates superior energy efficiency and grid compatibility. This framework advances PV
system optimization, offering a scalable solution for sustainable energy integration in smart grid
applications. Keywords: Maximum Power Point Tracking (MPPT), Enhanced Eel-Grouper
Optimization (EEGO), Partial Shading Conditions (PSC), Shunt Active Power Filter (SAPF)



g

Jolie 3 yasll Sudas pailas 5 adt AT (8 gyl Comd A gud 9 pSI) Aalad¥) yglad
AodB) (S gualtl b Huddl Aadl add 3o alidaiiwls ABUAY ZLO) (e Jay Les (g
Aelad¥Wl shai Gt Mald IHlb) A g bo¥) sld audd ABl pelly Of Jao¥ e
@l doudie 3lSloe 9 ST Ol yiwl IS (po A po LglalSh g 48 gio 9 65T
A i Sl ) galie gt (2 9 (Awadl ) goalgdl ued BN (pead Ayl 95
Aady wasd IS e (%099 ) gleid) Atlie drd ald 5elaso (6 guadll b Huall Aadd
Jail Bale] AT (peuad e 9o JoIAT Ol g slccw yie Ao pous drotlall (§ guadll 5 yual
Jaa AL 1 ANl ) 3 Lew (i Laed) dcdiad! O pmdidl ae (3 95 god) LSl dSioalinn
st o) Ame i B petue LS juuas Joa e (Jlad gl gy Salaa
Of AaUldl agadl HLAl Oldovs L) sale) e (W 1000 (APS — 1102A o)
eiis Las ((W500 319 ) @amomdl 5 pihicr 4o piine A0 2lie| B A8y (5 jand ) Jodtand
(Rl B 931 (6 guadll b yual) Aadd add Hlb) Juan Slee )l giadl (e (§ gAY GAsS
ped g OLdEil JdaWt Leolios @Sodl yolas (1104 pucw @3 dnin e Gdaol
OS>l ae (63 giad) dadiid) ABUAY i po iy (ABUATS 53 93 (pewsid ASLLAY) I il
Jole ass To5 (o JBT I) HLadd ASH 381 920l 6 gicdl (oo ABUAIL yalied) (¢ 50!
GAI el B pudiis Jleai comd IEEES19 — 2022 jolas as Lablgis g us g0 ducds 5 yud
A8l 5olass dowe b LAY yeliaadl HLA juas 9 1104 (uocew (§3 plisniuls o il
M Ledde (A gud 9 pgSI Aadad W) e HUoYI 18 ) jay AN pe LB 8T g 5 jalin
Ve Ulded ) OladSH o) OISCuadt Oliacdal o8 daliiuced| Z8LATH JolSSS s glatill SLiLS
() SR Bumadl ) galgdle purd B3N dce )l 9 ¢ gualll B yudtl Aadd Al

S 3 sad! dadidl 3 yuBll i s



Résumé

Les systemes photovoltaiques (PV) sous conditions d’ombrage partiel (COP) présentent des
caractéristiques puissance-tension complexes, réduisant le rendement énergétique avec les mé-
thodes conventionnelles de suivi du point de puissance maximale (SPPM), telles que Perturb &
Observe. Cette these propose un cadre complet pour optimiser les performances des systémes
photovoltaiques et leur intégration au réseau grace a des stratégies avancées de contrOle et
d’émulation. L’ algorithme d’optimisation améliorée Eel-Grouper (OAEG), une approche méta-
heuristique novatrice pour le MPPT, atteint une efficacité de suivi quasi optimale (> 99 %) en
identifiant rapidement le point de puissance maximale globale (PPMG) dans divers scénarios
d’ombrage partiel. Un mécanisme de redémarrage dynamique garantit une adaptation fiable
aux changements environnementaux soudains, renforcant la stabilité du systeme. Un émulateur
PV économique, construit autour d’une source programmable en courant continu (GW Instek
APS-1102A, 1000 W), reproduit avec précision les courbes courant-tension induites par les
PSCs dans une configuration de réseau de laboratoire a petite échelle (500 W), permettant une
validation robuste des algorithmes. Un cadre MPPT en temps réel, implémenté sur une pla-
teforme dSPACE 1104, ajuste dynamiquement les parametres de contrdle pour minimiser les
fluctuations et soutenir la stabilité du réseau. Pour améliorer la qualité de 1’énergie, un filtre
actif parallel (FAP) avec contrdle prédictif direct de la puissance (CPDP) réduit la distorsion
harmonique totale (THD) du courant a moins de 5 %, atteignant un facteur de puissance quasi
unitaire et conformité avec les normes IEEE 519-2022 sous charges variables. La validation ex-
périmentale utilisant dSPACE 1104 et la source programmable en courant continu démontre une
efficacité énergétique supérieure et une compatibilité avec le réseau. Ce cadre fait progresser
I’optimisation des systemes photovoltaiques, offrant une solution évolutive pour 1’intégration
d’énergie durable dans les applications de réseaux intelligents. Mots-clés: Maximum power
point tracker (MPPT), Optimisation améliorée Eel-Grouper (OAEG), Ombrage partiel, Filtre
actif parallel (FAP)
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“ Logic is the foundation of the certainty of all the knowledge we acquire ”— Leonhard Euler

.1 Background and Motivation

The global energy landscape is undergoing a profound transformation, driven by the urgent need
to address climate change, ensure energy security, and meet growing electricity demands sus-
tainably. Renewable energy sources, particularly solar photovoltaic (PV) technology, are at the
forefront of this transition. According to the International Renewable Energy Agency (IRENA),
renewable power capacity globally reached approximately 4448 GW by the end of 2024, marking
a significant annual increase of 15.1 % compared to previous years [1]. Solar PV has emerged as
a dominant player, contributing substantially to this growth owing to declining installation costs
and supportive government policies. The International Energy Agency (IEA) projects that solar
and wind will constitute around 30 % of global electricity generation by 2030, underscoring the
critical role of PV systems in future energy scenarios [2].

As renewable sources become integral to energy infrastructures, smart grids are increasingly
essential to manage the variability and intermittency of these energy inputs. Smart grids
employ advanced digital communications, automated control, and intelligent sensors to optimise
electricity distribution and facilitate renewable integration[3]. Unlike traditional grids—reliant
on centralised, predictable fossil generation—smart grids must accommodate decentralised and
variable resources, demanding responsive real-time control strategies[4].

However, the shift toward renewable-integrated smart grids introduces significant technical
challenges, especially concerning power quality. Power quality refers to maintaining stable volt-
age, frequency, and low harmonic distortion—parameters crucial for equipment reliability and
energy efficiency [5]. With the proliferation of sensitive electronics, tolerance for disturbances
has narrowed. Voltage fluctuations, harmonic distortions, and reactive-power imbalance induced
by intermittent PV generation can cause operational inefficiencies and increased maintenance
costs[6]. The Electric Power Research Institute (EPRI) estimates that poor power quality costs
the global economy billions of dollars annually due to downtime and equipment failure[7].

Reactive power, essential for voltage stabilisation, plays a pivotal role in grid reliability. Con-
ventional compensation (capacitor banks, synchronous condensers) lacks the agility demanded
by rapid PV variability[8]. Partial Shading Conditions (PSCs) further complicates matters:
non-uniform irradiance produces multiple peaks on the PV power—voltage (P-V) curve, chal-
lenging maximum-power-point tracking (MPPT). Classical MPPT algorithms often converge to
local maxima, slashing energy yield and exacerbating power-quality issues[9], [10], [11].

Smart inverters and advanced MPPT algorithms promise relief. Yet their combined deploy-
ment—particularly under PSCs—remains under-explored[12]. Sub-optimal inverter operation
also injects harmonics, risking violation of IEEE 519 limits[13]. Addressing power extraction,

reactive power, and harmonics simultaneously therefore motivates this thesis.
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.2 Photovoltaic Systems and Integration Challenges

PV technology converts sunlight into electricity by means of the photoelectric effect: incident
photons dislodge electrons in a semiconductor junction, producing a direct current that can be
processed and delivered to the grid [14]. Over the past decade PV has moved from a niche
renewable to a mainstream generation source. Module prices have fallen by more than 80 %,
inverter efficiencies now exceed 98 %, and many countries offer feed-in tariffs or tax incentives.
As a result, global PV capacity climbed from 100 GW in 2012 to over 1400 GW in 2023, a
fourteen-fold increase that continues to reshape the generation mix [1].

A typical rooftop or ground-mounted plant contains four functional blocks:

1. PV generator — module strings wired to provide the required DC voltage and current.

2. DC-DC or DC-AC converter — a boost stage or full inverter that conditions the energy for

export.
3. Mounting and cabling — structural frames, junction boxes, and over-current protection.

4. Supervisory controller — sensors plus firmware that implement MPPT, grid-code functions,

and monitoring.

Module performance is characterised by the open-circuit voltage V., short-circuit current
I, fill factor (FF), and the maximum-power point (MPP) where the product VI peaks [15].
Because V,. and I, drift with irradiance and temperature, the MPP migrates across the P—V
curve throughout the day.

Why Fast and Accurate MPPT Is Essential? At standard test conditions a modern module
delivers 200400 W. Even a 2 % deviation from the MPP on a 10 kW rooftop array equates
to a yearly loss of roughly 150 kWh, enough to power an efficient household refrigerator. In
weak distribution feeders the wrong operating point can also push the inverter away from its
nominal modulation index, injecting extra current distortion and reactive power. Effective
MPPT therefore serves two purposes: maximising energy yield and helping the system meet

grid-quality requirements.

2.1 Classical Tracking Methods and Their Drawbacks

Perturb and Observe (P&O). The controller nudges the operating voltage by a fixed step and
observes the resulting power change. The simplicity is appealing, but the method oscillates
around the MPP in steady sunlight and can take several seconds to settle after a sudden irradiance
jump.

Incremental Conductance (INC). Here the tracker compares incremental conductance d//dV
with instantaneous conductance //V. Convergence is faster than P&O, yet the fixed-step version

still dithers near the optimum and—Iike P&O—fails under complex, multi-peak landscapes.
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Hill-Climbing (HC). Voltage or duty-ratio steps are applied until the measured power de-
creases, then the step direction is reversed. HC shares the same local-gradient nature as the two
schemes above and therefore inherits their limitations.

Field measurements show that these classical methods miss the global MPP in 30—40 % of

shading events and can lose 10-30 % of harvestable energy in heavily shaded arrays.

2.2 Impact of Partial Shading

When only part of a string is shaded—Dby antennas, trees, chimneys, or moving clouds—the P-V
curve develops several local maxima. One is the global maximum power point (GMPP); the
others are local maxima (LMPP). Traditional trackers cannot distinguish between them because
they rely solely on the local slope. They often stop at the first LMPP encountered, especially if
the voltage step is small. The resulting energy deficit is not trivial: a study on a 5 kW rooftop
system recorded an 18 % annual loss attributable to shading events lasting less than two minutes

each.

Metaheuristic MPPT: A Global-Search Alternative Metaheuristic algorithms dispatch a
population of candidate voltages across the entire search space and let them evolve towards the
best solution. Typical inspirations include biological evolution (Genetic Algorithms), particle
kinematics (PSO), predatory behaviour (GWO), and slime-mould foraging (SMO). Their key

benefits are:

* Global search — high probability of finding the GMPP even on a multi-peak surface.

* Adaptability — algorithm parameters can be tuned for any module string or converter

topology.

* Speed — parallel evaluation means fewer iterations to converge; modern DSPs handle the

extra computation comfortably.

* Noise immunity — probabilistic moves tolerate sensor jitter.

Recent hardware prototypes reach static efficiencies above 99 % and track irradiance steps of
100 W m~2 in under 300 ms. The next frontier is even faster convergence and a reliable restart
mechanism that triggers only when the power drop signals a real change, not measurement noise.
Developing such a high-speed, restart-capable metaheuristic—and proving it experimentally—is

one of the core goals of this thesis.

2.3 Review of Previous PhD Theses on MPPT for PV Systems under PSCs

Several significant contributions to the field of MPPT for PV systems under PSCs have been

made in previous PhD theses. These works have laid the foundation for the development of more
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advanced MPPT strategies, particularly those utilizing metaheuristic algorithms, hybrid control
methods, and shading detection techniques.

One notable thesis is by Jiang, Lian Lian [16], titled Modeling and Optimization of Pho-
tovoltaic Systems under Partially Shaded and Rapidly Changing Conditions. In this work,
Jiang addresses both the parameter extraction and MPPT challenges in PV systems. The thesis
introduces a Chebyshev Functional Link Neural Network (CFLNN) for PV module model-
ing, significantly reducing computational complexity by eliminating hidden layers, resulting
in faster and more accurate current predictions compared to traditional two-diode and multi-
layer perceptron (MLP) models. Additionally, an Improved Adaptive Differential Evolution
(IADE) algorithm is proposed for accurate parameter extraction, addressing the limitations of
conventional methods that often require extensive manual tuning.

For the MPPT problem, Jiang introduces an Ant Colony Optimization (ACO) based MPPT
technique, marking the first direct application of ACO for PV systems. The method demonstrates
superior global peak tracking under PSC by leveraging swarm intelligence to navigate complex,
multimodal power landscapes without requiring irradiance or temperature sensors. Furthermore,
the thesis presents a hybrid MPPT approach combining Artificial Neural Network (ANN) and
conventional MPPT methods, significantly improving response time by directly predicting the
MPP region. This hybrid approach is validated experimentally, showing promising results in
dynamic shading conditions, making it highly suitable for tropical environments where irradiance
changes rapidly.

In another influential work, Karim Kaced [17] in his thesis titled Study of MPPT Techniques
for Photovoltaic Systems under Partial Shading Conditions, explores the use of metaheuristic
algorithms for MPPT. Kaced’s research focuses on the Bat Algorithm (BA), Particle Swarm
Optimization (PSO), and Differential Evolution (DE) for real-time MPPT under PSC. These
methods demonstrate high tracking efficiency and global peak detection capabilities, achieving
static efficiencies above 99% in experimental validations. A significant contribution of this
work is the implementation of these algorithms on reconfigurable FPGA circuits, highlighting
the potential for real-time application in high-speed, adaptive MPPT controllers. The study
further proposes integration with GMPP region estimators and shading detection methods for
enhanced convergence speed and reduced computational complexity, paving the way for future
research in FPGA-based MPPT systems.

Ziqiang Bi [18], in his thesis titled Intelligent Global Maximum Power Point Tracking
Strategies Based on Shading Perception for Photovoltaic Systems, introduces a unique approach
by integrating shading perception into the MPPT process. Bi’s work focuses on the development
of shading matrices and vectors to accurately characterize the complex shading patterns often
encountered in PV systems. These tools significantly improve the accuracy of GMPP estimation,
achieving up to 75% faster tracking compared to conventional methods like Binary Search (BS)
and Tabu Search (TS). The thesis also proposes a 0.8VOC-model-based GMPPT method that
directly predicts the GMPP region based on shading detection, demonstrating rapid convergence

and reduced computational overhead, particularly in systems with high shading variability.



GENERAL INTRODUCTION 29

In another innovative approach, Hina Gohar Ali [19] in her thesis Maximum Power Point
Tracking of Photovoltaic System using Non-Linear Controllers, explores the application of
Sliding Mode Control (SMC) for robust MPPT under variable climatic conditions. Ali proposes
both integer order and adaptive sliding mode controllers (ASMC) for MPPT, addressing the
chattering issue inherent in traditional SMC approaches. The thesis further incorporates an
Improved Pattern Search Method (IPSM) for real-time MPPT, demonstrating superior tracking
stability and reduced steady-state errors in comparison to conventional PID controllers. This
work highlights the potential for nonlinear control strategies to enhance PV system performance
under rapidly changing environmental conditions.

Finally, Isaac Owusu-Nyarko [20] in his thesis Maximum Power Point Tracking and Control
of Grid Interfacing PV Systems presents novel modifications to the 0.8 VOC model for large-scale
PV systems. Owusu-Nyarko’s work focuses on grid integration and proposes a modified variable
step-size incremental conductance (INC) algorithm with autonomous scaling for faster and
more accurate tracking under PSCs. His approach significantly reduces oscillations around the
MPP and achieves efficiencies approaching 99.6%, making it particularly well-suited for multi-
megawatt PV installations. This thesis also addresses control challenges in grid interfacing,

proposing innovative solutions to optimize active power transfer in high-power PV systems.

2.4 Review of Previous Scientific Works on MPPT for PV Systems under
PSCs

In addition to the significant contributions from previous PhD theses, numerous scientific
articles have advanced the field of MPPT for PV systems under PSCs through the development
of innovative metaheuristic algorithms and hybrid optimization strategies.

One notable work is by Chakarajamula Hussaian Basha [21], titled A Novel Design
and Implementation of Hybrid MPPT Controllers for Solar PV Systems under Various Partial
Shading Conditions. This study explores the design and comparison of several hybrid MPPT
controllers, including a modified Grey Wolf Optimization (GWO) method combined with an
Adaptive Neuro-Fuzzy Inference System (ANFIS). The study identifies key performance metrics,
including peak power output, tracking speed, steady-state performance, and computational
efficiency. It concludes that the hybrid GWO-ANFIS method outperforms traditional techniques
in dynamic PSC environments, achieving rapid convergence and high peak power extraction
with reduced oscillations.

Another significant contribution is from Z. Smara [22], in the paper titled An Enhanced
Global MPPT Method to Mitigate Overheating in PV Systems under Partial Shading Conditions.
Smara addresses the critical issue of hot-spot formation in shaded PV cells, which can lead
to early module degradation. This study proposes a novel GMPPT method that prioritizes
tracking the peak with the lower current to reduce thermal stress within shaded cells. The
method demonstrates a 40% reduction in tracking time compared to conventional full sweeping

techniques, significantly mitigating overheating risks by optimizing the operating point selection
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based on real-time temperature feedback.

Kun Xia [23] further advances this field with the article Improved Photovoltaic MPPT
Algorithm Based on Ant Colony Optimization and Fuzzy Logic Under Conditions of Partial
Shading, which integrates the global search capabilities of Ant Colony Optimization (ACO)
with the precision of Fuzzy Logic (FL). The resulting Ant-Fuzzy Optimization (AFO) algorithm
exhibits superior performance in balancing tracking accuracy and computational efficiency,
achieving steady-state convergence within 0.9 seconds and a tracking accuracy of 98.3%. This
work highlights the potential of hybrid algorithms to overcome the limitations of single-method
approaches in complex PSC scenarios.

Abdulbari Talib Naser [24] presents another innovative approach in his paper titled Im-
proved Coot Optimizer Algorithm-Based MPPT for PV Systems under Complex Partial Shading
Conditions and Load Variation. This work introduces the Improved Coot Optimization Algo-
rithm (ICOA), specifically designed to enhance convergence speed and stability under varying
load and PSC conditions. With an average tracking time of 0.58 seconds and a tracking effi-
ciency of 99.94%, ICOA demonstrates remarkable robustness, significantly reducing the need
for re-initialization and improving dynamic response times.

In a similar effort, Chunliang Mai [25] introduces the Dung Beetle Optimization Algorithm
(DBO) for MPPT in PV systems. This algorithm achieves 99.99% tracking efficiency under
PSCs, surpassing conventional methods like Particle Swarm Optimization (PSO) and Grey Wolf
Optimization (GWO) in both speed and stability. The DBO technique’s ability to minimize
power oscillations and rapidly converge to the global maximum power point (GMPP) highlights
its potential for real-world PV applications, particularly in harsh environmental conditions.

Mohammed Hassan EL-Banna [26] contributes with the article On-Grid Optimal MPPT
for Fine-Tuned Inverter Based PV System Using Golf Optimizer Considering Partial Shading
Effect, which introduces the Golf Optimization Approach (GOA) for grid-connected PV systems.
This method effectively reduces THD and optimizes inverter performance, achieving a peak
tracking efficiency of 99.8%. The work emphasizes the critical role of inverter tuning in
maintaining grid stability and power quality under dynamic PSCs.

The influence of my research is reflected in the work of Adeel Feroz Mirza [27], who
significantly influenced my research direction with the paper High-Efficiency Swarm Intelligent
Maximum Power Point Tracking Control Techniques for Varying Temperature and Irradiance.
This study presents the Slime Mould Optimization (SMO) and Improved Salp Swarm Optimiza-
tion (ISSA) methods, achieving up to 99.9% tracking efficiency with minimal oscillations and
rapid response times. The work emphasizes the importance of hybrid approaches in overcoming
the limitations of conventional MPPT algorithms, providing a strong foundation for my own
hybrid algorithm designs.

Finally, my collaborative work with Feriel Abdelmalek [28] on the paper Experimental
Validation of Effective Zebra Optimization Algorithm-Based MPPT under Partial Shading Con-
ditions in Photovoltaic Systems introduces the Zebra Optimization Algorithm (ZOA), validated
through real-time experimentation using a DSPACE 1104 board. This work demonstrates that
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ZOA achieves superior tracking accuracy of 99.95% in PSCs, outperforming established methods
like GWO and PSO, and confirming its potential for real-world PV system applications.

The subsequent scientific articles related to MPPT under PSC, including additional works
by myself and my colleagues, will be summarized in the following table 0.1. This table will
provide a comprehensive overview, including performance metrics, advantages, and limitations,
to facilitate a clear understanding of the state-of-the-art in this rapidly evolving research area.

Together, these works provide a comprehensive overview of the challenges and advancements
in MPPT for PV systems under PSC. They collectively highlight the critical need for robust,
adaptive, and intelligent MPPT strategies capable of addressing the complex, multimodal nature
of PV power curves, particularly in rapidly changing environmental conditions. The advance-
ments presented in these works form a critical foundation for ongoing research, including the
work presented in this thesis, which aims to integrate real-time restart mechanisms, advanced

metaheuristic algorithms, and predictive control methods for enhanced MPPT performance.



Table 0.1: Summary of MPPT Algorithms for PV Systems under Partial Shading Conditions

Author

Title

Algorithm

Key Features

Efficiency / Performance

Dokala Janandra Krishna
Kishore [29]

A new metaheuristic-based MPPT controller
for PV systems under PSC

Heap-Based Optimizer (HBO)

Low settling time, high tracking accuracy,
reliable under varying conditions, tested with
4x1 PV array

99.85% (Case 1), 99.96% (Case 2),
99.92% (Case 3)

Resat Celikel [30]

Improved voltage scanning algorithm based
MPPT for PV systems under PSC

Voltage Scanning with Skipping

Adaptive voltage skipping, fast tracking with-

out panel data, efficient in complex shading

99.13% to 99.61% across 5 scenar-

ios

Njimboh Henry Alombah
[31]

Multiple-to-single maximum power point
tracking for conventional MPPT

MSMPP Framework (P&O, INC)

Transforms multi-peak to single-peak for
conventional algorithms, faster tracking

50% faster, near-perfect efficiency,
reduced power loss

Hamza Belmadani [32]

A New Fast and Efficient MPPT Algo-
rithm for Partially Shaded PV Systems Using
HSMA

Hyperbolic Slime Mould Algorithm
(HSMA)

Hyperbolic function for rapid convergence,

peak region selection, fewer oscillations

99.85% average efficiency

Pengjia Qi [33]

Novel Global MPPT Technique Based on
Hybrid Cuckoo Search and Artificial Bee
Colony

Hybrid CSA-ABC

Combines global and local search, adaptive
weight factors, restart mechanism

6.2% to 78.6% faster than conven-
tional methods

Abdulbari Talib Naser [34]

A fast-tracking MPPT-based modified coot

optimization algorithm for PV systems

Modified  Coot
(MCOA)

Optimization

Single tuning parameter, search space skip-

ping, reduced tracking time

99.87% efficiency, 1.3 s average

tracking time

T. Nagadurga [35]

Global MPPT optimization for partially
shaded photovoltaic systems

Chimp Optimization Algorithm
(ChOA)

High conversion efficiency, rapid conver-
gence, reduced oscillations

99.63% efficiency, 525.13 W max
power

Hamed Karimi [36] Hybrid P&O-Fuzzy-Based MPPT for PV | P&O + Fuzzy Logic + PSO Combines local fine-tuning and global opti- | High accuracy, reduced oscillations
Systems under PSC mization, reduces power oscillations
Ali Falih Challoob [37] Hybrid CSA-PSO MPPT for PV systems un- | CSA-PSO Hybrid Rapid tracking, high efficiency, reduced os- | 97.72% efficiency, 0.018 s tracking

der PSC

cillations

time

Layachi Zaghba [38]

Improving photovoltaic energy harvesting
with hybrid fuzzy logic-PI MPPT

Fuzzy-PI + PSO

Rapid adaptive response, reduced oscilla-
tions, high overall efficiency

99.7% efficiency, 0.3 s tracking time

Manoj Kumar Senapati
[39]

Photovoltaic MPPT Performance Adaptabil-
ity to Partial Shading Resilience

Modified Adaptive Jaya Optimiza-
tion (MAJO)

Faster convergence, robust under dynamic

shading and load variations

99.99% efficiency, 0.154 s conver-
gence time

O. Fergani [40]

A New Modified Bacterial Foraging MPPT
Technique with Dynamic Mutation Rates

Modified Bacterial Foraging Algo-
rithm (M-BFA)

Dynamic mutation rates, high adaptability,
efficient under complex PSCs

89.39% accuracy, 0.4-0.9 s tracking

time

Dijallal Eddine Zabia [41]

A novel equilibrium optimizer for PV under

non-uniform conditions

Equilibrium Optimizer (EO)

Fast convergence, superior efficiency, effec-

tive under complex PSCs

99.94% efficiency, 0.43 s settling

time

Djallal Eddine Zabia [42]

Grey wolf optimization parameter enhance-
ment for tracking MPP under CPSC

Enhanced GWO (GWO-CC)

Parameter tuning for better exploration and
exploitation, rapid MPP tracking

Superior to PSO-CC, faster conver-
gence
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.3 Power Quality Issues in Grid-Connected PV Systems

Power quality determines whether a grid can deliver energy within prescribed voltage, frequency,
and waveform limits. As PV penetration rises, maintaining those limits becomes harder because
the power injected by each inverter varies with irradiance and because the inverters themselves
are nonlinear switching devices.

Harmonic distortion. Grid-tied PV inverters operate a high-frequency bridge (2-20 kHz)
to synthesise the 50/60 Hz fundamental. The switching action produces interharmonics and
higher-order harmonics; typical magnitudes reach 3-6 % of the fundamental for the 5" and
7% orders and 1-2 % for orders above the 13", Transformers carrying such distorted currents
heat up disproportionately; a 4 % 5™ harmonic can elevate copper losses by 12 %, shortening
insulation life by several years.[43] Capacitor banks at harmonic resonance may draw excessive
reactive power, leading to over-voltages and fuse operation. Recognising these risks, IEEE
519-2014 limits total harmonic distortion for currents (THDi) to 5 % in systems below 69 kV
and sharpens the individual limits for the 5™ and 7™ orders to 4 %. European standard EN 50160
imposes similar voltage- and flicker-based constraints.

Reactive-power balance is equally critical. Smart inverters can inject or absorb Q on
demand, but their capability curve shrinks when the operating point drifts from the nominal
modulation index—precisely what happens when MPPT under PSCs hunts across the P-V
surface. The resulting voltage excursions propagate through weak distribution feeders.

Limitations of passive mitigation. Passive L C filters are cheap, but their efficacy peaks
at the design frequency and they introduce sharp resonance that can amplify neighbouring
harmonic orders. Static capacitor banks or mechanical tap-changers handle sluggish reactive-
power variations but cannot chase the sub-second swings induced by shaded PV arrays.

Shunt active power filters (SAPFs) address both problems. An SAPF measures line
currents, extracts the harmonic and reactive components, and injects an equal-and-opposite
current through a voltage-source inverter. Unlike passive filters it adapts within one or two line
cycles and can track a moving PQ reference set by a supervisory controller. State-of-the-art
controllers rely on Direct Power Control (DPC) or Direct Current Control (DCC) regulators to
keep the tracking error below 1 % of full scale.[44]

Poor tracking of the global MPP under PSCs not only wastes real power but also makes the
inverter’s current ripple worse, giving the SAPF more work to do. Conversely, an undersized or
sluggish SAPF can reflect voltage ripple back onto the PV side and confuse the MPPT algorithm.
An effective solution therefore has to treat energy extraction and power-quality conditioning as

one problem, not two separate ones—a key theme developed in the remainder of this thesis.
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3.1 Review of Previous PhD Theses on SAPF and Power Quality Improve-

ment

Several significant contributions to the field of SAPF and power quality improvement have been
made in previous PhD theses. These works have laid the foundation for the development of more
advanced control strategies, harmonic mitigation techniques, and reactive power compensation
methods.

One influential thesis is by Abdelmadjid CHAOUI [45], titled Three-phase active filter for
non-linear loads. In this work, Chaoui focuses on the design and optimization of three-phase
SAPF for harmonic compensation, reactive power management, and unbalance correction. The
thesis presents a detailed analysis of SAPF parameter estimation, including DC bus voltage
(Vae), coupling inductance (L), and storage capacitance (Cgc), validated through extensive
laboratory experiments. Chaoui introduces a multivariable PLL and IP regulator to enhance
control stability and robustness, emphasizing the critical role of accurate parameter selection in
achieving optimal SAPF performance.

Another significant work is by Boualem BOUKEZATA [46] in his thesis titled Study and
order of an energy conversion chain for a photovoltaic solar system. Boukezata addresses
the challenges of power quality in both standalone and grid-connected PV systems. The thesis
introduces advanced MPPT algorithms based on fuzzy logic for improved power extraction under
rapidly changing irradiance conditions. In addition to MPPT, Boukezata explores various control
strategies for DC-AC inverters to improve grid power quality, emphasizing the importance of
accurate DC bus voltage regulation and real-time power control.

In a related work, Mustapha SARRA [47] explores hybrid active power filters (FAPH) in
his thesis titled Contribution a I’Etude des Filtres Actifs Hybrides. Sarra focuses on improving
harmonic compensation by integrating passive LC filters with active SAPF systems, significantly
enhancing filtering efficiency while reducing control complexity. The thesis presents extensive
experimental validations demonstrating the effectiveness of this hybrid approach in achieving
lower harmonic distortion and improved power factor.

Kamel DJAZIA [48] , in his thesis Etude des Filtres Actifs pour Réseaux Déséquilibrés et
Distordus, introduces the Zero Direct Power Control (ZDPC) method for SAPF systems under
unbalanced and distorted grid conditions. Djazia’s work emphasizes the importance of precise
harmonic detection and control for effective power quality improvement, presenting a compre-
hensive experimental validation of ZDPC performance under challenging grid conditions.

Another notable contribution is from AFGHOUL Hamza [49] , who in his thesis titled
Approche Avancée du Filtrage Actif et du Controle de Puissances dans les Installations Photo-
voltaiques Interconnectées au Réseau, develops advanced control techniques for active filtering
and power management in grid-connected PV systems. Afghoul introduces fractional order
PI/IP regulators for improved dynamic response, validated through extensive experimental test-
ing. This work highlights the importance of real-time control strategies in maintaining power

quality under varying load and grid conditions.
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Finally, Sabir OUCHEN [50] in his thesis Contribution a la Commande Directe de Puis-
sance Dédiée au Filtrage Actif, Associé a une Source Photovoltaique presents a detailed study
of direct power control (DPC) techniques for PV systems integrated with SAPF. Ouchen’s work
focuses on reducing harmonic distortion and improving power quality through optimized con-
trol algorithms, including DPC-SVM and predictive DPC, validated with both simulation and
experimental data.

These theses collectively underscore the critical importance of advanced control strategies,
precise parameter estimation, and real-time adaptive techniques in enhancing the performance

of SAPF systems for power quality improvement in modern power networks.

3.2 Review of Previous Scientific Works on Power Quality Improvement

In addition to the foundational contributions from previous PhD theses, numerous scientific
papers have advanced the field of power quality improvement in grid-connected PV systems,
focusing on harmonic mitigation, reactive power compensation, and advanced control strategies
for SAPFs . These studies highlight the critical role of innovative control algorithms, opti-
mized filter design, and real-time implementation for improving power quality in modern power
networks.

One influential work is by Afghoul Hamza titled Design and Real-time Implementation of
Fuzzy Switched Controller for Single Phase Active Power Filter [51]. This paper introduces a
novel fuzzy switched controller (FSC) integrated within a direct current control (DCC) algorithm
for single-phase active power filters (SPAPF). The controller consists of a conventional PI
controller, fractional order PI controller (FO-PI), and a fuzzy decision maker (FDM) that
switches between them using reduced fuzzy logic control. This configuration offers short
response times, low damping, and efficient disturbance rejection, ensuring robust performance
under varying operating conditions. Experimental validation using a dSPACE 1104 test bench
confirms the controller’s ability to meet IEEE 519 harmonic standards, achieving a THD of
2.4% for both current (THD1) and voltage (THDv), and a unity power factor.

Another significant contribution is by Sabir Ouchen in his paper titled Robust DPC-SVM
Control Strategy for Shunt Active Power Filter Based on HooRegulators [52]. Ouchen addresses
the limitations of conventional Direct Power Control (DPC) methods, which suffer from variable
switching frequencies and high-power ripples. To overcome these issues, the paper proposes a
DPC combined with Space Vector Modulation (SVM) and an Hooregulator for enhanced power
quality. The control strategy is validated using Matlab/Simulink with real-time interfaces,
demonstrating effective harmonic suppression, fast dynamic response, and unity power factor
maintenance, even under distorted grid conditions.

Boualem Boukezata also makes a notable contribution with his paper titled Power Quality
Improvement by an Active Power Filter in Grid-Connected Photovoltaic Systems with Optimized
Direct Power Control Strategy [53]. This study focuses on integrating a PV generator into

the grid through a three-phase voltage source inverter, incorporating a direct power control
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strategy with an optimized switching table. This approach reduces power losses, enhances
instantaneous power control, and provides multifunctional capabilities, including MPPT , power
factor correction, harmonic elimination, and reactive power compensation. The proposed
system is validated through extensive simulation and experimental testing, demonstrating robust
performance under varying irradiance and load conditions.

Prasanta Kumar Barik introduces a comprehensive approach in his paper titled Simulation
and Real-time Implementation of a Combined Control Strategy-Based Shunt Active Power Filter
in Microgrid [54]. This work presents a multi-stage control strategy for microgrid systems,
incorporating a combined control approach (NFPLL-MSRF-FIED-AFHCC) for SAPFs. The
paper emphasizes the integration of various control methods, including modified synchronous
reference frame (MSRF) techniques and fuzzy logic, to improve harmonic compensation, load
adaptability, and voltage stability. The approach is validated through real-time digital simulation,
demonstrating significant improvements in power quality and system robustness.

Derradji Bakria contributes to this field with his paper titled An Optimized Shunt Active
Power Filter Using the Golden Jackal Optimizer for Power Quality Improvement [55]. This
work presents an optimized design for SAPF, incorporating anti-windup PI controllers and
optimized output filters. The paper uses the Golden Jackal Optimizer (GJO) to enhance DC
link voltage regulation and current quality, achieving superior harmonic mitigation and reactive
power compensation. The proposed method is validated through simulation, demonstrating
significant reductions in THD and improved system stability.

Finally, Juntao Fei has made multiple contributions to this field, including the papers
Experimental Investigation of Recurrent Neural Network Fractional-Order Sliding Mode Control
of Active Power Filter [56] and Neural Network Complementary Sliding Mode Current Control
of Active Power Filter [57]. These studies introduce advanced neural network-based control
strategies for SAPFs, leveraging recurrent neural networks and fractional-order sliding mode
controllers to improve current compensation accuracy and dynamic response. The experimental
results highlight the effectiveness of these approaches in reducing harmonic distortion and
enhancing overall power quality.

The subsequent scientific articles related to power quality improvement will be summarized
in the following table 0.2. The scientific contributions summarized in Table reflect the diverse
range of approaches to power quality improvement in SAPFs, including fractional-order control,
predictive algorithms, neural networks, and fuzzy logic systems. These studies provide valuable

insights into the design and optimization of SAPF control strategies.



Table 0.2: Selected Scientific Works on Power Quality Improvement in Grid-Connected PV Systems

Authors

Title

Key Contributions and Findings

Afghoul Hamza [58]

Implementation of Fractional-Order Integral-
Plus-Proportional Controller to Enhance the
Power Quality of an Electrical Grid

Introduces a fractional-order integral-plus-proportional (FO-IP) controller for SAPF, offering fast response,
low overshoot, and improved robustness. Experimental results show a reduction in THD from 31.6% to
2.4%, outperforming conventional DPC methods.

T. M. Thamizh Thentral [59]

Development of Control Techniques Using Mod-
ified Fuzzy Based SAPF for Power Quality En-

hancement

Proposes a fuzzy logic-based SAPF control strategy, reducing THD from 63.8% to 0.48% in SRF mode,
and 23.9% to 3.2% for general loads. Demonstrates significant power factor correction and reactive power

compensation.

S. Orts-Grau [60]

Generalized One-Cycle Current Controller for
Improved SAPF Power Quality Management

Develops a generalized one-cycle current controller with two degrees of freedom, achieving stable current
tracking and THDi values under 1%. Demonstrates significant power quality improvements over traditional
methods.

Roman Hrbac [61]

Improving Power Quality with the Use of a New
Method of Serial Active Power Filter (SAPF)

Control

Introduces a comparative method for SAPF control, achieving superior harmonic mitigation and dynamic

response compared to standard FFT and Butterworth filter methods.

Abinash Rath [62]

An Advanced Shunt Active Power Filter (SAPF)
for Non-Ideal Grid Using Predictive DPC

Proposes a dead-beat predictive DPC for non-ideal grids using D-SOGI, achieving efficient power quality
improvement in variable grid conditions. Demonstrates significant reduction in harmonic distortion and fast
dynamic response.

Ghania Boudechiche [63]

Anti-Windup FOPID-Based DPC for SAPF In-
terconnected to a PV System Tuned Using PSO
Algorithm

Develops an anti-windup fractional-order PID controller for SAPF, optimized using PSO, demonstrating

superior THD reduction and fast response under rapid irradiance changes.

Sabir Ouchen [64]

Direct Power Control of Shunt Active Power Filter
Using Space Vector Modulation Based on Super-
Twisting Sliding Mode Control

Proposes a DPC-SVM with super-twisting sliding mode control, achieving 0.5% THDi in simulation and
3.37% in experimental tests, with rapid response and robust performance.

Boualem Boukezata [65]

An Enhanced Control Scheme for Multifunctional
Grid-Connected PV System Using Fuzzy and Pre-

dictive Direct Power Control

Combines fuzzy logic control with predictive DPC for improved power quality and reduced voltage oscilla-

tions in grid-connected PV systems. Validated through simulation and experimental studies.

Surya Prakash [66]

Adaptive Control for Shunt Active Power Filter
under Stochastic Solar Photovoltaics Behavior

Proposes an adaptive PI regulator for PV-SAPF systems, achieving significant improvements in dynamic
response, THD reduction, and reactive power compensation under variable solar conditions.

S. Gomathi [67]

Improvement of Power Quality in a Power System
using the QBC-Shunt Active Filter and FOPID

Technique for Renewable Energy Systems

Introduces a QBC-SAF with FOPID control, demonstrating significant reductions in rise time, settling time,

and steady-state error, enhancing overall power quality.

Alka Singh [68]

Applications of Adaptive Long Short-Term Mem-
ory to Active Filtering

Develops an A-LSTM controller for active filtering, achieving fast response and low THD in single-phase
grid-connected systems. Demonstrates effective power quality improvement under dynamic conditions.

Juntao Fei [69]

Dynamic Terminal Sliding-Mode Control for
Single-Phase Active Power Filter Using New

Feedback Recurrent Neural Network

Introduces a dynamic terminal sliding-mode control for APF with DHL-RNN, achieving rapid compensation

and chattering-free control. Validated through experimental and simulation studies.
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.4 Problem Statement and Research Gap

Headline problem. No published work has yet demonstrated a single platform that (i) maximises
PV power under partial-shading, (ii) delivers that power through a SAPF that simultaneously
mitigates household harmonics and regulates reactive power, and (iii) does so with verifiable

hardware rather than idealised simulation.

What is known. When a PV string is partially shaded—by fast-moving clouds, neighbouring
buildings, or uneven soiling—its power—voltage (P-V) curve splits into multiple peaks. Con-
ventional MPPT schemes such as Perturb—and-Observe or fixed-step Incremental Conductance
tend to lock onto a local peak, sacrificing between 10 and 30 % of the available energy. Worse,
operating the inverter at this off-design point enlarges current distortion and reactive-power
swings, often breaching the 5 % THD ceiling mandated by IEEE 519 in less than a second. Over
the last decade, three lines of research have progressed in parallel:

Metaheuristic MPPT. Global-search optimisers—PSO, GWO, SMO, EO, etc.—track the
GMPP more reliably under shading.

Smart—inverter control. Advanced current controllers and virtual-impedance techniques
now allow inverters to inject or absorb reactive power on demand.

SAPF technology. Predictive direct-power control (PDPC), fractional-order regulators and
H® designs have reduced current THD below 3 % for typical nonlinear domestic loads.

Yet the literature treats these advances in isolation; none examine their combined behaviour

under real shading events.

What is missing. A close reading of more than 120 articles and ten PhD theses reveals three
intertwined gaps:

Interaction gap. No study measures how the residual ripple of a shaded-array MPPT prop-
agates through the SAPF: its influence on DC-link oscillations, harmonic-tracking bandwidth,
or the stability margins of the filter’s predictive controller remain undocumented.

Extraction gap. Existing SAPF-PV hybrids still rely on local MPPT (P&O, INC) or on
metaheuristics without restart capability; under rapid irradiance steps they lose the GMPP for
several seconds—precisely when a smart-home’s power demand spikes due to HVAC or EV
charging.

Emulation gap. Hardware prototypes employ either low-resolution chopper-based em-
ulators, whose discrete levels smear subtle shading effects, or high costing commercial PV
simulators. Consequently, there is no affordable testbench that can replay a library of shading

profiles while the SAPF runs in closed loop.

Questions this thesis answers.
Q1. How does an SAPF behave when tasked with absorbing the dynamic current of a
globally-tracked yet shaded PV array and compensating the distorted loads of a sensor-rich

smart home?
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Q2. Can a restart-enhanced EEGO sustain GMPP tracking through irradiance and power
change without degrading SAPF harmonic or reactive-power performance?
Q3. Can a simple programmable DC source (PDCS), driven by numerically generated [-V

curves, emulate partial-shading scenarios with an error below 5% accuracy?

Thesis stance. By answering these questions experimentally, the thesis provides the first
hardware-validated controller that simultaneously (i) pushes shaded-array efficiency above 99
%, (ii) keeps load-side THD below 3 %, and (iii) maintains unity power factor—even during

irradiance transients—using a DC-source-based PV emulator.

.5 Contributions of the Thesis

This thesis presents significant contributions to the integration and control of PV systems within
reactive power compensation frameworks, particularly under challenging PSCs. The research
addresses critical gaps in power quality, maximum power extraction, and grid stability, providing
a comprehensive framework for the optimization and control of integrated PV systems. The

main contributions are as follows:

1. Development of the Enhanced Eel-Grouper Optimization (EEGO) Algorithm for
MPPT: This thesis introduces the Enhanced Eel-Grouper Optimization (EEGO) algo-
rithm, a novel metaheuristic method tailored for global Maximum Power Point Tracking
(GMPPT) under PSCs. By integrating a proposed polynomial decay strategy, EEGO
achieves rapid convergence (1.8-3.255s) and high tracking efficiency (99.17-99.97%)
across five static PSC scenarios. The algorithm was validated using a custom PV module
with a maximum power of 84.64 W. EEGO optimized for Vi, ranging from 20.75-
43.30'V and Iy from 3.08-8.12 A across the scenarios. Simulations in MATLAB 2012b
and experimental tests on a dSPACE 1104 DSP (hysteresis-controlled boost converter)
confirmed EEGO’s robustness, with minimal ripple and settling times of 3.0-4.25s. Com-
pared to other optimizations, EEGO significantly reduces power losses and convergence

time making it ideal for real-time grid-connected PV system.

2. Design and Implementation of a Programmable DC PV Emulator: This thesis presents
a PDCS-PV emulator designed to replicate the electrical behavior of a PV array under
PSCs, providing a versatile platform for validating MPPT algorithms. The emulator, built
around the GW Instek APS-1102A PDCS (maximum capacity: 1000 W, up to 10 A at
100V or 5 A at 200V), interfaces with a dSPACE 1104 DSP for real-time control. A
two-dimensional lookup table (LUT), generated in MATLAB 2012b using the single-
diode model enabling precise emulation of multi-peak P-V characteristics. Open-loop
validation confirmed high fidelity, with I-V curve deviations below 5% across all scenarios,
supporting robust testing of algorithms like EEGO, particularly in complex multi-peak

conditions. However, limitations include lab space constraints, lack of sophisticated
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hardware, and challenges in maintaining stable testing for extensive scenarios in Setif.
These constraints limited the number of testable configurations but did not compromise
the emulator’s ability to replicate realistic PV behavior, making it an invaluable tool for

experimental MPPT validation and power electronics research.

3. Real-Time MPPT Optimization: This thesis introduces a real-time MPPT optimization
strategy designed to dynamically adapt control parameters under rapidly changing irradi-
ance conditions, ensuring prompt responses, minimal power fluctuations, and sustained
maximum energy extraction. Implemented on a dSPACE 1104 DSP, the strategy opti-
mizes the PV current reference (1, ;. ) using a metaheuristic approaches, integrated with
a hysteresis-controlled boost converter. The strategy evaluates three candidate solutions
every 750 ms (250 ms per candidate for stabilization), enabling rapid adaptation to dynamic
shading changes. The use of I, ;. optimization and hysteresis control ensures smoother
transitions and lower ripple compared to direct duty cycle adjustments, enhancing noise
immunity and grid stability. Experimental results on the dSPACE 1104 confirmed ro-
bust tracking of the global MPP, particularly in complex multi-peak scenarios. A minor
trade-off is the computational load of evaluating multiple candidates, though the small
population size (3-5 candidates) ensures real-time feasibility on the dSPACE platform.
Nonetheless, this strategy significantly improves energy efficiency and power injection

stability, making it a critical advancement for real-time grid-connected PV systems.

4. Development of a Real-Time Restart Mechanism for Metaheuristic MPPT Algo-
rithms: This thesis presents a real-time restart mechanism integrated into the EEGO
algorithm to ensure optimal power extraction under rapidly changing environmental con-
ditions, such as sudden PSCs events. The mechanism detects significant irradiance shifts
and resets the optimization process to avoid local convergence, enhancing MPPT stability
and reliability. the mechanism monitors power every 750 ms iteration. The restart triggers
when a power change exceeds 3% and prior stability is below 0.5 W for three consecutive
iterations ( 2.25s). This dual-threshold approach, ensures no false triggers during steady
convergence or early exploration while guaranteeing resets after genuine disturbances. A
minor limitation is the 2.25 s detection window, which may delay responses to extremely
rapid changes. The computational overhead of continuous power monitoring is minimal,
leveraging the EEGO’s efficient structure. By preventing local optima convergence, this
mechanism significantly enhances energy extraction reliability, making it a vital compo-

nent for real-time grid-connected PV systems under dynamic shading.

5. Integration of SAPF with PDPC: This thesis develops an integrated SAPF with PDPC
to enhance power quality in a grid-connected PV system under PSCs. The SAPF-PDPC
mitigates harmonic distortions and reactive power fluctuations, ensuring compliance with
IEEE 519-2022 standards. The SAPF injects compensating currents to cancel harmonics
at the point of common coupling (PCC). PDPC predicts active and reactive power one
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step ahead, minimizing a quadratic cost function. Implementation reduced current THD
bellow 5% threshold, eliminated reactive power, and achieved unity power factor. The
system excelled in dynamic conditions with nonlinear loads, particularly under multi-peak
shading scenarios. This integration significantly enhances grid stability and power quality,

making it a critical advancement for renewable energy systems.

6. Comprehensive Experimental Validation and Novel Power Loss Analysis: This thesis
pioneers the experimental integration of a PV system with the EEGO algorithm for MPPT,
a restart mechanism, and SAPF with PDPC under PSCs. Implemented on a dSPACE 1104
platform with a GW Instek APS-1102A PV emulator, VSI, and nonlinear load, the setup
replicates static PSCs, dynamic load, and irradiance transients. A key contribution is the
first in-depth experimental analysis of power loss mechanisms impacting grid injection
efficiency (7iyj), particularly the SAPF-induced PCC voltage rise (Vimspcc) increasing
load power up to ~10%. This load power increase was the primary loss factor, with
inverter losses secondary. No prior work has experimentally quantified this phenomenon’s
impact on MPPT performance under partial shading with such depth. EEGO achieved
near-optimal power extraction, rapid convergence (<3 s), and minimal ripple, enhancing
grid stability. The SAPF-PDPC reduced current THD from 16.2-17.4% to 1.9-2.8%
and maintained near-unity power factor. The system excelled in multi-peak shading and
dynamic transients, though slight THD elevation (2.8% vs. simulated 2.55%) occurred due
to sensor lag. This establishes a new benchmark for integrated PV systems, highlighting

the critical interplay of MPPT and power quality under real-world conditions.

Collectively, these contributions form a robust framework for the optimization and control
of PV systems within modern smart grids. They address critical challenges in power quality,
reactive power compensation, and maximum power extraction, significantly advancing the state-

of-the-art in sustainable energy technology.

.6 Thesis Organization

This thesis, titled Contribution to the Control of a Reactive Power Compensation System Powered
by a Photovoltaic Generator, is structured into four main chapters that systematically present
the theoretical foundations, methodological developments, experimental validations, and over-
all conclusions. Each chapter builds on the previous one, creating a coherent narrative that
thoroughly addresses the challenges and solutions related to PV integration and reactive power
compensation within modern smart grid frameworks.

Chapter 2: System Design and Modeling establishes the theoretical and practical foun-
dation for designing, modeling, and controlling an integrated PV system with reactive power
compensation. It begins with the detailed modeling of PV cells, panels, and arrays, including the

impact of PSCs on power-voltage (P-V) characteristics. This section sets the stage for MPPT by
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highlighting the need for advanced optimization algorithms. The Enhanced Eel-Grouper Opti-
mizer (EEGO), developed specifically for this thesis, is introduced as a solution to the challenges
of PSCs. The chapter then shifts focus to power quality improvement, discussing the critical role
of SAPF in harmonic mitigation and reactive power compensation. It covers essential concepts
like total harmonic distortion (THD), power factor correction, and the mathematical modeling
of SAPF components, providing a comprehensive framework for high-efficiency power control
in smart grids.

Chapter 3: Experimental Combined System and Implementation bridges the gap be-
tween theoretical modeling and practical realization, detailing the combined hardware and
software framework required for real-time PV energy conversion and power quality improve-
ment. It covers the integration of the PDCS-PV emulator, digital controller, boost converter,
and SAPF, emphasizing the practical challenges of system synchronization and real-time con-
trol. This chapter also includes the design and validation of a PDCS-PV emulator, critical
for accurately replicating real-world shading conditions in experimental setups. It introduces
the real-time implementation of metaheuristic-based MPPT algorithms, including EEGO, and
provides detailed guidance on algorithm initialization, evaluation, population update, and duty
cycle adjustment. These elements collectively establish the practical foundation for the dynamic
testing and performance analysis presented in subsequent chapters.

Chapter 4: Experimental Integration of PV Emulator and Power Compensation System
under Partial Shading presents the comprehensive experimental validation of the integrated
PV emulator and reactive power compensation system. It begins with a detailed overview
of the experimental setup, including the PDCS-PV emulator, digital control system, boost
converter, and SAPF. This chapter thoroughly examines the performance of multiple MPPT
algorithms under various PSCs scenarios, providing critical insights into their relative efficiency
and accuracy. It also assesses the SAPF’s effectiveness in mitigating harmonic distortions and
maintaining grid stability. The chapter concludes with a comparative analysis of the integrated
system’s performance, validating the proposed control strategies through extensive empirical
evidence. This section confirms the practical viability of the thesis contributions, bridging the
gap between theoretical innovation and real-world application.

Chapter 5: Conclusion and Future Perspectives synthesizes the entire body of work,
summarizing key findings and contributions while reflecting on the thesis’s broader significance
in advancing PV system integration and reactive power management. It also discusses the
limitations of the current research and outlines potential directions for future work, emphasizing
the scalability and adaptability of the proposed methods in diverse smart grid applications.

This structured organization ensures clarity and coherence, guiding readers logically through
the complexities of theoretical concepts, practical implementations, experimental validations,
and final reflections, providing a comprehensive resource for both academic researchers and
industry practitioners interested in enhancing PV system integration and power quality manage-

ment.



Chapter 1 Overview: Photovoltaic System

Chapter 1 establishes the theoretical foundation for the modeling, analysis, and control of
photovoltaic (PV) energy conversion systems, with particular emphasis on maximum power
extraction under non-uniform irradiance conditions. This chapter focuses exclusively on the PV
generation side, providing the necessary background for understanding the challenges associ-
ated with partial shading and the need for advanced maximum power point tracking (MPPT)
techniques.

The chapter begins in Section 1.1 with the mathematical modeling of the PV system. The
single-diode PV cell model is introduced as the fundamental building block for accurately repre-
senting PV behavior. This section progresses from the electrical characteristics of individual PV
cells to practical PV panel and array configurations in Section 1.1.1, establishing the relationship
between irradiance, temperature, and output power. The impact of partial shading conditions
(PSCs) is thoroughly analyzed in Section 1.1.3, where the emergence of multiple local max-
ima on the power—voltage (P-V) curve is demonstrated, highlighting the inherent limitations of
conventional tracking methods.

Section 1.2 introduces the concept and operational principles of maximum power point
tracking. The necessity of MPPT for efficient energy extraction is discussed, along with the
consequences of operating PV systems without appropriate tracking mechanisms. This section
further examines the challenges introduced by PSCs, particularly the tendency of traditional
MPPT algorithms to converge to local maximum power points rather than the global maximum
power point (GMPP).

To address these limitations, Section 1.3 presents the development of the Enhanced Eel-
Grouper Optimizer (EEGO), a biologically inspired metaheuristic algorithm designed for robust
global MPPT under complex shading patterns. The evolution from the original Eel-Grouper
Optimizer (EGO) to the enhanced formulation is detailed, including the mathematical modeling,
control integration, and performance improvements that enable faster convergence and improved
tracking reliability.

Overall, this chapter provides a comprehensive theoretical framework for PV system mod-
eling and advanced MPPT design, forming the basis for the experimental implementation and

system-level integration presented in subsequent chapters.
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Chapter 1

Photovoltaic System

1.1 Photovoltaic System Model

1.1.1 PV Cell Modeling

The reliance on PV systems as a renewable energy source necessitates the development of precise
and reliable models to predict and optimize their behavior under various environmental condi-
tions. Given the intermittent nature of solar irradiance and temperature fluctuations, accurately
modeling PV cells is essential for maximizing efficiency and ensuring stable integration into
power systems. This section focuses on the single-diode model of the PV cell, a widely accepted
approach that offers a balance between computational simplicity and accuracy in capturing the

nonlinear characteristics of the cell.

1.1.1.1 Single-Diode Model of a Photovoltaic Cell

The single-diode model stands as a cornerstone in the electrical modeling of PV cells, offering a
computationally efficient yet robust framework to simulate their behavior under diverse operating
conditions. Widely adopted for its balance of simplicity and accuracy, this model encapsulates
the physical characteristics of a PV cell through an equivalent circuit, as depicted in Figure 1.1.
This representation facilitates the analysis of energy conversion processes, enabling the design of
MPPT algorithms and PV emulators critical to system optimization, particularly under non-ideal
scenarios such as PSCs [70].

The model hinges on five fundamental parameters that govern the PV cell’s output character-
istics: the photocurrent (1,,,), the diode reverse saturation current (/y,,), the diode ideality factor
(n), the series resistance (R;), and the shunt resistance (R;;). These parameters collectively
define the cell’s response to environmental variables such as irradiance and temperature, as well
as internal losses, providing a comprehensive basis for performance analysis.

The photocurrent [, represents the current generated by incident solar irradiance (G) on
the semiconductor surface of the photovoltaic cell. This current is primarily proportional to

the irradiance level and exhibits a slight dependence on temperature due to variations in carrier
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Figure 1.1: Single-Diode Model of a PV Cell

generation efficiency within the PN junction. Under standard test conditions (STC), defined
by a reference irradiance G,.r = 1000 W/m? and a reference temperature 7,.r = 25°C, the
photocurrent closely approximates the short-circuit current /. ,.r. For operating conditions

deviating from STC, the photocurrent can be accurately expressed as:

Lon = [Lserer + @rse (T = Trep) | (GG ) (1.1)
ref

where aj,. is the temperature coefficient of the short-circuit current, typically provided by

the PV module manufacturer. This formulation captures the linear dependence of photocurrent

on irradiance and its slight increase with temperature, consistent with standard photovoltaic
modeling practices.

The diode current (/;), governed by the Shockley equation, models the nonlinear behavior

of the PN junction, capturing recombination losses and the exponential relationship between

voltage and current. This current is expressed as:

Vpy+I-Rs
Iy = L (e Vi — 1) (1.2)

where I, is the reverse saturation current!, dependent on temperature and semiconductor
bandgap; n is the ideality factor (typically 1 to 2 for silicon cells), reflecting junction quality;
and Vy;, = % is the thermal voltage, with k = 1.38 x 10-3 J/K (Boltzmann’s constant), q =
1.6 + 1071° C (electron charge), and T in Kelvin. The term Vyv + I - Ry represents the voltage

across the diode, adjusted for series resistance losses.

I'The reverse saturation current originates from minority carrier diffusion and recombination within the depletion
region of the PN junction. Its value depends strongly on temperature and semiconductor material properties,
particularly the bandgap energy. As temperature increases, enhanced thermal generation of carriers leads to an
exponential rise in /54, increasing recombination losses and reducing the achievable open-circuit voltage. Accurate
modeling of I, is therefore essential for predicting PV cell performance under varying thermal and operating
conditions.
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The practical model extends beyond the ideal configuration—comprising only 7, and I,

as enclosed in the blue oval of Figure 1.1—by incorporating resistive elements.

The series

resistance R; quantifies losses due to current flow through the cell’s material and contacts,

while the shunt resistance Rg, models leakage currents bypassing the junction, often due to

manufacturing defects or edge effects. These resistances significantly influence the cell’s I-V

characteristics, particularly under high-current or low-irradiance conditions, as illustrated in

Figure 1.2.
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Figure 1.2: Effect of R and Ryj, on I-V and P-V Curves. Variations in these resistances alter the
slope and fill factor of the curves, impacting power output.

The total output current (/,,) at the cell terminals integrates these components, derived from

Kirchhoff’s current law as:

\%
Ipv: ph_ld_ P
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Vov+l
where ”VR—
sh

to the diode voltage (V) by:

va = Vd_

IR,

Ry represents the shunt leakage current (/). The output voltage (V) is related

(1.4)

highlighting the voltage drop across Ry. This formulation captures the interplay between

photogeneration, recombination, and resistive losses, as visualized in Figure 1.3, which demon-

strates the effects of irradiance and temperature on I-V and P-V curves.
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Figure 1.3: Effect of Irradiance and Temperature on PV I-V and P-V Curves. Higher irradiance
increases current, while temperature shifts voltage and power output.

The single-diode model’s computational efficiency and reliable accuracy make it a preferred

choice for real-time applications, such as MPPT algorithm development and PV emulator

design, as explored in later sections of this thesis (e.g., Chapter 4, Section 4.3). By accounting

for both ideal and non-ideal effects—through parameters like /4, n, Ry, and Rg;,—it provides a
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robust foundation for analyzing PV behavior under varying conditions, including PSCs, where

deviations from STC amplify the significance of resistive and leakage effects.

1.1.1.2 Parameter Selection and Validation

The parameters of the custom PV module were meticulously selected to align with the exper-
imental constraints imposed by the DC programmable voltage source and the power quality
requirements of the integrated system. This subsection delineates the scientific and technical
rationale underpinning these choices, emphasizing their suitability for laboratory-scale investiga-
tions. The adoption of a low-power PV module is justified by its capacity to facilitate controlled
testing of advanced control strategies, such as MPPT algorithms and SAPF integration, within
a manageable operational envelope. Table 1.1 represents the parameters of the Custom PV
Module Used in the validation.

Table 1.1: Parameters of the Custom PV Module Used in the Simulation
Parameter Symbol | Value | Description
Short-Circuit Current Hse 8.8A Maximum current under stan-
dard test conditions (STC: G =
1000 W/m?, T = 25°C).

Current at MPP Lnpp 8.2A Current at the Maximum Power
Point (MPP).
Open-Circuit Voltage Voc 12.9V | Maximum voltage with zero current
flow.
Voltage at MPP Viupp 10.323 V | Voltage at the Maximum Power
Point (MPP).
Number of Cells in Series N, 21 Number of series-connected solar
cells in the module.
Thermal Voltage Vi 26 mV | Thermal voltage at room tempera-
ture (7' = 298 K).
Maximum Power Prpp 84.64 W | Maximum power at MPP (P, =
Vmpp -1 mpp)'
Series Resistance Ry 0.004 Q@ | Resistance modeling internal losses
in series with the cells.
Shunt Resistance R 150Q | Resistance representing leakage cur-

rents in parallel with the cells.

1. Design Constraints and Voltage Source Compatibility

The parameter selection process was driven by the operational limits of the PDCS, a critical
component of the experimental PV emulator (Chapter 2, Section 2.3). This source imposes strict
thresholds on current and voltage, necessitating a module design that ensures compatibility
without risking overload. The short-circuit current was set at I, = 8.8 A, and the open-
circuit voltage at V,. = 12.9V per module. For an array of five series-connected modules,
the cumulative open-circuit voltage reaches 5 - V,,. = 64.5V, which remains below the DC bus

reference voltage of V;. = 81 V. This configuration safeguards the DC-side filter and aligns with
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the system’s power quality objectives, ensuring stable operation across experimental scenarios.

2. Power Output Optimization for Experimental Versatility

The maximum power output per module, calculated as Py, = Vippp * Inpp = 10323V -
8.2A = 84.64 W, yields a total array power of 5 - Py, = 423.2W. This power level was
deliberately chosen to balance experimental flexibility with the capacity constraints of the DC
voltage source. It enables comprehensive testing under diverse conditions—such as variable
irradiance, PSCs, and harmonic mitigation via SAPF—while preventing excessive thermal or
electrical stress on the emulator. The selected power output supports the evaluation of MPPT
algorithms by providing sufficient energy to replicate real-world PV dynamics, yet remains within
a safe operational range, enhancing the reliability and repeatability of laboratory experiments.

3. Resistive Parameters and Model Fidelity

The series resistance (R; = 0.004 Q) and shunt resistance (Ry;, = 150€) were selected
to reflect realistic PV cell behavior while optimizing experimental outcomes. The low Rj
value minimizes resistive losses, preserving the fill factor and efficiency critical for MPPT
performance analysis, whereas the relatively high Ry, curtails leakage currents, ensuring the
module’s I-V characteristics align with typical silicon-based PV modules. These values, though
tailored to the experimental setup, fall within standard ranges (R,: 0.001 Qto 0.1 Q, Ry;: 100 Q
to 10000 ), validating their representativeness for simulating practical PV operation under
controlled conditions. Table 1.2 shows the single-Diode model parameters and their impact on
PV cell performance.

4. Thermal Influences and Performance Sensitivity

The temperature-dependent nature of PV performance introduces additional considerations,
as elevated temperatures increase the reverse saturation current (/4 ), reducing V,,. and shifting
the [-V curve. With a thermal voltage of V; = 26 mV at T = 298 K, the module’s design accounts
for these effects, emphasizing the need for thermal management to maintain efficiency during
prolonged tests. This sensitivity is particularly relevant for PSCs scenarios (Chapter 3, Section
3.2), where localized heating could exacerbate performance degradation, necessitating precise
parameter calibration.

5. Validation and Experimental Relevance

The low-power module, with a total output of 423.2 W, is engineered to serve as a versa-
tile tool for laboratory-scale experiments, distinct from commercial high-power systems. Its
parameters enable detailed investigations of MPPT algorithms and SAPF integration (Chapter
3), replicating key phenomena like partial shading and power fluctuations without exceeding
the DC source’s limits. This power level ensures operational safety, preventing overload while
supporting a broad spectrum of test conditions—from steady-state to dynamic transients. The
module’s design thus validates its utility as a practical platform for advancing control strategies
within the renewable energy system, aligning with the thesis’s objectives of optimizing power

extraction and quality under controlled, repeatable conditions.
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Table 1.2: Single-Diode Model Parameters and Their Impact on PV Cell Performance

Parameter | Symbol Typical Physical Mean- | Impact on Per-
Range ing formance
Series Re- | Ry 0.001 Q to | Represents the re- | Higher R; re-
sistance 0.1Q sistive losses in | duces the fill fac-
the cell, including | tor, decreases out-
contacts and in- | put power, and
terconnections. lowers the slope
of the I-V curve in
the high-current
region.
Shunt Re- | Ry, 1002  to | Models leakage | Lower R,
sistance 10000 Q currents that by- | reduces the open-
pass the p-n junc- | circuit  voltage
tion due to de- | (V,.) and de-
fects or impurities | creases  overall
in the cell. cell efficiency.
Ideality n 1.0to0 2.0 Indicates how | A higher n
Factor closely the diode | broadens the 1-V
follows ideal | curve, reducing
behavior. A value | efficiency. Lower
of 1 corresponds | n improves the
to an ideal diode. | steepness of the
curve near V..
Photocurrent| 1, 4Atol10A | The current | Higher 1,, in-
generated by | creases the out-
incident sunlight, | put current and
proportional power.  Depen-
to irradiance | dent on irradiance
and slightly | and temperature.
temperature-
dependent.
Saturation | Iy, 110°A to Represents  the | Higher I, at el-
Current 11075 A reverse saturation | evated tempera-

current of the
diode, influenced
by temperature
and material
properties.

tures reduces V.
and overall effi-
ciency due to in-
creased recombi-
nation losses.
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1.1.2 Partial Shading Analysis

Partial shading is a critical phenomenon in photovoltaic (PV) systems that can significantly
degrade performance and reduce energy output [71]. This effect occurs when only part of a
PV panel is exposed to sunlight while other portions are shaded, whether due to environmental
factors such as clouds, trees, buildings, or dust, as shown in Fig. 1.4. Understanding the
impact of shading on I-V and P-V characteristics is essential to improve PV panel efficiency and

reliability.

1 panel

V

panel

Figure 1.4: Partial shading illustrative figure

1.1.2.1 Effect of Shading on Current-Voltage Characteristics

The power generated by a PV cell is directly proportional to the amount of incident solar
irradiance. When shading occurs, the irradiance received by specific cells or modules within
a PV array is reduced, leading to a proportional decrease in the generated photocurrent. This
reduction directly affects the I-V and P-V characteristics of the PV system.

To account for shading effects, the photocurrent can be expressed as a function of irradiance,

temperature, and a shading factor as follows:

G )Sh (1.5)

Iph = [Isc,ref + a’Isc(T_Tref)] (G P
re

where §), denotes the shading factor, I 7 is the short-circuit current at STC, and a/,. is the

temperature coefficient of the short-circuit current. This formulation reflects the fact that partial
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shading effectively reduces the available photocurrent by limiting the photon flux incident on
shaded cells.

In series-connected PV strings, the reduction of current in shaded cells constrains the current
flowing through the entire string, potentially leading to mismatch losses, activation of bypass
diodes, and the appearance of multiple local maxima in the power-voltage characteristic under
partial shading conditions.

1.1.2.2 Mitigation of Shading Effects Using Bypass Diodes
Bypass Diode
9— >

¥ ¥
| .

PV,

PV, ;
I, tot >
Iyt >, sc2 s
Hot Spot Damage i }
- PV,

sc2
I L2 Iscz

L»J Ty

(a) Without Bypass Diode (b) With Bypass Diode

Figure 1.5: Comparison of PV Strings With and Without Bypass Diodes

Shading not only reduces power output but can also lead to "hotspots" due to the increased
resistance in shaded cells. These hotspots can cause localized heating, potentially damaging the
cells or reducing their lifespan. To address the adverse effects of shading, bypass diodes are
incorporated across individual cells or groups of cells in a PV panel. Bypass diodes provide
an alternate current path around shaded cells, preventing them from limiting the current in the
entire series string and reducing the risk of hotspots [72], [73].

The modified current equation for a PV cell with a bypass diode is:

Vv + Iy - Ry

Ipv = 1Iph — I; - R—h + Ibypass (16)
S

where Iy,45s T€presents the current through the bypass diode when shading occurs. Fig.
1.5 compares the PV strings with and without bypass diodes. The diode becomes active only
when the shaded cell’s voltage is sufficiently low, allowing the bypassed current to maintain the

output of unshaded cells.

* Reduction of Voltage Drop: By allowing current to bypass shaded cells, these diodes
reduce the voltage drop across the shaded cells, helping maintain a higher total voltage

and power output in partially shaded conditions.
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* Smoothing the I-V and P-V Curves: With bypass diodes, the I-V and P-V characteristics
of partially shaded panels become more stable. While multiple peaks may still be present,
the bypass diodes reduce the impact of each shaded cell, improving the likelihood of
tracking the true MPP.
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Figure 1.6: The P-V characteristics under Under uniform irradiance and partial shading

Fig. 1.6 compares the P-V characteristics under both conditions. Under uniform irradiance,
the P-V curve displays a single peak, while under PSCs, multiple peaks are evident. Bypass
diodes mitigate the shading impact by allowing current to bypass shaded cells, helping the

system maintain a higher power output.

1.2 Maximum Power Point Tracking (MPPT)

1.2.1 MPPT Fundamentals

The purpose of MPPT algorithms is to ensure that a PV system operates at the MPP under
varying environmental conditions such as irradiance and temperature. The MPP is defined by
the point on the I-V or P-V curve of the PV module where the power output P=V-1 is at its peak.
The central principle of MPPT algorithms is to dynamically adjust the operating point of the PV
array to equation with the MPP, maximizing power extraction [74].

1.2.1.1 Mathematical Definition of the Maximum Power Point

The power output of a PV module is given by:

P = VpV ° Ipv (1.7)
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where Vpv is the output voltage, and Ipv is the output current. At the MPP, the derivative of
the power concerning voltage is zero:

dP
dVpy

=0 (1.8)

This derivative can be expanded using the chain rule as:

dP dlpy

—=I,+V,y— =0 1.9
dVey P PNav, (1.9

Thus, at the MPP, the following condition holds:

=—— 1.10
deV va ( )

This relationship forms the basis of many MPPT algorithms, where the goal is to maintain

the operating point at or near this condition under changing irradiance and temperature.

1.2.1.2 Perturb and Observe (P&O) Algorithm

The Perturb and Observe (P&O) algorithm is a widely used MPPT method that adjusts the
operating voltage incrementally and observes the change in power. If a perturbation (i.e., a small
change in voltage) results in an increase in power, the operating point is moved further in that

direction, as shown in Fig,1.7; otherwise, it is reversed. The algorithm is based on the sign of
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Figure 1.7: Classical MPPT method calculation process

the power derivative:
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e If AP/AV > 0, the operating voltage Vpv is adjusted in the same direction.

e If AP/AV < 0, the operating voltage is adjusted in the opposite direction.

This approach is mathematically expressed as:

Vou(k + 1) = Vi (k) + AV (1.11)

where AV is either positive or negative based on the power derivative AP/AV. However, the
P&O algorithm may oscillate around the MPP under steady conditions and is susceptible to

deviation under rapid irradiance changes.

1.2.2 Challenges Under Partial Shading

Under PSCs, a PV array’s P-V characteristic curve can exhibit multiple peaks due to the uneven
distribution of irradiance across the PV cells or modules. This results in multiple local maxima
and a single GMPP. Traditional MPPT algorithms, such as P&O, Incremental Conductance, and
others, often fail to locate the GMPP in these scenarios. Instead, they can become trapped at a

local maximum, leading to suboptimal power extraction [75].

1.2.2.1 Formation of Multiple Peaks

In a partially shaded PV array, the overall current produced is limited by the least illuminated
cell or module. When bypass diodes are activated to protect shaded cells from overheating, the
PV system’s I-V and P-V characteristics develop multiple inflection points and, consequently,
multiple peaks, as shown in Fig.1.8.

The P-V characteristic equation for a PV array under PSCs can be expressed as:
va = va : IpV(VpV) (1.12)

Here, Ppv represents the output power of the PV array, Vpv is the output voltage, and
Ipv(Vpv) is the current, which becomes a non-linear function of voltage due to the shading

effects.

1.2.2.2 Local vs. Global Maxima

The presence of multiple peaks on the P-V curve under PSCs means that only one of these peaks
corresponds to the GMPP, while the others are local maxima. For a PV array with two or more

shading patterns, the power-voltage relationship can be described mathematically as follows:
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Figure 1.8: Formation of Multiple Peaks under PSC

Let P;(V) be the power generated by the i-th segment of the PV array:

N
Py = ZPi(V) (1.13)
i=1

where N is the number of series or parallel sections within the PV array. The multiple peaks
arise due to each section contributing differently to the power output based on its irradiance and

temperature.

1.2.2.3 Mathematical Representation of Local and Global Peaks

In PV systems under PSCs, the resulting P-V curve becomes non-convex and exhibits multiple
peaks. These peaks are classified as either local or global depending on their magnitudes [76].

Let the power output of the PV system be modeled as a function:

P(V)=V-I(V) (1.14)

Where V is the operating voltage and /(V) is the current as a function of voltage. Under
shading, the function /(V) becomes piecewise non-linear due to bypass diodes and module

characteristics, resulting in a P-V curve with multiple extrema.
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Let the set of all local maxima in the P-V curve be:

d*P
=0, —
v, v

dpP
Plocal = {Pl!ocal = P(Vt) | W

< 0} , 1=1,2,...N (1.15)
Vi

where N is the total number of local peaks found within the defined voltage domain V €
[0, V,], and V. is the open-circuit voltage of the array.

The global maximum power point (GMPP) is defined as:
PP _ X (Procal) = max (Plf’cal, plocal P}@Cﬂl) (1.16)

1.2.2.4 Problem with Conventional MPPT:

Traditional MPPT algorithms (e.g., Perturb and Observe, Incremental Conductance) rely on

local gradient-based information. Mathematically, they follow an update rule of the form:
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Figure 1.9: Limitation with Conventional MPPT and trapping phenomena

. (aP
Vier = Vi + AV - sign (W) (1.17)

These algorithms often converge to the nearest local optimum Pll.ocal. This trapping phenom-

ena is presented in Fig.1.9, especially when:
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dpP
‘W‘ — 0 at a sub-optimal V; (1.18)

This results in a significant power loss:

APjog = Prgé;))l:()al _ P}ocal’ if Pl!ocal + Pglobal (1.19)

max

1.2.2.5 Metaheuristic Approach for Global MPPT

To overcome the limitations of gradient-based MPPT methods under PSCs, a wide class of
algorithms known as metaheuristic optimization methods has been introduced. These algorithms
approach MPPT as a global optimization problem, aiming to identify the global maximum of a

non-convex, multimodal P-V curve:

max P(V) (1.20)
Vel0,Voc]
Metaheuristics maintain a set of candidate solutions {VJ@ }?4: |» Tepresenting possible oper-

ating voltages. These are iteratively updated based on stochastic or heuristic rules inspired by
natural or physical phenomena, such as swarming, evolution, or energy minimization.

A generic position update mechanism takes the form:

vt =vi0 s ¢ ol + ¢y - @ (1.21)
Where:
. V;’): current candidate solution,
. CDY): exploration term (e.g., random walk or perturbation),
o d)gl): exploitation term (e.g., attraction to the best candidate),
* (1, Cy: adaptive weights or coefficients (often decreasing over time).
As the algorithm progresses:
e C; — 0: the exploration term fades, reducing randomness,
* Vi — Vpes: convergence toward the best-known solution.

The expected convergence behavior of metaheuristic algorithms is probabilistic. Under

suitable parameter selection and sufficient iterations:

lim P (Vi) ~ Vawee) — 1 (1.22)

t—o0

This probabilistic convergence property makes metaheuristic algorithms highly suitable for
MPPT under PSCs conditions, where local maxima are numerous and vary with environmental

changes.
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Metaheuristic approaches include Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), Ant Colony Optimization (ACO), Artificial Bee Colony (ABC), and many recent bio-
inspired or hybrid variants. Each employs distinct exploration-exploitation trade-offs, but all
aim to globally optimize the P—V characteristic to maximize energy harvesting from the PV

system.

1.3 Development of Enhanced Eel-Grouper Optimizer (EEGO)

The EEGO is a novel metaheuristic algorithm tailored for MPPT in PV systems under PSCs.
Drawing inspiration from the intricate cooperative hunting behavior of groupers (Plectropomus
spp.) and moray eels (Gymnothorax spp.), EEGO enhances the original Eel-Grouper Optimizer
(EGO) [77] by introducing a polynomial decay equation to accelerate convergence. This section
provides an in-depth exploration of the natural eel-grouper interaction, details the mathematical
analogy in EGO, presents a rigorous mathematical proof for EEGO’s enhancement, and describes

its integration with MPPT control.

1.3.1 Natural Behavior of Eel-Grouper Interaction

The cooperative hunting strategy between groupers and moray eels, observed in tropical
coral reefs, is a striking example of interspecies mutualism that maximizes predatory suc-
cess. Groupers, robust predatory fish with keen eyesight, patrol open waters, while moray
eels, with their slender bodies and acute sense of smell, navigate the labyrinthine crevices of
reefs. Their collaboration leverages complementary skills to overcome prey defenses, achieving
a success rate estimated at 50-70% higher than solitary hunting []. This interaction unfolds in

three distinct phases, each informing the EGO algorithm’s design.

* Grouper’s Pursuit of Potential Targets: The grouper initiates the hunt by actively
searching for prey, such as small reef fish (e.g., Chromis spp.), across open waters and reef
edges. Its exploratory behavior is characterized by rapid directional changes, covering
distances up to 10-15 meters in a single patrol. The grouper assesses prey accessibility,
often pausing to inspect crevices where fish hide, adjusting its position based on visual
cues like movement or shadow. This phase reflects a broad, dynamic search, analogous to
exploring the multi-modal P-V curve in MPPT to identify potential power peaks.

e Communication with Moray Eels: When prey is detected within inaccessible crevices,
the grouper performs a head-shaking dance—rapid lateral head movements at 2-3 Hz
to signal a nearby moray eel. This visual cue, observed in species like Plectropomus
pessuliferus, conveys the prey’s location and the grouper’s hunger state. The eel’s response
depends on its own nutritional needs and proximity, typically within 1-2 meters, with

response rates increasing from 20% in early encounters to 80% as hunger intensifies. This
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Figure 1.10: A grouper (Plectropomus pessuliferus) signaling a moray eel (Gymnothorax ja-
vanicus) during cooperative hunting in a coral reef.

Collaborative Strike on Target

Communication with Moray Eels: When prey is detected within
inaccessible crevices, the grouper performs a head-shaking

dance-rapid lateral head movements at 2-3 Hz—to signal a moray eel

nearby moray eel.

TN DO~ T O Do

Figure 1.11: Conceptual mapping of eel-grouper behaviors to EGO algorithm phases: Pursuit
(exploration), Communication (agent alignment), and Strike (exploitation).

communication mirrors the algorithm’s mechanism for aligning agents toward promising

solutions.

* Collaborative Strike on Target: Upon receiving the signal, the moray eel enters the
reef’s crevices, using its serpentine motion to flush out prey. Simultaneously, the grouper
positions itself 0.5—1 meter away in open water, ready to intercept escaping fish at speeds
up to 1 m/s. This coordinated attack exploits the eel’s agility in confined spaces and the
grouper’s strength in open areas, ensuring prey has minimal escape routes. The phase

parallels the algorithm’s exploitation stage, refining the search to pinpoint the GMPP.

Figure 1.10 illustrates this interaction, showing a grouper signaling an eel, highlighting
the ecological context. The cooperative strategy’s efficiency in navigating complex reef en-
vironments directly inspires EGO’s ability to tackle the non-linear, multi-modal optimization
landscape of PV systems under PSCs.

To further clarify the analogy, Figure 1.11 maps each behavioral phase to its algorithmic
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counterpart, visualizing how natural cooperation translates to optimization steps. This synergy

underpins EGO’s design, enabling rapid and accurate GMPP tracking.

1.3.2 Original Eel-Grouper Optimizer (EGO)

The EGO algorithm [77] models the eel-grouper interaction as a metaheuristic optimization
framework, ideal for MPPT due to its balance of exploration and exploitation. It represents duty
cycle values as agents searching the solution space, with the fitness function defined as the PV
power output Py, = V), - I,,. The algorithm operates in three phases, each detailed below with

its mathematical formulation and biological analogy.

1.3.2.1 Grouper’s Pursuit of Potential Targets

The grouper’s exploratory patrol is modeled as agents exploring the duty cycle range [0, 1]
to identify high-power regions. The position update mimics the grouper’s dynamic search,

incorporating randomness to avoid local optima:

— —
})lﬁl = 7()mnd +Cp - '}): -G '})rand (123)

241 o . . . =2 .
where X l’.“ is the updated position (duty cycle) of the i-th agent at iteration ¢ + 1. X! is
-
the current position at iteration . X 4,4 1s a random position from the population, simulating
. . R _) H . . . .
environmental variability. Cj, C, are parameters controlling exploration intensity. These

parameters are defined as:

4
Ci=2axri—a (1.24)

ﬁ
Cy = 21y (1.25)

where ry, r; € [0, 1] are random numbers, and a linearly decays:

a:2—2(%) (1.26)

Here, ¢ is the current iteration, and 7 is the maximum number of iterations. The parameter
a decreases from 2 to 0, gradually reducing exploration to focus on exploitation. The term
l?f - C_’; -Ymnd’ ensures agents explore diverse regions, akin to the grouper inspecting multiple
reef areas. Figure 1.12 illustrates the evolution of C; and C»,, showing C;’s oscillation to balance
global and local searches.

This phase ensures the algorithm samples a wide range of duty cycles, preventing premature

convergence to local maxima in the P-V curve, much like the grouper’s broad search for prey.
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Evolution of Coefficient C1 (Linear a) Over Iterations
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Figure 1.12: Evolution of parameter C; and C; under linear decay.

1.3.2.2 Communication with Moray Eels

The grouper’s head-shaking signal is modeled as a mechanism to align eel agents with the
best-known position (highest power output). The starvation rate, reflecting hunting urgency,
increases linearly:

t
starvationg,e = 100 (?) (1.27)

Eel positions update conditionally:

-, - - . .
X% =Cy- Xg, if rq < starvationge (1.28)

where 7()%1 is the position of the i-th eel agent. 7()@ is best position found by the grouper

(highest P,,). r4 € [0, 1] is Random number. C_'; same as in Equation (1.25).
The starvation rate grows from 0% to 100%, increasing the likelihood of eels aligning with

the grouper’s position as iterations progress. This mirrors the biological observation that eels
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respond more frequently to signals as hunger intensifies [], focusing the algorithm on promising
duty cycles (potential GMPPs).
1.3.2.3 Collaborative Strike on Target

The coordinated attack is modeled as an exploitation phase, combining two strategies to refine

the search:

—

X1 = e sin(nrs) - C1 [Xg, - X [+ X, (1.29)
— = = 2, =
Xo =Xy, + O [Xg, - X, (1.30)
The final position is a weighted average:
0.8X1+02X5 -
—====2 ifp <05
Xeo) 2 0P (1.31)

where 7();,[ is the reference position (prey). r3 = (a — 2) * r| + 2 is oscillation parameter.
p,r1 € [0, 1] are random numbers. b = 1 is an exponential constant.

The sinusoidal term in Equation (1.29) introduces oscillations to escape local maxima, mim-
icking the eel’s erratic movements, while Equation (1.30) drives convergence to the grouper’s

best position, like its direct pursuit. The fitness function updates the best duty cycle:

Dl =D, it (DY) > f(DR) (1.32)

where f(D) = P,,. This phase ensures precise GMPP tracking, analogous to the eel and

grouper cornering prey.

1.3.3 Enhanced Eel-Grouper Optimizer (EEGO)

EGO’s linear decay of a (Equation (1.26)) balances exploration and exploitation but can be
suboptimal for MPPT, where rapid convergence is critical due to dynamic PSCs. EEGO

introduces a polynomial decay equation, significantly improving tracking speed and efficiency.

1.3.3.1 Proposed Polynomial Decay

We define the polynomial decay equation for parameter a as:

a(y =2 (1- %)k (1.33)

where k > 1 controls the decay rate, r € [0,T], and T is the total number of iterations.

« Att=0,a(0) =2
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Comparison of C1 Evolution: Linear vs Polynomial a
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C1 with Linear a

C1 with Polynomial a
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Figure 1.13: Evolution of parameter C; under linear decay and polynomial decay with k = 3.

e Attr=T,a(T)=0

The exponent k accelerates the transition from exploration to exploitation compared to linear
decay. After extensive simulation, we selected k = 3, balancing global search and convergence

performance under PSCs.

Why a Polynomial Decay Works — an Engineer-Friendly Proof

Goal — show, in plain terms, that using
t\k
a(t):2(1—?) . 0<t<T, k>1

as the exploration factor in EEGO (1) never lets a(¢) blow up, (2) shrinks the search faster than
a straight line, and (3) still leaves enough time to finish the job.
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Step 1 — It never explodes

For every iteration ¢ we always have 0 < a(r) < 2.

Why? The term in brackets, 1 — %, slides smoothly from 1 down to O as the run goes from
the first to the last iteration. Any number between O and 1, even after you raise it to a
power k > 1, still stays between 0 and 1. Then we multiply by 2, so the whole expression

sits between 0 and 2—easy.

Step 2 — It decays faster than linear

Compare with the “old” linear rule ajin(¢) = 2(1 — £).

Take the ratio:

ajin (1) T
Because 0 < 1 — % < land k > 1, the term (1 — %)k_l is always **smaller than 1**. So
the polynomial rule is a tightened-up version of the straight line: you dive toward zero

sooner, which means you switch from wide exploration to fine search earlier.

Step 3 — You still reach the global peak

Early in the run a(7) is close to 2, so the random term lets the agents jump around and
“see” the whole search space. As ¢ advances, a(t) shrinks (faster than linear, Step 2).
When a(t) drops below about 0.5 the jumps become small, so the agents zoom into the

best area they have found.

Why does this not get stuck too soon? With k = 3 (the value used in this thesis) the
curve still gives a ~ 0.74 one third of the way through the run, which is large enough to
hop over the smaller local peaks we observe under PSCs; only later does it tighten up for

precise tracking.

Rule of thumb.
* k < 2: decay is so slow that you waste time wandering.
* k > 4: decay is so fast that you can freeze on the wrong peak.

* k = 3: gives a good middle ground and, in our tests, cuts tracking time by about

one-third compared with the linear rule (see Fig. 1.13).

Take-away. The cubic (k = 3) polynomial schedule keeps a(#) inside safe limits, drops the
exploration energy faster than a straight line, yet leaves enough “room” early on to bounce over
local maxima. This balance is what lets EEGO find the global MPP quickly without getting

trapped or wandering indefinitely.



Conclusion

This chapter has established a comprehensive theoretical and practical framework for the mod-
eling and control of photovoltaic (PV) systems aimed at maximizing energy extraction under
non-uniform and dynamically changing environmental conditions. The focus has been placed
on accurately representing PV behavior and addressing the inherent challenges introduced by
partial shading conditions (PSCs), which significantly affect the power—voltage characteristics
of PV arrays.

The PV system modeling, based on the single-diode equivalent circuit, provides a robust and
widely accepted foundation for simulating the electrical behavior of PV cells, panels, and arrays.
Key physical phenomena, including irradiance and temperature dependencies, series resistance
effects, and reverse saturation current behavior, are incorporated to ensure realistic and reliable
performance prediction. The impact of PSCs is explicitly analyzed, highlighting the emergence
of multiple local maxima on the P-V curve and underscoring the limitations of conventional
MPPT techniques under such conditions.

To overcome these challenges, the chapter introduces the Enhanced Eel-Grouper Optimizer
(EEGO) as an advanced metaheuristic MPPT algorithm. By incorporating a polynomial decay
mechanism, EEGO significantly improves convergence speed and tracking accuracy compared to
the original EGO and other conventional methods. The proposed algorithm demonstrates strong
capability in identifying the global maximum power point (GMPP) under complex shading
patterns, making it well suited for real-time PV applications.

Overall, this chapter lays a solid foundation for high-efficiency PV energy extraction by
combining accurate system modeling with an advanced MPPT strategy. The methodologies
developed herein form the core energy generation subsystem of the thesis and serve as a prereq-
uisite for the integration with power quality enhancement techniques addressed in subsequent

chapters.
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Chapter 2 Overview: Shunt Active Power
Filter

Chapter 2 focuses on the modeling, analysis, and control of power quality enhancement
systems for grid-connected photovoltaic applications. This chapter is dedicated to reactive
power compensation and harmonic mitigation using a Shunt Active Power Filter (SAPF), which
plays a critical role in maintaining grid stability and compliance with power quality standards
under variable operating conditions.

The chapter begins in Section 2.1 by introducing the fundamental power quality challenges as-
sociated with high PV penetration and nonlinear loads. Issues such as reactive power imbalance,
harmonic distortion, voltage fluctuations, and reduced power factor are discussed, emphasizing
the limitations of traditional passive compensation techniques in dynamic environments.

Section 2.2 presents the theoretical foundations of SAPF operation, including definitions
of active, reactive, and distortion power. Key power quality indices such as total harmonic
distortion (THD) and effective power factor are introduced, providing the analytical basis for
compensation strategies and performance evaluation.

The mathematical modeling of SAPF components is detailed in Section 2.3. This section
covers inverter voltage representation, filter dynamics, and vectorized state-space formulations,
along with the role of the DC-link capacitor in ensuring voltage stability and supporting dy-
namic power exchange. Discrete-time formulations suitable for digital control implementation
are also addressed. Section 2.4 provides a comprehensive overview of the SAPF system archi-
tecture, including functional blocks, signal flow, and harmonic source detection strategies. The
importance of accurate grid synchronization is highlighted, with particular attention given to
Phase-Locked Loop (PLL) implementation for real-time control.Sections 2.5 and 2.6 focus on
the control strategies employed for SAPF operation. Conventional Direct Power Control (DPC)
is introduced and compared with the advanced Predictive Direct Power Control (PDPC) strategy
adopted in this thesis. The PDPC formulation is presented in detail, demonstrating its ability to
provide fast dynamic response, reduced power ripples, and superior harmonic mitigation under
rapidly changing load and generation conditions.

Together, this chapter establishes a rigorous theoretical and control framework for reactive
power compensation and harmonic mitigation, laying the groundwork for the integrated exper-
imental validation of PV generation and power quality enhancement systems presented in later

chapters.
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Chapter 2

Shunt Active Power Filter

2.1 Introduction to Power Quality Problems

Ensuring high power quality has become a fundamental requirement in modern electrical sys-
tems, driven by the growing dependence on sensitive electronics, renewable energy sources,
and smart grid technologies. Ideally, voltage and current waveforms in a power system should
be purely sinusoidal at a single fundamental frequency. However, the proliferation of nonlin-
ear loads—such as rectifiers, inverters, variable-speed drives, and PV systems—has introduced
significant waveform distortions. These distortions arise mainly from harmonic currents, which
are frequency components that are integer multiples of the fundamental frequency [78].

Harmonics disrupt the ideal operation of power systems by distorting voltage and current
waveforms, leading to a range of adverse effects. These include overheating of transformers,
cables, and motors due to increased root mean square (RMS) currents, interference with commu-
nication systems, and the malfunction of sensitive electronic equipment. Moreover, harmonics
exacerbate energy losses in the system and reduce the operational lifespan of infrastructure
components. As a result, harmonic mitigation has become a critical concern for maintaining
system efficiency, reliability, and compliance with international power quality standards [79],
[80].

The severity of harmonic distortion in a system is typically quantified using the THD metric.
THD measures the ratio of the RMS value of all harmonic components to the RMS value of
the fundamental component, expressed as a percentage. Mathematically, for current and voltage

respectively, it is defined as:

N In

=2
THD; = I—"looozo, @.1)

1
VEa Vi

1

THDy = 100%, (2.2)

where [, and V, represent the RMS amplitudes of the n-th order harmonic current and
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voltage. According to IEEE 519-2022 standards, industrial facilities should limit current THD
to less than 5% and voltage THD to less than 3% to ensure safe and efficient operation.
Although lower-order harmonics (such as the 3rd, 5th, and 7th) are typically dominant, high-
order harmonics beyond the 11th order (such as the 13th, 15th, and 17th) also contribute to power
quality degradation. Even though their magnitudes are generally smaller, these high-frequency
components exacerbate heating effects through phenomena like the skin effect and proximity
effect, interfere with communication lines, and further decrease system efficiency [81], [82].
Harmonics are generally classified into the following categories based on their frequency

content:

* Odd Harmonics: Integer multiples of the fundamental frequency (e.g., 3rd, Sth, 7th,
Oth). These are most common in power systems with nonlinear loads such as rectifiers

and inverters.

* Even Harmonics: Integer multiples of the second harmonic (e.g., 2nd, 4th, 6th). These
typically arise from asymmetrical or half-wave symmetry violations in nonlinear devices

and are less frequent.

* Interharmonics: Non-integer multiples of the fundamental frequency, often generated

by arc furnaces, cycloconverters, or rapidly switching power electronics.

These different harmonic types contribute collectively to waveform distortion and degrade
power quality. A representative frequency-domain analysis of such distortion is shown in Fig. 2.1,
highlighting the harmonic content before and after the application of an SAPF-based mitigation
strategy.

To address these challenges, advanced compensation strategies are required. Traditional
passive filters, while effective for fixed-frequency harmonic cancellation, suffer from tuning
limitations and possible resonance issues. In contrast, active solutions such as SAPFs offer
dynamic, broadband compensation by injecting controlled compensating currents into the grid.
SAPFs are capable of tracking the harmonic profile in real time, adapting to load changes, and
simultaneously addressing reactive power issues. Their dynamic nature and precision make

them an indispensable component in modern smart grids and renewable energy systems [83].

2.2 Role and Advantages of SAPFs

As introduced in the previous section, harmonic distortions and reactive power imbalances
pose significant threats to power system stability and efficiency. To mitigate these challenges,
SAPFs have emerged as a versatile and dynamic solution. Unlike passive filters, which rely on
fixed-tuned resonant circuits to suppress specific harmonic frequencies, SAPFs operate actively
by injecting controlled compensating currents into the network to cancel both harmonic and

reactive components of the load current. Their ability to adapt in real-time to varying load
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Three—Phase Load Current Waveforms
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Figure 2.1: Harmonic Spectra Before and After SAPF Compensation (THD analysis up to the
25th harmonic order)

conditions makes them exceptionally suitable for modern energy systems characterized by high
levels of nonlinearity and renewable energy integration [84].

SAPFs operate by continuously monitoring the load current and identifying its harmonic
content. Once detected, a current of equal magnitude and opposite phase is generated and in-
jected back into the grid. This results in the cancellation of the undesired harmonic components,
thereby restoring the current drawn from the grid to a nearly sinusoidal waveform. Furthermore,
SAPFs can also compensate for reactive power by injecting current in phase or in quadrature
with the voltage, depending on the compensation strategy. This dual functionality significantly

improves the power factor of the system while maintaining high current quality.
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By generating a current waveform that mirrors the harmonic content of the load, SAPFs
inject compensating currents into the network to cancel the distortion at the point of common
coupling. This results in a net source current that closely approximates an ideal sinusoidal form,
both in shape and phase alignment with the voltage. The effect of this compensation is clearly
illustrated in Fig. 2.2, which shows the current waveform before and after SAPF injection.
Without compensation, the waveform is visibly distorted by harmonic components, whereas

after SAPF operation, the current becomes significantly smoother and sinusoidal.
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Figure 2.2: Comparison of Current Waveform Before and After Harmonic Compensation

An additional strength of SAPFs lies in their wide frequency compensation bandwidth. While
passive filters are typically limited to narrow ranges (150-2500 Hz) and require individual tun-
ing for each harmonic order, SAPFs can operate effectively over a broad frequency spectrum
(2-50 kHz), enabling the simultaneous elimination of multiple harmonics across varying or-
ders. Moreover, because SAPFs are controlled digitally, they exhibit extremely fast dynamic
responses—on the order of less than 1 millisecond—allowing them to respond promptly to
transient events, load switching, and other grid disturbances.

Another major advantage of SAPFs is their stability and adaptability. Passive filters introduce
the risk of resonance between their tuned inductance-capacitance circuits and the power system
impedance, potentially amplifying harmonics instead of mitigating them. SAPFs avoid this
issue entirely by not relying on resonant elements. They also exhibit superior performance in
systems with fluctuating load conditions, such as smart homes, electric vehicle charging stations,

or PV-based microgrids, where harmonic profiles change rapidly and unpredictably.
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Table 2.1: Comparison Between SAPFs and Passive Filters

Parameter Shunt Active Power Filter Passive Filters

Frequency Compensation | 2-50 kHz (broadband) 150-2500 Hz (narrowband,
Range fixed-tuned)

Response Time <1 ms (digital control) 10-100 ms (passive resonance)
Impedance Interaction No resonance issues Susceptible to parallel/series

resonance
Adaptability to Load Varia- | Real-time adaptationtodynamic | Fixed tuning; ineffective under

tions loads varying load conditions

THD Reduction Capability Typically 85-97% Typically 40-70%

Compensation Scope Harmonics + Reactive power + | Primarily selected harmonic or-
Load imbalance ders only

Control Strategy Digital control with feedback Passive analog components

Table 2.1 summarizes the main differences between SAPFs and passive filters, reinforcing

the benefits of adopting active solutions for modern harmonic mitigation tasks.

2.3 SAPF Power Theory and Target Quantities

To design an effective control strategy for a SAPF, it is essential to understand the mathematical
definitions of the power components it aims to regulate. Power quality disturbances such as
harmonics and reactive currents distort the total power exchanged between the grid and nonlinear
loads. The SAPF compensates for these distortions by dynamically shaping its injected current.

Hence, the control design must be based on accurate modeling of these power quantities.

2.3.1 Apparent, Active, Reactive, and Distortion Power

In systems containing nonlinear loads, the apparent power S no longer consists solely of active
and reactive components. The presence of harmonics introduces a third component—distortion

power—which must be accounted for. The generalized power decomposition is expressed as:

S=+P>+Q*+D? (2.3)
where:
* P: Active power (W), representing real power transfer between source and load,
* (: Reactive power (VAR), representing oscillating power due to phase shift,

* D: Distortion power (VAD), representing power linked to waveform distortion caused by

harmonics.

Equation 2.3 is a direct extension of the Pythagorean relation and allows SAPF controllers
to target specific undesirable components (e.g., Q and D) while maximizing P.
This decomposition reveals that harmonic distortion not only impacts wave shape but also

contributes to energy that does not perform useful work. A graphical interpretation of this
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relation is shown in Fig. 2.3, which illustrates the vectorial composition of the total apparent

power and the emergence of the distortion component.
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Figure 2.3: Graphical representation of the apparent power S, active power P, reactive power
Q, and distortion power D

2.3.2 Definition of Instantaneous Power Components

For control purposes—particularly in the context of PDPC—it is common to express the in-
stantaneous powers in the stationary a8 reference frame. The instantaneous active and reactive

power are then given by:

p(t) = va(1)ia(t) +vp()ig(t) 2.4)
q(t) = va(1)ip(1) —vp(t)ia(t) 2.5

These expressions, rooted in the instantaneous power theory, are fundamental in SAPF

modeling. They serve as the basis for the real-time cost function minimized by PDPC.

2.3.3 Effective Power Factor in Presence of Harmonics

In harmonic-rich environments, the classical definition of power factor (based only on P and Q)
is insufficient. A more complete form considers the distortion power:

P P
Power Factor = = 5 (2.6)

VP? + Q? + D?

A value close to 1 indicates high efficiency in energy transfer. SAPFs, by reducing Q and

D, increase the overall power factor and thus the quality of the power exchange.

73



2.3.4 Control Implications

Equations 2.4 and 2.5 are not merely descriptive—they form the analytical core of the PDPC
strategy implemented later in the control algorithm. The SAPF aims to track a target value for
p(t) and nullify ¢(¢) through real-time switching of its inverter. Furthermore, THD and power
factor serve as performance indicators for the controller’s effectiveness.

In summary, understanding how apparent power decomposes and how harmonics affect
current quality is crucial to SAPF operation. These definitions provide the measurable objectives
upon which the controller acts, and their accurate estimation is a prerequisite for any model-based

control technique.

2.4 SAPF System Overview and Block Diagram

A SAPF is an advanced control system designed to compensate for harmonic, reactive, and
unbalanced currents in three-phase networks. While earlier sections introduced the motivation
and performance objectives of SAPFs, this section presents a high-level structural overview of
the implemented control system and its signal flow.

The SAPF is built around a current-controlled Voltage Source Inverter (VSI) that injects real-
time compensating currents into the point of common coupling (PCC). Its architecture consists
of modular control blocks that interact sequentially to sense the system, extract references,
regulate internal dynamics, and execute inverter switching. The complete structure is illustrated
in Fig. 2.4.

2.4.1 Functional Blocks and Signal Flow

1. Grid Sensing: The system begins by measuring the instantaneous grid voltage v, () and
the source (injected) current iy 4. (7). These signals are essential for synchronization, power
computation, and model-based prediction. No direct sensing of load current is required, as
compensation is inferred through active and reactive power regulation at the PCC.

2. Phase-Locked Loop: A digital PLL extracts the phase angle 6(¢) of the fundamental
voltage component from v, (¢). This angle is used for synchronous frame transformations and
for aligning compensation references with the voltage vector.

3. DC-Link Voltage Control: The outer control loop ensures power balance by regulating
the DC-link voltage V. (#). A PI controller compares the measured Vg () to a reference Vi ref,
and adjusts the magnitude of the reference power (or equivalently, the current) injected into the
grid. This guarantees long-term energy stability.

4. Inverter Switching Control via PDPC: The PDPC loop is the inner control mechanism
responsible for real-time switching. It predicts the next-state active and reactive power values
based on sensed iy, vy, and system parameters. Then it selects the optimal inverter switching

vector that minimizes a quadratic cost function:
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Figure 2.4: Overall Control Architecture of the Shunt Active Power Filter

J(k) = kp - (Pret = P(k + 1))* + kg - (Qret — Q(k + 1))

This discrete optimization is performed at each sampling interval 7§, producing high-speed,
stable, and fixed-frequency switching.

5. Voltage Source Inverter: Finally, the optimal switching state is applied to the three-phase
VSI, which injects the compensating current through an LR filter. This filter shapes the inverter
output to match the reference waveform while suppressing switching harmonics, ensuring clean
injection at the PCC.

This global architecture is fundamental to understanding how different modeling elements—filter
inductance, inverter switching logic, PLL synchronization, PI control, and harmonic decompo-
sition—work together to produce a fully functional compensator. Each block shown in Fig. 2.4
corresponds to a subsequent section in this chapter, where its internal equations, design criteria,

and control implementation are developed in detail.
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2.5 Mathematical Modeling of SAPF Components

A robust control strategy for a Shunt Active Power Filter (SAPF) requires an accurate mathemati-
cal model capable of describing its electrical behavior under dynamic operating conditions. This
section develops the continuous- and discrete-time models of the SAPF based on Kirchhoff’s
laws, considering the inverter, interface filter, and grid interaction. The resulting formulations
provide the foundation for the predictive models employed later in the Predictive Direct Power
Control (PDPC) strategy [85].

2.5.1 Filter Dynamics and Inverter—Grid Interaction

The SAPF is implemented using a three-phase, two-level voltage source inverter (VSI) connected
to the grid through an L-R interface filter. The filter attenuates high-frequency switching
components and ensures that the injected compensating currents remain smooth and compatible
with grid standards [86].

Each inverter leg is controlled by a binary switching signal S;(¢) € {0, 1}, wherei € {a, b, c}.
Due to the absence of a physical neutral connection in the inverter, the phase voltages applied to
the filter are obtained by subtracting the instantaneous inverter neutral potential. The resulting

inverter phase voltage can be expressed as:

Vin(6) = Vae $i00) = 5 (Sa(0) + 85(0) + 5.(0) @)

This formulation ensures a zero-sum condition for the three-phase voltages and inherently
accounts for the floating neutral point of the inverter.
Applying Kirchhoff’s Voltage Law (KVL) to each phase of the L-R filter yields:

dig;(t)
dt

Viny,i (1) = Vgria,i(t) = Ly + Ryifi(t), i€{a,b,c} (2.8)

where i7;(?) is the compensating current injected by the SAPF into the grid, vgriq,;(¢) is the

grid phase voltage, and Ly and Ry denote the filter inductance and resistance, respectively.

2.5.2 State-Space Representation

Defining the state vector and voltage vectors as:

ifa(t) Vorid,a (1)
ir (D) = ligp(®)]>  Verid() = [Varian(?)
if,c (t) Verid,c (t)

and introducing the normalized control inputs:

(1) = $i(6) = 5 (Sa() + $40) + S.(1)) . 7 € {ab.c) 2.9

76



the inverter voltage vector can be compactly written as:

Vinv(t) = Ve u(t)

Substituting this expression into 2.8, the continuous-time state-space model of the SAPF

becomes:

dif(t) Ry

. 1
dt Lflf(t) + L_f (Vdcu(t) - Vgrid(t)) (2.10)

This compact representation is well suited for both analytical studies and real-time control

implementation.

2.5.3 Discrete-Time Model for Digital Control

For digital implementation of the SAPF controller, the continuous-time model in 2.10 is dis-

cretized using a forward Euler approximation with sampling period 7:
dig(t) ip(k+1)—is(k)
dt T,

which leads to the discrete-time predictive model:

. RfTS . Ts
lf(k + 1) = (1 - )lf(k) + — (Vdcu(k) - Vgrid(k)) (2.11)
Ly Ly

This equation forms the predictive core of the PDPC algorithm, allowing future current

states to be estimated for each admissible switching vector.

2.5.4 Switching States and Control Constraints

The normalized control inputs defined in 2.9 satisfy the inherent balance condition:

ug(t) +up(t) +us(t) =0

which ensures that the inverter operates under balanced three-phase conditions. Table 2.2
summarizes the eight valid switching states of the two-level inverter and their corresponding nor-
malized control inputs. These discrete control vectors constitute the finite control set evaluated
in the PDPC strategy.

2.6 Reference Quantities and Harmonic Source Detection Strat-

egy

In classical SAPF implementations, compensating current references are often derived by sub-

tracting the fundamental component from the total load current using synchronous transforma-
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Table 2.2: Switching States and Corresponding Normalized Control Inputs

Sa |l Sp | Se | S| ug | up | ue
ojlofolofo[]oOo]oO

1 2 1 1
T
O 1 0 % 31 % %

307305 ¢
o1 ]1|2|-2|1]1
0 0 1 :f :l" 31 %

A
Lo i3l 3 -3] 3
1|1 ]1|1]0]0]0O

tions and filtering. However, this method requires precise measurement of the load current iy (7),
which may be impractical in many installations—especially in retrofit applications or industrial
environments where only the grid-side access is available [87].

In this work, the SAPF relies on a PDPC strategy that bypasses the explicit generation of
reference compensating currents. Instead, it uses directly measurable quantities from the grid
interface—namely, the source current is(7), the grid voltage v (), and the phase angle 6(¢)

obtained via a Phase-Locked Loop (PLL). These values are sufficient to:

* Compute the instantaneous active and reactive power delivered by the source.
* Predict the future behavior of power under each candidate switching vector.

* Minimize the power error via a cost function without reconstructing harmonic current

references.

As such, the compensating behavior emerges naturally by driving the predicted power
P(k+1),Q(k+1) toward the desired targets, typically corresponding to purely active, sinusoidal

source current.

2.6.1 Final Measurement Inputs Used

In summary, the real-time controller uses only:

H{is(), vs(0), 00}

These quantities are processed within the PDPC loop, where switching decisions are made

to minimize the predicted instantaneous power error.

2.6.2 Phase-Locked Loop for Grid Synchronization

Accurate calculation of 6(¢) is essential for the Park transformation. This is achieved using a

PLL based on the a—f voltage components:
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2.6.2.1 Step 1: Angle Detection

Given v, (1), vg(t), compute:

Oref() = arctan (:ﬂig) (2.12)

2.6.2.2 Step 2: Error Signal and PI Controller

Let 0, (1) = Oref(t) — Oest (), then:

up (1) = ere(t) + K,’/ 0.(t)dt (2.13)
0

2.6.2.3 Step 3: Voltage Controlled Oscillator (VCO)

wpLL(f) = 0o + upLr(f), Oest(?) = /o opLL(7)dT (2.14)

In discrete time:
Gest(k + 1) = 6’est(k) + T - OJPLL(k)

2.6.3 Integration into SAPF Control Loop

The extracted ir]?f(t) becomes the target signal for the control law in subsequent stages. Specifi-
cally:

* Itis tracked via a current regulation loop (e.g., PI or predictive controller),

* It feeds directly into the PDPC cost function, enabling real-time minimization of the

deviation between predicted and reference active/reactive powers.

This closes the loop between harmonic detection and inverter switching, forming the essential

outer-inner hierarchy of SAPF control.

2.7 DC-Link Voltage Control Loop (Outer Loop)

The DC-link capacitor in a SAPF plays a vital role as an energy buffer, ensuring smooth power
exchange between the grid and the inverter. Maintaining its voltage at a stable reference value
Ve ret 15 essential for reliable compensating current injection and overall system stability. To
achieve this, a dedicated outer-loop controller is required to regulate the net power flow into the
DC link.

2.7.1 DC-Link Voltage Dynamics

The fundamental energy balance across the capacitor is governed by the capacitor dynamic

equation:
d Va’c (t )

dt

Cdc = iin(t) - iout(t) (215)
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Here, i;,(#) is the current drawn from the grid through the converter, and i, (#) represents the
current delivered to the inverter legs.

Multiplying both sides by V,.(¢), we obtain a power-based form:

dVdc(t)

CacVac (1) 7

= Pin(t) - Pload(t) (2-16)

This equation directly links the rate of change of the capacitor voltage to the net active power

imbalance, forming the basis for controller design.

2.7.2 Control Objective and Loop Structure

To regulate V,.(¢) around a reference value V. rer, @ Proportional-Integral (PI) controller is

implemented. The controller processes the voltage error:

e(t) = Vdc,ref - Vdc(t) (217)

and generates an active power reference (or equivalently, the magnitude of the reference com-

pensating current) as:

u(t) =K, -e(t) +K; - /te(T) dt (2.18)
0

2.7.3 Theoretical PI Gain Derivation

The PI controller is designed to ensure desired closed-loop performance. The transfer function

of the plant, derived from the DC-link dynamics, is:

1
Cdc's

G(s) = (2.19)

This system is a pure integrator, and when controlled by a PI controller, the resulting closed-loop
transfer function becomes second-order.
To enforce specific transient performance—such as damping ratio { and natural frequency

w,—we match the closed-loop characteristic polynomial with the standard second-order form:
52 + 200,85 + 02
By applying the PI controller to G (s), the closed-loop characteristic equation becomes:

Cyes* +Kps +K; =0
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Matching coefficients yields the theoretical gain expressions:

K, =200,Cy¢ (2.20)
K = 02Ca (2.21)

This derivation ensures that the closed-loop system mimics a well-damped second-order re-
sponse, which guarantees a fast and non-oscillatory transient.

For example, choosing { = 0.707 (critically damped), o, = 18rad/s, and C,. = 2200 uF
yields:

K, =2-0.707 - 18 - 2200 - 107° ={0.056 (2.22)
K; = (18)%-2200-107% =0.713 (2.23)

2.7.4 Anti-Windup Mechanism

Due to physical actuator limits, the inverter’s current output can saturate. During such saturation
events, the PI integrator may accumulate unbounded error—causing integrator windup, which
degrades system response and introduces instability.

To address this, an anti-windup compensation is applied:
Uy (k) = Ky + (tsar(k) —u(k)) (2.24)

where ug, (k) is the saturated (clipped) actuator output and u(k) is the raw controller output.

This feedback correction prevents the integrator from accumulating excess error.

2.7.4.1 Discrete-Time Anti-Windup PI Control Law

In digital implementation, the PI controller with anti-windup correction is formulated as:

Tsz )
z—1

u(k) = |K, + (K; + Uy (k = 1)) - e(k) (2.25)

where:
* T is the sampling interval,
* U, (k — 1) is the previous anti-windup term,

* z is the forward shift operator in the Z-domain.
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2.7.4.2 Anti-Windup Gain Design

The anti-windup gain K,,, is chosen based on a heuristic widely used in discrete-time control
design:

K

P

Ky =—

T

For example, with K = 0.056, and T, = 4.5107 s:

(2.26)

0.056

=75 105 L2

uw

2.7.5 Performance Role in SAPF

The outer-loop controller ensures the average DC-link voltage remains tightly regulated around

its reference. This:
* stabilizes the internal voltage supply for inverter operation,
* ensures consistent tracking behavior in the current control loop,

* suppresses oscillations and improves dynamic THD performance under varying load

conditions.

In this architecture, the outer PI controller governs the energy level of the SAPF, while the inner
predictive controller (e.g., PDPC) shapes the instantaneous current waveform, forming a layered

control framework for effective power quality improvement.

2.8 SAPF Inverter Switching Control (Inner Loop)

Once the reference compensating current has been generated and the DC-link voltage stabilized,
the final task of the SAPF control system is to synthesize the switching states of the VSI that will
enforce the desired current injection into the grid. This operation is handled by the inner current
control loop, responsible for selecting the inverter switching state every sampling period.

Two primary methods are considered for this task: Direct Power Control (DPC) and PDPC.
This section outlines their structure, compares their performance, and establishes the motivation

for using a predictive approach in this thesis.

2.8.1 Direct Power Control

DPCiis a fast and simple technique thatregulates the inverter switching based on the instantaneous
active and reactive power error. It operates directly in the stationary a8 coordinate system using
the Clarke transformation. Fig. 2.5 shows the block diagram of classical DPC which is essential
for visualizing how DPC functions.

The instantaneous power equations are:
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Figure 2.5: Block diagram of classical DPC
P(t) = vo ()i (1) +vp(t)ig(t) (2.27)
(1) = va(1)ip(1) = vp(1)ia (1) (2.28)
where:

* Vg, Vvp: grid voltages in the af frame,
* iy, ig: filter currents in the same frame.

In classical DPC, these power components are compared to their references using hysteresis
comparators. A lookup table is used to select one of the 8 inverter switching states that best
brings P(¢) and Q(t) back within their respective hysteresis bands.

While DPC offers fast dynamic response, it suffers from:

* variable switching frequency, complicating filter design and electromagnetic compatibility
(EMO),

* lack of prediction, leading to suboptimal switching decisions under fast-changing condi-

tions,

* poor performance when implemented on digital hardware requiring fixed-frequency op-

eration.
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The classical DPC method, though robust and well-suited for systems like motor drives,
is not optimal for SAPFs integrated with PV sources. SAPFs operate under highly dynamic
nonlinear loads, and fixed-frequency operation is often desired to ensure EMI compliance and
better filter design.

These limitations motivated the use of PDPC, which combines the power-based control

philosophy of DPC with model-based prediction capabilities.

2.8.2 Predictive Direct Power Control Mathematical Formulation

PDPC represents an advanced control strategy that combines the dynamic responsiveness of
DPC with model-based prediction and digital suitability. Unlike classical DPC, which relies on
hysteresis comparators and operates with variable switching frequencies, PDPC uses discrete-
time models to forecast the future system state for each candidate voltage vector and then selects
the inverter switching state that minimizes a predefined power-tracking cost function. The Block

diagram of PDPC theory is shown in Fig.2.6.
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Figure 2.6: Block diagram of Predictive Direct Power Control
This section provides a comprehensive mathematical derivation of the PDPC algorithm,

starting from the physical model, moving to discrete-time current prediction, and culminating

in the control law.

2.8.2.1 Filter Dynamics and Continuous-Time Model

We begin with the continuous-time dynamics of the SAPF filter current in the a—f stationary

reference frame. Applying Kirchhoff’s Voltage Law (KVL) for the a axis:

diy (1)
Lr=a

= eq (1) = vo(t) = Ryig(1) (2.29)
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Similarly, for the S axis:

d.
L.f’fl—y) = ep() — vp(t) — Ryig(t) (2.30)

where:

io(1),ig(t): filter (injected) currents,

vo(t),vp(t): inverter output voltages,

eq (1), ep(t): grid (source) voltages,

Ry, Ly filter resistance and inductance.

2.8.2.2 Discrete-Time Prediction Model

To implement this control strategy on a digital platform, we discretize equations 2.29-2.30 using

Euler’s forward approximation over the sampling interval 7:

io(k +1) =iy (k) + LL lea (k) = va(k) = Ryig(k)] (2.31)
f

ig(k +1) =ig(k) + L% les(k) —vg(k) = Ryig(k)] (2.32)

These equations allow prediction of future current components i, (k + 1), ig(k + 1) for each

candidate inverter voltage vector [v,, vg] at time step k.

2.8.2.3 Instantaneous Power Prediction

From the predicted currents, the PDPC algorithm computes the predicted active and reactive

power:

Porea(k + 1) = €4 (k) - ig(k + 1) + eg(k) - ig(k + 1) (2.33)
Oprea(k +1) = ep(k) - ig(k + 1) — eq (k) - ig(k + 1) (2.34)

These are the predicted power flows at the next time step for a given candidate inverter state.

2.8.2.4 Cost Function Formulation

The control objective is to minimize the deviation between the predicted and reference powers.

Let the reference active and reactive powers be Pret(k), Orer(k). The power tracking errors are:
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AP(k) = Prer(k) — Ppred(k +1) (2.35)
AQ (k) = Qre(k) — Qpred(k +1) (2.36)

The quadratic cost function is then defined as:

J(k) = Gp - AP(k)* + Go - AQ(k)? (2.37)
where:
* Gp, G are weighting coefficients for active and reactive power errors.

Note: In this work, we select Gp = Gp = 1 to give equal priority to both objectives.
However, these weights can be tuned for application-specific goals such as reactive power
priority.
2.8.2.5 Switching Vector Optimization

The inverter can apply 8 distinct switching states S; € {000, 001, ..., 111}, which correspond to

output voltage vectors V; = [v4,;, vg,;]. For each v;, the following steps are performed:

1. Use equations 2.31-2.32 to compute predicted currents.
2. Use equations 2.33-2.34 to compute predicted powers.

3. Use 2.37 to compute cost J; (k).

The optimal inverter switching state is then:

S*(k) =arg min J;(k) (2.38)
i€{l,...,.8}

This state is applied during the next sampling interval to minimize the predicted power-

tracking error.

2.8.2.6 Mathematical Justification and Theoretical Advantages of PDPC

DPC chooses, at every sampling instant, one of the seven voltage vectors of the two—level
inverter to drive the instantaneous active and reactive powers (P, Q) toward their references.
Traditional (hysteresis) DPC reacts to the current error; PDPC goes one step further — it predicts
the error one sample ahead, then picks the vector that will minimise it. The five points below
explain—using simple maths and plain language—why this predictive look-ahead yields better

dynamics, guaranteed stability, and a fixed switching frequency.
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Notation. Sampling period Ty; iteration index n. Filter inductance L ¢ and resistance Ry. Grid

voltages v, vg; filter currents i,, ig. Instantaneous powers (@ frame):
P = % (Vaia, + V’giﬁ), Q = % (V,gia - vaiﬁ).

Reference powers Pref, Qret. The inverter can apply seven voltage vectors v; € V = {Vo, ..., Vg}.

1. One-Step Look-Ahead Prediction

Classical DPC “waits” for the error; PDPC forecasts it.

in(n1) = ig(n) + Lli[vm)—ea(n) “Rria)]:

and analogously for ig. Each candidate v; is plugged into these equations, producing
Ppred, Opred Tor the next sample. The controller then selects the vector that will give the
smallest future error. In practice this anticipation shortens settling time and damps current

overshoot.

2. Fixed Switching Frequency

Sampling is periodic at Ty; therefore the switching frequency is f; = 1/7;. Unlike
hysteresis DPC—which fires whenever the error hits the band—PDPC produces uniform
intervals. That means predictable EMI, lower ripple, and easy timing on DSP/FPGA

hardware.

5. PDPC as MPC with Horizon N=1

Model Predictive Control (MPC) normally solves a horizon-N optimisation each cycle.

Setting N = 1 and using the quadratic stage cost above reduces MPC to PDPC. Hence
PDPC inherits the predict-and-optimise philosophy of MPC while staying lightweight

enough for high-frequency switching.

Recap. PDPC looks one step ahead, switches at a fixed rate, guarantees monotonically de-
creasing power error, picks the global best action from a small set, and can be viewed as the
simplest useful MPC. These theoretical properties underpin the superior transient and harmonic

performance demonstrated in Chapter 4.

2.8.2.7 Final PDPC Control Law

The complete control loop per time step & is:



PDPC Control Algorithm (Per Sampling Interval)

1. Measure i, (k),ig(k),eq(k), eg(k).
2. For each inverter voltage vector V;:

* Predictiy(k +1),ig(k + 1) via 2.31-2.32,

e Compute P pred> Qpreda

* Evaluate cost J;(k).

3. Select $* (k) = argmin J;(k) and apply.

This method ensures predictive injection of current that dynamically follows harmonic

compensation objectives while operating under digitally enforced timing constraints.

2.9 Practical Considerations in Digital Implementation

The successful implementation of the PDPC strategy for a SAPF in real-time hardware depends
not only on the correctness of its mathematical formulation but also on practical constraints
introduced by digital control environments. This section addresses essential considerations
such as sampling time selection, discretization impact, switching frequency control, latency in

execution, and overall real-time reliability.

2.9.1 Sampling Time and Prediction Accuracy

PDPC relies heavily on the accuracy of discrete-time current prediction, which in turn depends on
the sampling interval T;. A short 7 improves prediction fidelity by minimizing the linearization

error in Euler discretization:

dig(t) _ia(k +1) = ig(k)
dr =~ T,

However, shorter sampling intervals lead to:

(2.39)

* Higher switching frequency, which increases inverter switching losses and thermal

stress.

* Increased computational load, requiring faster digital processors or FPGAs.

Conversely, a larger T, reduces computational burden but causes deterioration in prediction
accuracy, leading to:

* Tracking errors in active/reactive power,

¢ Increased THD,
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* Degraded dynamic response during load transients.

Design Trade-Off: A sampling time of 7y = 45 us is adopted in this work, balancing

performance with hardware capability and avoiding instability due to prediction lag.

2.9.2 Switching Frequency Management

Since PDPC operates at fixed sampling intervals, the effective switching frequency f; of the

inverter is:

A short T increases fs, improving the waveform quality and reducing current ripple. How-
ever, practical power converters have maximum switching frequency limits due to Gate driver
delays, Heat dissipation limits in IGBT/MOSFET switches, and Noise and electromagnetic
interference (EMI) constraints.

Implementation Note: The chosen switching frequency should not exceed the thermal
capacity of the inverter nor violate its minimum pulse width constraint. Typically, for low-

voltage SAPF systems, f; € [10kHz, 25 kHz] provides a reliable operating range.

2.9.3 Prediction Horizon and Real-Time Execution Delay

The PDPC algorithm is based on single-step-ahead prediction. That is, the filter current is
predicted for k£ + 1 using the current measurement at time k. In practice, this prediction horizon

must be longer than the control computation delay to remain effective:
Tcompute < Ts
Where:

* Teompute: total computation time for evaluating all switching vectors.

Guideline: Ensure the execution time of the prediction + cost evaluation + vector selection
fits within each sampling cycle. For instance, if 7y = 45 us, the worst-case execution time

(WCET) must remain under 40 s to guarantee deterministic timing.

2.9.4 Quantization, Sensor Delay, and Filtering

In digital control systems, measurement integrity plays a pivotal role in determining the overall
accuracy and stability of the control algorithm. In the context of SAPF implementation, current
and voltage measurements feed directly into the power calculation and prediction stages of the

PDPC. However, several practical issues may arise from real-time signal acquisition:
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Table 2.3: Specifications of Measurement Devices Used

Parameter Fluke i30s (Current Clamp) Metrix MX9030-Z  (Voltage
Probe)
Measurement Range | 30 mA-30 A DC/30 mA-20 A AC | £0.1 V to +600 V
RMS
Frequency Bandwidth | DC to 100 kHz 30 MHz
Resolution +1 mA Not specified
Output Sensitivity 100 mV/A 1:20 or 1:200 attenuation
Input Impedance > 100 kQ 2MQ// 6 pF
CMRR — 80dB @ 50 Hz, 50 dB @ 1 MHz
Power Supply 9 V Battery (MN1604) 9 V Battery (6LF22)
Safety Category CAT IIT 300 V CAT IV 600 V
Cable Length 2m I.1m

* Quantization Errors: Caused by the finite resolution of the analog-to-digital converter
(ADC), affecting the precision of sampled signals.

* Sensor Delays and Phase Shifts: Introduced by analog anti-aliasing filters or internal

electronics, leading to misalignment between voltage and current samples.

e Sampling Delays: Due to sequential ADC conversion and interrupt handling within

digital control platforms.

In this implementation, no analog filtering was used on voltage or current channels, except
for the DC-link voltage measurement. Instead, precision transducers were chosen to ensure

minimal signal distortion, and digital compensation techniques were employed where needed.

2.9.4.1 Sensor Specifications and Measurement Setup

Current sensing was performed using the Fluke i30s clamp-on probe, which utilizes Hall Effect
technology for accurate AC/DC current detection. Voltage measurement was carried out using
the Metrix MX9030-Z differential probe, specifically designed for safe and accurate differential

readings in high-voltage environments.

2.9.4.2 Measurement Setup Visualization
2.9.4.3 Simulation Results Overview

The effectiveness of the PDPC strategy integrated with the SAPF system was rigorously validated
through simulation studies. The system was implemented in MATLAB/Simulink using the
parameters outlined in Table ??, faithfully reproducing the experimental environment. The
results assess the harmonic mitigation, power balance, compensation precision, and voltage

regulation behavior during steady and transient conditions.
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Figure 2.7: Precision sensors used for current and voltage acquisition in the SAPF system.

In Figure 2.8, the response of the three-phase source voltage and current is analyzed between
0.17s and 0.28s. Prior to 0.2s, the source current exhibits noticeable harmonic distortion,
deviating from its sinusoidal envelope. Post-activation of the PDPC algorithm at 0.2s, the
current waveform rapidly transitions to a clean sinusoidal form within 4 ms. The amplitude
of I; stabilizes between RMS value of +3.8 A, demonstrating the controller’s fast transient
response. Simultaneously, the grid voltage maintains stability at around MAX value +20 V.
The elimination of phase shift confirms precise synchronization between voltage and current,
ensuring zero reactive exchange and improved power factor.

Figure 2.9 demonstrates the system dynamics in the a—f frame using Clarke-transformed
current vectors. Before compensation (left), the /,—I4 trajectory exhibits a skewed and distorted
shape. This distortion can be mathematically attributed to the presence of higher-order harmonics

and reactive current components, which can be expressed as:

io(t) = I1, sin(wt) + Z Lo sin(not +¢,), ig(t) = Iigcos(wt) + I, cos(not + ¢,)
n=3,5,... n=3,5,...
(2.40)

Here, the fundamental terms Iy, I g represent the ideal sinusoidal current components, while
the summation represents higher-order harmonics. These harmonics introduce non-elliptical

distortions in the i, (¢)—ig(t) trajectory.
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Figure 2.8: Source voltage and current response before and after SAPF activation

Additionally, reactive power presence introduces a phase shift between current and voltage
vectors, further skewing the trajectory away from circular symmetry.
Post-compensation (right), the current trajectory forms an almost perfect circle in the a—f3

plane. This indicates that:

io(t) = I sin(ot), ig(t) = I, cos(wt) (2.41)
This trajectory satisfies the identity:

i () +ig(n) =1,

implying that the current vector maintains constant magnitude and rotates uniformly in phase
with the voltage vector — the defining characteristic of a purely active power transfer (i.e., power

factor = 1).
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Figure 2.9: Voltage and current trajectories in @—f frame

Moreover, the voltage trajectory remains unchanged before and after compensation, as
expected, since the SAPF does not actively control the grid voltage. This consistent voltage,
combined with the transition of the current locus from a distorted shape to a circle, evidences
successful harmonic suppression and reactive power compensation.

Figure 2.10 provides a comprehensive view of current flow across the system. Before 0.2 s,
the source current /5 and load current /;, share similar distortion, with /; peaking at +£5.6,A. After
SAPF engagement, I; becomes purely sinusoidal, while /;, retains harmonic content, confirming
that compensation is taking place. The filter current /r mirrors the harmonic signature of I but
in opposite phase, validating its role in injecting the necessary counter-harmonic profile. The
matching amplitude and phase of Iz with the harmonic component of /; further demonstrates
the controller’s precision.

Figure 2.11 illustrates the evolution of four core power quantities — apparent power S, active
power P, reactive power Q, and distortion (deformant) power D — across the SAPF activation
period. To ensure consistency with the experimental setup, all power values presented in

the following discussion were extracted from simulation waveforms using their time-averaged
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Figure 2.10: Time-domain response of grid voltage, source current, load current, and filter
current

mean values over a stable operating window.

In the pre-compensation window 0.15s < ¢ < 0.20s, the apparent power is approximately
145.66 VA, reflecting the total source demand under harmonic-rich and reactive loading. Upon
SAPF activation at t = 0.24s, this value slightly rises to 148.03 VA, as the filter injects
compensating current to correct the load’s distortion and phase misalignment. This added
current increases the total RMS current and, consequently, the apparent power, even though the
waveform becomes cleaner from the grid’s perspective.

The active power increases from 135.5 W to 148.0 W, which is consistent with improved
alignment between voltage and current. Reactive power, which averaged around 53.0 VAR before
compensation, is reduced to ~0.0 VAR, indicating successful cancellation of the fundamental
quadrature component. Deformant power drops from 7.0 VAD to 3.0 VAD, confirming the
suppression of higher-order harmonics and improved waveform purity at the source.

All numerical values are 100-ms moving averages, matching the method used later in the
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Figure 2.11: Time-averaged evolution of apparent power S, active power P, reactive power Q
and distortion power D before, during and after SAPF energisation (r = 0.20 s).

laboratory section.

Observed trend. At first glance, it may appear counterintuitive that both the active power (P)
and apparent power (S increase after the SAPF is activated, since the filter does not generate
energy but merely compensates harmonic and reactive components of the load current. However,
the observed increase in active power (approximately 10-12 W) is not indicative of additional
losses or inefficiency. Instead, it is a direct consequence of improved voltage conditions at the

point of common coupling (PCC), arising from two practical effects inherent to the system:

1. Source impedance. The grid and interfacing elements are non-ideal and can be repre-
sented by a finite source impedance, Z; = Ry + jLs; # 0. Prior to SAPF operation, the

nonlinear load draws a highly distorted current containing significant harmonic compo-
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nents. When this distorted current flows through the source impedance, it produces an
additional voltage drop, Zsij0aq, Which reduces the effective RMS voltage available at the
PCC.

. Voltage-dependent nonlinear load. The load consists of a diode bridge rectifier with

a DC smoothing capacitor. Such loads are inherently voltage-sensitive: an increase in
the RMS PCC voltage results in higher peak charging currents of the capacitor, thereby
increasing the average DC-side energy transfer and the corresponding AC-side active

power consumption.

When the SAPF is activated, the following sequence occurs:

The SAPF injects a compensating current i¢(¢) that cancels the harmonic and reactive
components of the load current.

Consequently, the source current becomes predominantly fundamental and nearly sinu-

soidal,

isource(t) = iload(t) + if(t) ~ ifund(l)-

With the reduction of harmonic current flow through the source impedance, the associated

voltage drop decreases, leading to an increase in the RMS voltage at the PCC:

Vrms,PCC, after > Vrms,PCC, before -

The nonlinear load responds to this improved voltage delivery by drawing a higher RMS
current, which naturally results in an increase in both the active power (P) and apparent
power (S) absorbed by the load.

The measured power components satisfy Budeanu’s power relation,

S =+P?+Q?+D?,

and the corresponding time-averaged values before and after SAPF activation are summarized
in Table 2.4. The slight increase in apparent power is therefore a byproduct of enhanced voltage
quality and reduced distortion, rather than an indication of additional system losses or SAPF

inefficiency.

Table 2.4: Mean power components before and after SAPF connection (time-averaged)

Quantity Ideal | Before SAPF | After SAPF
Active power P Pref 1355 W 148.03 W
Reactive power Q 0 VAR 53.0 VAR 0.0 VAR
Distortion power D | 0 VAD 7.0 VAD 3.0 VAD
Apparent power S Prer 145.7 VA 148.0 VA
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Figure 2.12 further corroborates this explanation. Although the instantaneous current wave-
form remains nonlinear due to the rectifier nature of the load, its RMS value increases from
3.80 Ato4.02 A, directly reflecting the higher PCC voltage achieved after harmonic and reactive

power compensation.
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Figure 2.12: Zoomed-in view of the load current waveform and RMS envelope before and after
SAPF activation. While the waveform retains its nonlinear shape, the RMS current increases
from 3.80 A to 4.02 A due to improved voltage conditions at the PCC.

Take-away. The SAPF does not introduce additional active power losses; instead, it improves
voltage quality and current waveform purity at the PCC. This enhancement enables voltage-
dependent nonlinear loads to absorb power more effectively, resulting in a modest increase in
RMS current and active power while achieving near-unity power factor and significantly reduced
harmonic distortion. This effect becomes even more pronounced in the experimental prototype
(Chapter 4), where sensor dynamics, digital control delays, and inverter dead-time lead to slightly

higher compensating current injection compared to the idealized simulation model.
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Figure 2.13 details the dynamic evolution of the DC-link voltage Vy., active power P, and
reactive power Q under the control of the outer-loop PDPC architecture.

Starting from an initial value of 63V, the DC-link voltage smoothly ramps up to its steady-
state reference of 81V throughout approximately 60 ms. This transient response reflects proper
tuning of the outer-loop PI controller, achieving fast settling without overshoot or sustained
oscillation.

At the start of compensation, Pj, > Pjoad, SO Vyc increases. The PI controller adjusts the
amplitude of the current reference to drive this power injection and bring the DC-link to its
desired operating point.

Simultaneously, the active power P — delivered from the grid to the system — increases
from 135.5W to 148.0 W. This increase reflects the additional energy being supplied to the
inverter via the DC-link to support harmonic and reactive compensation. The reactive power Q
falls sharply from 53.0 VAR to 0.0 VAR, as expected, confirming that the SAPF fully cancels
the reactive demand of the nonlinear load.

The zoomed subplot in Figure 2.13 highlights the final settling behavior of V.. The voltage

remains tightly regulated with minimal ripple (within +0.4 V), which is essential to:

* Ensure accurate modulation of the inverter bridge voltage,
* Avoid DC bus overvoltage or undervoltage trips,

* Maintain a stable reference for inner-loop current tracking.

This result validates the coordinated design of the PI-based outer voltage loop and the
predictive current control in the inner loop. The inverter’s energy delivery through the DC bus is
efficiently managed, resulting in a well-damped power system capable of adapting to nonlinear
disturbances without compromising voltage stability.

Figure 2.13 showcases the active power matches its reference with <2% deviation after
0.25s. This dynamic demonstrates that the control loop is well-tuned and exhibits no windup
or instability.

Figure 2.14 evaluates the dynamic behavior of the internal optimization loop within the
PDPC controller. The cost function J(k), which quantifies the squared prediction error of active
and reactive power, begins with relatively high fluctuations around 110* in the transient phase.
As the compensation process stabilizes, the error diminishes rapidly, with J (k) falling below 50
shortly after t = 0.2s.

This decline confirms that the controller is successfully minimizing the instantaneous cost
at each sampling instant. Specifically, it selects the optimal switching vector from the finite set

V that yields the smallest predicted power error:

S*(k) = arg min J;(k)
\7i€(V

As P and Q converge toward their reference values, the error terms in J (k) reduce, and the

optimization operates in a lower energy regime.

98



Active Power (W)

Reactive Power (VAR)

Active Power (W)

Reactive Power (VAR)

DC-Link Voltage (V)

DC-Link Voltage (V)

~N © O
o O o

(2]
o

N
So

N
o
o

IR
(ea)
o

o
N

81

10

0

-10

0.15 0.2 0.25 0.3 0.35 0.4

Time (s)

(a) DC-link voltage, active and reactive power

— Vdc

’\/\/\/\/\/\/\/\/\/\/\/\

V\JVVU\/VVVV\J\/V\J’V

035 035 036 0365 037 0375 038 038 039 0395 04

035 035 036 0365 037 0375 038 038 039 0395 04

035 035 036 0365 037 0375 038 038 039 0395 04

Time (s)

(b) Steady-state behavior of voltage and power waveforms

Figure 2.13: Dynamic and steady-state behavior of DC-link and power control
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Figure 2.15: Reduction in Total Harmonic Distortion (THD) and Phase Shift

The zoomed subplot in Figure 2.14 shows that the cost function settles to approximately
J(k) = 25 under steady-state conditions. This indicates consistent selection of optimal switching
vectors with minimal oscillation. The absence of overshoot and the smooth convergence pattern
reinforce the stability of the predictive controller’s decision-making process.

These results validate the closed-loop optimality of the predictive controller: by minimizing
the forward-predicted deviation in power flow, the inverter consistently applies the switching
vector that delivers minimal error in real power P and zero reactive power Q, ensuring efficient
real-time control.

Finally, Figure 2.15 presents the evolution of THD and phase shift. Initially, THD is measured
at 16.2%, gradually falling to 2.55% by 0.4 s. The shift angle begins at 24.8°, dropping linearly
to zero within 150 ms. These results reaffirm that SAPF effectively restores sinusoidal current
delivery, enhances synchronization, and eliminates reactive and distortion components. The
harmonics are not only canceled in magnitude but also in their phase relationship, allowing the

inverter to inject clean current aligned with the voltage waveform.

In summary, the simulation outcomes validate the SAPF system’s ability to handle harmonic
compensation, reactive power cancellation, and voltage stabilization with remarkable preci-
sion. The PDPC algorithm, supported by a robust internal regulation structure, ensures near-
instantaneous optimal control action, minimal THD, phase correction, and reliable tracking of
power references—making it highly suitable for real-time power quality enhancement applica-

tions in grid-connected environments.
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Conclusion

This chapter has presented a detailed analysis of power quality enhancement in grid-connected
systems through the modeling, control, and implementation of a Shunt Active Power Filter
(SAPF). Emphasis has been placed on mitigating current harmonics, compensating reactive
power, and ensuring compliance with modern power quality standards in the presence of non-
linear loads and fluctuating renewable energy sources.

The theoretical foundations of SAPF operation have been thoroughly developed, including
the definitions of active, reactive, and distortion power, as well as key performance indicators
such as total harmonic distortion (THD) and power factor. The mathematical modeling of
SAPF components—covering inverter dynamics, filter characteristics, and DC-link voltage
regulation—provides a solid basis for accurate system representation and control design.

A major contribution of this chapter is the implementation of the Predictive Direct Power
Control (PDPC) strategy. By leveraging discrete-time predictive models and real-time opti-
mization, PDPC enables fast and precise tracking of power references, ensuring near-sinusoidal
source currents, effective harmonic suppression, and unity power factor operation. The con-
trol framework demonstrates strong robustness against load variations and grid disturbances,
addressing both transient and steady-state performance requirements.

Simulation results validate the effectiveness of the proposed SAPF-PDPC system, showing
rapid dynamic response, low steady-state ripple, and significant reduction in current harmonics.
The achieved performance satisfies stringent power quality standards, including IEEE 519-2022,
confirming the suitability of the proposed approach for practical grid-connected applications.

In summary, this chapter establishes a comprehensive power quality control framework that
complements the PV energy generation system developed earlier. Together, these contributions
enable reliable, efficient, and scalable integration of renewable energy sources into modern smart
grids, setting the stage for experimental validation and real-world implementation in subsequent

chapters.
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Chapter 3 Overview: Experimental

Combined System and Implementation

Chapter 3 presents the practical realization and experimental validation of the integrated
photovoltaic (PV) system with reactive power compensation, incorporating real-time control and
maximum power point tracking (MPPT) under partial shading conditions. This chapter bridges
the gap between theoretical modeling and practical implementation, detailing the combined
hardware and software framework required to achieve high-performance PV energy conversion
and power quality improvement.

The chapter begins in Section 3.1 by addressing the critical integration challenges associated
with combining diverse subsystems, including PV emulation, MPPT algorithms, boost converter
control, and Shunt Active Power Filter (SAPF) regulation. These challenges include hardware
synchronization, communication latency, power loss minimization, and real-time control stabil-
ity, which are essential for ensuring the reliable operation of the overall system.

Section 3.2 introduces the proposed system configuration, detailing the physical layout and
electrical interconnections of the major components. This section covers the integration of
the programmable PV emulator, real-time digital controller, boost converter, and SAPF. The
design choices for power electronics, control hardware, and communication protocols are also
discussed, emphasizing the importance of seamless integration for accurate power tracking and
quality enhancement.

Section 3.3 provides a comprehensive overview of the programmable DC PV emulator
design, a critical component for experimental validation. This section covers the entire emulator
design process, from partial shading condition (PSC) modeling and data generation (Section
3.3.1) to automated look-up table (LUT) creation (Section 3.3.2) and scaling for hardware
interface (Section 3.3.3). The emulator’s verification and validation process, discussed in
Section 3.3.4, ensures accurate replication of real PV array behavior under complex shading
conditions. The benefits of this emulator, including cost reduction, flexibility, and ease of
integration, are highlighted in Section 3.3.5, establishing its significance as a versatile research
tool.

Section 3.4 delves into the real-time implementation of metaheuristic-based MPPT algo-
rithms, a core component of this thesis. This section introduces the generalized structure of
real-time metaheuristic algorithms (Section 3.4.1), breaking down their key operational phases,

including initialization (Section 3.4.2), evaluation (Section 3.4.3), population update (Section
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3.4.4), and duty cycle adjustment (Section 3.4.5). This structured approach ensures efficient
global maximum power point tracking (GMPPT) even under rapidly changing irradiance and
complex PSC conditions, aligning with the thesis objective of enhanced energy extraction and
power quality improvement.

Together, these sections form a comprehensive guide to the design, construction, and ex-
perimental validation of the integrated PV-SAPF system. This chapter establishes the practical
foundation for the dynamic testing and performance analysis presented in the following chapters,

providing critical insights into the real-world feasibility of the proposed control strategies.
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Chapter 3

Experimental Combined System and

Implementation

This chapter details the real-time implementation and experimental validation of the proposed
integrated system designed to maximize power extraction under partial shading conditions. The
experimental setup comprises several key components: a programmable DC photovoltaic (PV)
emulator, a shunt active power filter (SAPF), and a metaheuristic-based maximum power point
tracking (MPPT) controller based on the Enhanced Eel-Grouper Optimizer (EEGO), among
other algorithms. The PV emulator is configured to replicate the electrical behavior of a real
PV array under various shading patterns using a lookup table (LUT) populated with I-V charac-
teristics. The SAPF is employed to enhance power quality by mitigating harmonic distortions
and compensating for reactive power, ensuring that only a near-sinusoidal current is injected
into the grid. The MPPT controller dynamically adjusts the converter’s duty cycle to track the
global maximum power point (GMPP) despite the partial shading of the PV array. Together,
these components form an integrated test platform that not only validates the performance of
the proposed methods under controlled laboratory conditions but also provides valuable insights
into the practical challenges and advantages of implementing advanced MPPT and power quality

solutions in grid-connected renewable energy systems.

3.1 Integration Challenges

Grid-connected PV systems face significant challenges under PSC, where only a portion of the
PV array is exposed to full irradiance while other parts remain shaded. This leads to complex
electrical behaviors that substantially degrade overall power output. Since PV modules are often
connected in series and/or parallel configurations, a shaded module in a string can limit the
current flow of the entire string, causing mismatch losses. These mismatch effects not only
reduce the extractable power but also distort the overall P-V characteristic curve, producing

multiple local maxima.
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The total instantaneous power generated by a shaded PV array can be expressed as:

N
Pow = ) Vi I, (3.1)
k=1

where N is the number of modules, and Vi, I} are the terminal voltage and current of the k-th
module, respectively.

For modules connected in series, the total current is limited by the most shaded module:
Istring = H}Cin (Ik) s (32)

leading to significant underutilization of high-irradiance modules. Conversely, in parallel config-
urations, voltage mismatches due to partial shading introduce unequal current sharing, creating
further inefficiencies.

The relative efficiency loss caused by PSC can also be quantified using:

Pyvpp

Moss = 1 — 3.3)

PGmpp

where Ppppp is the power obtained when the MPPT algorithm settles at a local maximum, and
Pgmpp 1s the true global maximum power point.

This loss is not only a result of irradiance non-uniformity but also of the inability of
traditional MPPT techniques to escape local extrema. Conventional methods like Perturb and
Observe (P&O) or Incremental Conductance (IncCond) tend to follow gradient-like behaviors
and can become trapped in suboptimal operating points when multiple peaks exist.

To mitigate the adverse effects of PSC, bypass diodes are often used across PV modules to
prevent reverse bias and enable current flow continuity. However, while they alleviate hot-spot
risks and severe mismatch, they do not eliminate the formation of multiple maxima in the P-V
curve.

The fill factor (FF) of the array, which quantifies the quality of the I-V curve, also drops

significantly under partial shading:

Pnpp

, (3.4)

where V. is the open-circuit voltage and Iy is the short-circuit current of the array. Under
shading, both parameters are influenced non-linearly, leading to a reduced fill factor and hence
lower efficiency.

Without enhanced tracking, the net power loss due to partial shading is expressed as:

Pioss = Pgmpp — PLMPP, (3.5)

with direct consequences on grid-side energy exchange and operational cost. This is visually
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demonstrated in Figure 3.1, which contrasts the extracted power under conventional local tracking

versus optimal global tracking.

P-V Curve Under Partial Shading
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Figure 3.1: Comparison of power loss under local versus global maximum power tracking in
partial shading conditions.

To address these challenges, the proposed system incorporates a metaheuristic-based MPPT
controller — specifically, the Enhanced Eel-Grouper Optimizer (EEGO) — capable of exploring
the full search space and identifying the global optimum even in the presence of shading-induced
non-convexities.

The controller seeks to maximize the extracted power:
Pextracted = f(V, 1, shading), (3.6)

where f(V, I, shading) represents the nonlinear and dynamic relationship between irradiance
conditions and PV output.

Ultimately, the system aims to maximize the net injected power:

max (Pinjected) = max (Pextracted = Ploss) » (3.7)

which directly enhances system efficiency and reduces grid dependency. This experimental
framework not only validates the superior tracking behavior of the proposed controller but
also captures the real-world performance implications of deploying such intelligence in grid-

connected PV systems.
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3.2 Proposed System Configuration

The proposed system architecture is designed to maximize power extraction from a partially
shaded PV array while ensuring high power quality when interfacing with the grid. In essence,
the system converts variable solar energy into stable and high-quality electrical power that is
injected into the grid. This is achieved through three primary components: a programmable
shading PV emulator, a SAPF, and the grid interface, all working together in a coordinated,
closed-loop manner.

The programmable shading PV emulator plays a critical role by simulating the electrical
behavior of areal PV array under various shading conditions. Itis built using a programmable DC
voltage source and a lookup table (LUT) that captures the I-V characteristics of PV modules under
different irradiance patterns. This controlled and repeatable environment enables systematic
testing of MPPT algorithms without being affected by unpredictable ambient conditions such
as temperature and solar irradiance. By ensuring that the emulator output closely matches that
of an actual PV array, the system can accurately mimic the behavior and challenges of partial
shading.

The SAPF is incorporated to improve the quality of the power delivered to the grid. It
achieves this by dynamically filtering out harmonic distortions and compensating for reactive
power imbalances, thereby "cleaning" the output waveform. The SAPF is connected between the
PV emulator and the grid and is responsible for injecting a compensating current that mitigates
the effects of nonlinear loads. This ensures that the inverter’s output is nearly sinusoidal and
that the power quality meets strict grid standards.

Finally, the grid connection provides the interface through which the conditioned power is fed
into the public grid. This connection is configured to allow real-time observation and analysis
of the power quality and system performance under varying levels of partial shading. Together,
these components form an integrated test platform that not only validates the performance
of advanced MPPT algorithms (such as those based on metaheuristic approaches) but also
demonstrates practical improvements in power quality and grid compatibility.

The main components of our experimental platform include the following:

1. Programmable Shading PV Emulator: A programmable voltage source is interfaced
with a pre-populated LUT that stores the [-V characteristics of PV modules under various

shading conditions. The LUT is constructed using the single-diode model.

2. Shunt Active Power Filter: The SAPF is employed to improve the quality of the power
that is injected into the grid. It achieves this by filtering out harmonics and compensating
for reactive power components. In our system, the SAPF interfaces directly with the PV
emulator and the grid, ensuring that the power delivered has low THD and a near-unity

power factor.

3. Real-Time MPPT Optimization Control: A metaheuristic optimization algorithm is

implemented to continuously track the GMPP under varying partial shading conditions.
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The algorithm calculates a reference current /,, .7 in real time and adjusts the boost

converter’s duty cycle (DCL) accordingly.

4. Grid Connection: The conditioned power from the SAPF is injected into the grid. The
grid interface is designed for real-time monitoring and ensures that the power quality

meets established standards, thereby reducing grid dependency.

Figure 3.2 illustrates the overall system diagram, showing the interconnection between the

programmable PV emulator, SAPF, and grid.
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Figure 3.2: System Diagram of the Proposed Configuration, showing the interconnection of the
programmable PV emulator, the shunt active power filter, and the grid interface.

3.3 Programmable DC PV Emulator Design

To enable repeatable and controlled testing of MPPT algorithms under PSCs, a programmable
DC source PV emulator is developed. This emulator replicates the dynamic electrical behavior
of a PV array by generating I-V responses derived from a mathematical PV model, eliminating
variability from real-world sunlight, temperature, or weather. Integrated with the dSPACE 1104
platform (Chapter 4), it supports real-time validation of the EEGO and other MPPT algorithms.

3.3.1 PSC Modeling and Data Generation

The electrical behavior of the PV emulator is modeled using the single-diode equivalent circuit.

The output voltage of the PV module is described by the following implicit equation:
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Rslpy ) (3.8)

va = Ry (Iph — 14—
Rsh
Since Equation (3.8) is non-linear, numerical methods (e.g., Newton-Raphson or forward
simulation) are used to generate V), values for each I,y across a range of irradiance values.

These are stored in a two-dimensional lookup table (LUT):

LUT(G, Ipy) — Vi (3.9)

This LUT allows real-time emulation by mapping input current I,y and irradiance G to

output voltage Vjy.

3.3.2 Automated LUT Generation Procedure

The LUT is populated by simulating the single-diode model across predefined irradiance and
current ranges. Algorithm 3.3.2 outlines the process, implemented in MATLAB/Simulink to

generate a voltage matrix V(G, Ipy).

LUT PV Dataset Generation

[H] Samples N, current range [Imin = OA, Imax = 8.8 A], irradiance range [Gpin =
100 W/m?, Giax = 1000 W/m?], step Gyep = 50 W/m? Voltage matrix V(G, I,,y) Open
Simulink PV model Initialize output matrix V. G = Gyin Gmax Gsep I = 1 N Set current

Ipy = Inin+(i—1)- % Simulate PV model and extract V,,y Store resultin V(G, Iy)

The algorithm uses a reasonable N samples to achieve low resolution, ensuring high-fidelity

I-V curves. The Simulink model incorporates the single-diode parameters.

3.3.3 Scaling for Hardware Interface

The LUT’s control voltage V.y[k] is scaled to interface with the GW Instek APS-1102A
programmable DC source (output: 0-1000V, 0-5 A, 1kW max; response time <1 ms). The
APS-1102A accepts an external analog input (EXT) limited to 2.2 V. A scaling factor Gycge = 20
maps the LUT voltage to the hardware:

Vctrl [ k ]

Vetd scated [K] = G (3.10)
scale
The emulator’s internal amplifier restores the output:
Vout[k] = Veut scated [k] - Gscale = Ve [ k] (3.11)

This ensures the output voltage matches the LUT with <0.1% scaling error, verified via
dSPACE 1104’s 12-bit ADC.
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3.3.4 PV Emulator Verification and Validation

The emulator’s accuracy is validated against five PSC scenarios (Table 3.1), each defining

irradiance patterns for a five-module PV string. The electrical characteristics are:

Table 3.1: Detailed characteristics of the five PSC scenarios

Scenario Irradiance pattern  Iypp (A) Vinpp (V) Gmpp (W)
(W/m?)

1 PV1=1000, 5.6 33.28 186.4
PV2=450,
PV3=200,
PV4=800,
PV5=700
2 PV1=900, 4.89 32.92 161.0
PV2=350,
PV3=250,
PV4=820,
PV5=600
3 PV1=1000, 8.12 20.75 168.5
PV2=1000,
PV3=400,
PV4=200,
PV5=100
4 PV1=1000, 3.08 34.12 105.1
PV2=500,
PV3=400,
PV4=200,
PV5=100
5 PV1=700, 5.62 43.25 243.1
PV2=900,
PV3=500,
PV4=700,
PV5=890

3.3.4.1 Open-Loop Validation Test

Open-loop tests apply each PSC scenario to the emulator, outputting voltages based on LUT I-V
characteristics. The emulator’s output is compared to theoretical I-V curves generated from the
single-diode model. Figures 3.4, 3.5, and 3.6 show the results, with emulated curves closely
matching theoretical expectations.

3.3.4.2 Error Analysis and Validation Metric

Accuracy is quantified using pointwise absolute error and percentage error:
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Error(V;) = |Imeas(Vi) — Texpt (V)| (3.12)

|Imeas - Iexpt|

Absolute Error(%) = 100 (3.13)

Lexpt
Mean percentage errors across scenarios are: Scenario 1: 2.8%, Scenario 2: 2.1%, Scenario
3: 3.5%, Scenario 4: 3.7%, Scenario 5: 2.7%. The maximum error (3.7% in Scenario 4) occurs
due to multi-peak complexity, but all errors remain <5%, confirming high fidelity. Figure 3.3

illustrates the theoretical I-V curves for all scenarios.

3.3.5 Benefits of the Emulator Setup

The PV emulator, driven by a high-resolution LUT and the GW Instek APS-1102A, offers:

1. Controlled Testing Environment: Eliminates environmental variability, enabling re-

peatable experiments at 25 °C.

2. Flexible Scenario Emulation: Supports static and dynamic PSCs, including multi-peak

profiles.

3. Scalability: Adapts to various PV configurations (e.g., different module counts or tech-

nologies) by updating the LUT.
4. Real-Time Performance: Sub-millisecond response supports dynamic MPPT validation.

Validation confirms <4.2% error across I-V ranges, ensuring reliable testing for EEGO and

other MPPT algorithms under realistic shading conditions.
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3.4 Real-Time Metaheuristic-Based MPPT Algorithms

3.4.1 General Structure of Real-Time Metaheuristic-Based MPPT Algo-

rithms

Metaheuristic algorithms, when applied to MPPT in PV systems, follow a common iterative pro-
cess to optimize the duty cycle of a power converter (e.g., a boost converter) to maximize power
output under varying environmental conditions. Fig. 3.7 shows a roadmap that summarizes the
entire Real-Time Metaheuristic-Based MPPT Algorithm section, This roadmap summarizes the
complete real-time execution of our metaheuristic MPPT algorithm with embedded decision-
making logic for environment-driven resets, real-time tracking using current reference control,
and robust convergence safeguards.

This process can be broken down into several general phases that apply across different

metaheuristic algorithms. These phases are:

* Initialization: Setting up the initial parameters, population of candidate solutions (duty

cycles), and variables to track progress and best solutions.

* Evaluation: Testing each candidate duty cycle by applying it to the system, measuring the

resulting PV power, and updating performance records.

* Population Update: Refining the candidate solutions based on evaluation results using

algorithm-specific rules to improve the search.

* Duty Cycle Adjustment: Applying the best-found duty cycle to the converter and fine-

tuning it for real-time operation.

To illustrate this process clearly, here’s a pseudocode representation

General Metaheuristic MPPT Algorithm

[H] PV power measurements, enable signal Optimal duty cycle for maximum power
Initialize population of duty cycles and tracking variables not converged and iterations
< maximum iterations each candidate duty cycle in population Apply duty cycle to the
converter Measure resulting PV power Update personal best if power improves Update
global best solution based on evaluations Update population using metaheuristic-specific

rules Adjust converter duty cycle to the best solution Optimal duty cycle

This pseudocode outlines the high-level flow, which we’ll expand upon in subsequent parts
by diving into each region of a general code’s process.

These phases loop continuously or until a stopping condition (e.g., maximum iterations
or convergence) is met, ensuring the algorithm adapts to dynamic conditions like irradiance
or temperature changes. This structure is general enough to serve as a foundation for any

metaheuristic algorithm, with differences arising only in the specific rules for updating the
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population. Figure 3.8 illustrates the closed-loop control architecture underpinning this process,
integrating a LUT for PV emulation, the calculation of the optimal reference current /,,, ;. s, and
a hysteresis controller for precise duty cycle adjustments. This schematic serves as a roadmap
for the algorithm’s operation, with each phase contributing to the system’s ability to dynamically
track the GMPP.

Vpv Optimization Block Ipv_ref
( Referece Current
Generation)

—

Ipv
To Boost Converter
LUT Vetrl
® (Data Storage) To PV Emulator
G

Figure 3.8: Schematic Diagram of the Real-Time MPPT Optimization Architecture: This block
diagram outlines the closed-loop control strategy, including the LUT for PV emulation, the
calculation of the optimal reference current /,, ;. s, and the adjustment of the boost converter’s
duty cycle via a hysteresis controller.

To elucidate this framework, the following subsections detail each phase, beginning with
initialization and culminating in duty cycle adjustment, all operating within the architecture de-
picted in Figure 3.8. This structure ensures a cohesive approach to optimizing power extraction,

adaptable to various metaheuristic algorithms.

3.4.2 Initialization Phase

Now, let’s move to the first detailed region of the code process: Initialization. This phase is
where the algorithm prepares all necessary components before starting the optimization loop.
I'll explain it in a narrative form, focusing on general principles, how MATLAB processes it,

and its role in real-time MPPT, followed by a visual representation.
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3.4.2.1 Narrative Explanation

The initialization phase is the foundation of any metaheuristic MPPT algorithm. Its purpose
is to establish the starting point for the optimization process by defining the population of
candidate duty cycles, setting up counters and timing variables, and initializing arrays to store
the best solutions found during execution. In the context of real-time MPPT, this phase must
be efficient and flexible, allowing the algorithm to begin searching for the MPP immediately
upon activation while retaining state information across iterations for continuous operation. In

a typical implementation, the algorithm starts by checking whether it’s the first run. If so, it sets

up:

* Population of Duty Cycles: A set of initial candidate solutions (e.g., duty cycle values
between 0 and 1) that the algorithm will test. The size and initial values of this population
are chosen to balance computational load and solution space coverage. For real-time
efficiency, a small population (e.g., 3-5 candidates) might be used, initialized either

randomly or based on prior knowledge of typical MPP duty cycles (e.g., 0.2, 0.5, 0.8).

» Tracking Variables: Arrays to store the personal best duty cycles and their corresponding
power outputs for each candidate, as well as a global best duty cycle and power across the

entire population. These ensure the algorithm remembers high-performing solutions.

* Counters and Timers: Variables to manage iteration counts, timing intervals (e.g., how
long each duty cycle is applied before evaluation), and the sequence of operations. In real-
time systems, timing is critical to synchronize the algorithm with the physical converter’s

response.

* Control Flags: An enable signal to start or stop the algorithm, ensuring it only runs when

intended (e.g., when the PV system is active).

3.4.2.2 MATLAB’s Role:

MATLAB processes this phase using persistent variables, which retain their values between
function calls. This is essential for real-time MPPT, where the algorithm is called repeatedly
(e.g., every millisecond) as part of a control loop. On the first call, MATLAB checks if these
variables are empty (using isempty()), and if so, initializes them. For example, a population
array might be set as population = [0.2, 0.5, 0.8], and counters like counter = 0 are reset. This
persistent state allows MATLAB to avoid redundant initialization, making the process seamless

in a real-time environment.

3.4.2.3 Real-Time Considerations:

The initialization must account for the dynamic nature of PV systems. For instance, the initial

duty cycles should span a reasonable range to quickly locate the MPP under current conditions,
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and the timing variables must align with the converter’s settling time (e.g., 250 ms) to ensure
accurate power measurements. While the specifics (e.g., population size or initial values) may
vary across metaheuristic algorithms, the initialization phase universally involves setting up a

population and tracking mechanisms.

3.4.2.4 Visual Representation

To clarify this phase, here’s a pseudocode:

Initialization Phase of Metaheuristic MPPT

[H] Enable signal Initial duty cycle output Enable signal is active persistent variables
are empty (first run) Set population size (e.g., 3—5 candidates) Initialize population with
duty cycles (e.g., [0.2, 0.5, 0.8]) Initialize personal best duty cycles and powers to zero
Initialize global best duty cycle and power to zero Set iteration counter to 0 Set timing
counter to 0 Set evaluation index to 1 (first candidate) Default or first candidate duty

cycle Default duty cycle (e.g., 0.5)

This pseudocode captures the initialization logic in a general form, applicable to any meta-

heuristic algorithm, with MATLAB’s persistent variable management implied.

3.4.3 Evaluation Phase

The evaluation phase is a cornerstone of the metaheuristic-based MPPT algorithm, designed to
optimize the duty cycle of a boost converter to maximize power output from a PV system. In
this phase, each candidate duty cycle in the algorithm’s population is applied to the converter,
and the resulting PV power is measured to assess the candidate’s fitness. This process identifies
which duty cycles bring the system closer to the GMPP, even under dynamic conditions like
partial shading or temperature changes. Given the real-time nature of MPPT, this phase must
balance accuracy, speed, and system stability.

The process begins by selecting a candidate duty cycle from the population and applying it
to the boost converter, which adjusts the PV system’s operating point. To ensure accurate power
measurements, a stabilization period is enforced, allowing the system to reach a steady state and
mitigate transient effects such as voltage or current oscillations. A Duty Cycle Update Timer
(DCUT) governs this timing, holding each duty cycle constant for 250 milliseconds, a duration
chosen to balance measurement reliability with real-time responsiveness. During this period,
the algorithm outputs the same duty cycle repeatedly, typically synchronized with the system’s
control loop (e.g., a 1 ms time step in simulation).

Figure 3.9 illustrates the timing and state transitions of this DCUT-based process, highlight-
ing the 250 ms update cycle for each duty cycle and the evaluation of three candidate solutions
per iteration, resulting in a total iteration time of 750 ms. This visual representation underscores

the sequential nature of the evaluation, ensuring each candidate is tested under stable conditions
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before proceeding to the next.

Timing and State Transitions in the DCUT-based Optimization Process
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Figure 3.9: Timing and State Transitions in the DCUT-based Optimization Process: The duty
cycle is updated every 250 ms, with three candidate solutions evaluated per iteration.

Once the stabilization period concludes, the PV power, denoted P, = V), - I, is calculated
using measurements of the PV voltage (V),,) and current (/,,), often retrieved from a LUT
within the PV emulator, as depicted in Figure 3.8. This power serves as the fitness metric for the
candidate duty cycle. If P, exceeds the candidate’s personal best power—stored from previous
evaluations—the personal best power and its corresponding duty cycle are updated. This step
ensures that high-performing solutions are retained for consideration in the population update
phase.

The algorithm then advances to the next candidate, repeating the process until all candidates
in the population (e.g., three duty cycles) have been evaluated. In MATLAB, this is implemented
using a loop structure, with a counter tracking the stabilization period and persistent variables
storing the personal bests. The 750 ms iteration time, as shown in Figure 3.9, allows the
algorithm to complete a full evaluation cycle while remaining responsive to dynamic conditions
such as irradiance changes or partial shading.

This phase is universal across metaheuristic algorithms, whether Eel-grouper optimization,
or others, as the core steps—apply, stabilize, measure, and update—remain consistent. The
DCUT’s role in ensuring stable and timely evaluations is critical to the algorithm’s real-time

performance, setting the stage for refining the population in the subsequent phase.
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3.4.3.1 Narrative Explanation

Imagine the MPPT algorithm as an explorer testing different paths (duty cycles) to find the one

that yields the most treasure (power). Here’s how the evaluation phase unfolds:

Applying the Duty Cycle: The algorithm takes each candidate duty cycle from its popu-
lation—a set of potential solutions—and applies it to the boost converter. The duty cycle

controls the converter’s switching, adjusting the operating point of the PV system.

Waiting for Stability: After setting a new duty cycle, the system needs time to settle.
Transients—Ilike voltage or current oscillations—could distort power measurements if we
measure too soon. A stabilization period (e.g., 250 milliseconds) is enforced using a timer

or counter, ensuring the PV emulator and converter reach a steady state.

Measuring Power : Once the system stabilizes, the PV power, denoted P, , is calculated
(typically as P,, = V), - I,, , where V), and I,,, are the PV voltage and current). This
power is the fitness metric for the candidate duty cycle.

Updating Personal Bests: Each candidate has a “personal best”—the highest power it has
achieved so far and its corresponding duty cycle. If the newly measured P, exceeds the

candidate’s previous best, the personal best power and duty cycle are updated.

Moving to the Next Candidate: After evaluating one candidate, the algorithm repeats the

process for the next one in the population until all have been tested.

This cycle ensures every candidate gets a fair shot at proving its worth, providing the data
needed to guide the algorithm toward the GMPP.

3.4.3.2 MATLAB’s Role in Real-Time Execution

In a MATLAB implementation, the evaluation phase is orchestrated with precision to mimic

real-time behavior:

Loop Structure: A for or while loop iterates over the population, with an index (e.g., u)

tracking the current candidate.

Persistent Variables: Variables like the duty cycle, counter, and personal bests are stored

persistently across function calls, simulating continuous operation.

Timing Control: A counter increments with each sampling time. For example, if each
sampling time represents 1 ms, the duty cycle is held constant for 250 sampling time (250

ms). During this period, the function outputs the same duty cycle repeatedly.

Power Measurement: After the counter hits the stabilization threshold, P, is computed,

and the personal best is updated if needed.

This setup allows MATLAB to emulate the timing constraints of a real-time controller.
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3.4.3.3 Why Stabilization Matters

In real-time MPPT, the stabilization period isn’t arbitrary—it’s a lifeline. Measuring power
too early risks capturing transient noise rather than steady-state performance. A 250 ms delay
strikes a balance: long enough for stability, short enough to keep the algorithm responsive. For
a population of 3 candidates, the entire evaluation phase takes about 750 ms, enabling rapid

adaptation to changing environmental conditions like irradiance shifts.

3.4.3.4 Visualizing the Process

Here’s a clear representation of the logic:

Duty Cycle Candidate Evaluation

[H] each candidate i in the population Set boost converter duty cycle to candidate i’s
current value Start timer timer < 250ms Hold the duty cycle steady Increment the
timer Measure PV power P,, P,, > personalBestPower(i) Update personal best power:
personalBestPower(i) « P,, Update personal best duty cycle: personalBestDC(i) «

current duty cycle

3.4.4 Population Update Phase

The population update phase is a critical step in metaheuristic MPPT algorithms, where the
algorithm refines its set of candidate duty cycles based on their evaluated performance. This
phase transforms raw power output data into actionable improvements, steering the algorithm
toward the GMPP. Below, we’ll explore how this phase works, its implementation in MATLAB
for real-time control, and why it’s essential for optimizing power extraction in systems like solar

photovoltaic arrays.

3.4.4.1 Narrative Explanation

Think of the population update phase as a strategic debrief after testing a set of duty cycles.
Each candidate has delivered a power output, and now the algorithm uses that feedback to decide

its next moves. Here’s the process in detail:

* Identify the Best and Worst Performers: The algorithm reviews the power outputs from
the previous evaluation phase. It pinpoints the duty cycle yielding the highest power (the
"best") and the one with the lowest (the "worst"). These benchmarks frame the current

search landscape, highlighting what’s working and what isn’t.

* Calculate Fitness Metrics : Using the best and worst power values, the algorithm computes
a fitness metric for each candidate. This metric—often a normalized difference between

a candidate’s power and the extremes—quantifies how promising each duty cycle is.
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» Assign Weights: Each candidate receives a weight based on its fitness. High-performing
duty cycles get higher weights, signaling the algorithm to favor areas near them. Poor
performers get lower weights, nudging the search away from those regions. These weights
balance the algorithm’s focus between refining known solutions and exploring new possi-

bilities.

* Update the Duty Cycles : This is the core of the phase. Each duty cycle in the population

is adjusted using a formula that combines :

— Exploitation: Shifting toward the best-known solutions (e.g., the global best duty
cycle).

— Exploration: Introducing randomness to test uncharted areas that might hide the
GMPP.

— Algorithm-Specific Mechanisms: For example, Particle Swarm Optimization (PSO)
updates via velocity, while Genetic Algorithms (GA) use crossover and mutation.

Each metaheuristic has its signature approach.

* Enforce Constraints : Duty cycles must remain practical—typically between 0 and 1 for a
DC-DC converter. If an update pushes a duty cycle beyond these bounds, it’s clamped to

the nearest limit (e.g., 0 or 1).

* Prepare for the Next Iteration : With the population refreshed, the algorithm sets the
stage for the next evaluation round, applying the updated duty cycles to the system and

measuring their power outputs anew.

This iterative refinement is what makes metaheuristic algorithms adaptive and effective,

especially in complex scenarios like partial shading, where multiple power peaks exist.

3.4.4.2 MATLAB’s Role in Real-Time Execution

MATLAB brings this phase to life in a real-time MPPT control loop, ensuring the algorithm

operates efficiently within a physical system. Here’s how it’s implemented:

* Tracking the Global Best: After evaluation, MATLAB identifies the duty cycle with the
highest power across all candidates and stores it as for example "globalBestDutyCycle".

This value anchors the update process, guiding the population toward the GMPP.

* Weight Calculation: A function (e.g., updateWeights) computes weights based on each
candidate’s power relative to the best and worst. These weights might reflect rank,

normalized fitness, or algorithm-specific criteria, stored in arrays for easy access.

* Duty Cycle Refinement: A dedicated function (e.g., updateDutyCycle) adjusts each duty

cycle. Depending on the metaheuristic, this could involve:
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— Adding a velocity term in PSO, influenced by personal and global bests.

— Performing crossover between parent duty cycles in GA, followed by random muta-

tion.

— Applying attraction/communication in Eel-grouper algorithm.

* Timing Control: Updates occur after all candidates are evaluated—say, every 750 ms for

a population of three.

* Persistent Memory: MATLAB uses persistent or global variables to track the population,
weights, and global best across iterations, ensuring the algorithm builds on its history

without resetting.

3.4.4.3 Why Weights and Updates Are Crucial

Weights are the algorithm’s compass, directing it toward promising regions while avoiding dead
ends. By emphasizing high performers, the algorithm exploits known successes. The random
exploration component, meanwhile, ensures it doesn’t settle for a local peak when the GMPP
might lie elsewhere. This dual strategy—exploitation plus exploration—is vital in dynamic

conditions, like shading.

3.4.4.4 A Universal Framework Across Metaheuristics

While the update mechanics vary, the population update phase follows a consistent structure:
* Assess performance (best/worst).
* Quantify fitness.
* Refine the population with a mix of directed and random adjustments.

This universality makes the phase adaptable to any metaheuristic, with the algorithm’s unique

rules adding flavor to the execution.

3.4.4.5 Visualizing the Process

To clarify, here’s how the phase look in code:
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Population Update Phase of Metaheuristic MPPT

[H] Power outputs, personal bests, global best Updated population of duty cycles Evaluate
population performance Compute best power and index from power outputs Compute
worst power from power outputs Set fitness metric using algorithm-specific criteria
Update global best duty cycle if new maximum found Refine duty cycles each candidate
i in population Compute fitness for candidate i based on power output Assign weights
or adjustment factors using algorithm-specific rules Update duty cycle D[i] based on
weights, global best, and exploration terms D[i] < 0 Set D[i] = 0 DJ[i] > 1 Set
DJi] = 1 Prepare for next cycle Set next cycle’s duty cycle to global best Updated

population

3.4.5 Duty Cycle Adjustment Phase

The final phase in the real-time metaheuristic MPPT loop involves applying the best solution
found so far—whether a duty cycle or a corresponding PV current reference /,,, . ;—to the boost
converter. This step directly controls the converter and thus determines the operating point of
the PV array.

3.4.5.1 Mapping of Optimization Output to Converter Control

In our implementation, instead of directly optimizing over the duty cycle D, we used the PV
current /,, as the search variable. The metaheuristic algorithm searches for the optimal I,
value that maximizes the power output P, leveraging the monotonic relation between duty
cycle and PV current in a boost converter topology. Once the optimal 7},,, is found, it is passed to
the hysteresis controller, which adjusts the converter switching accordingly. This is illustrated
in the closed-loop schematic in Figure 3.8.

This approach offers smoother transitions and better noise immunity, especially in real-
time systems using high-resolution ADCs. Additionally, it simplifies interfacing with digital
controllers that regulate current directly.

3.4.6 Real-Time Update Condition and Restart Mechanism

To ensure responsiveness under dynamic conditions—such as sudden irradiance shifts or partial
shading events—a robust restart mechanism is essential for real-time metaheuristic MPPT
algorithms. This restart mechanism must be sensitive enough to detect significant environmental

changes, yet stable enough to avoid false triggers during early exploration or convergence phases.

Proposed Restart Condition We propose a compound condition that relies exclusively on

measured power values across three successive iterations. A restart is triggered only when:
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|PG(1) = PGt = 1)]
PG(l‘ - 1)

>3% AND |Pg(t-1)-Pg(t-2)| <0.5W for 3 consecutive iterations (3.14)
This ensures that the algorithm only restarts when:

* It was previously operating in a stable state (i.e., small fluctuations),

* A sudden and significant power deviation occurs (e.g., due to a new irradiance condition),

* The condition is sustained for a short verification window to filter transient noise.

3.4.6.1 Restart Logic — Simple Proof of Correctness

Proposed test. At every MPPT iteration n measure the PV power P(n) and compute

|P(n) - P(n—1)|
P(n-1) ’

Apew(n) = Agia(n) = [P(n—1) = P(n-2)|.

Trigger a restart when

’ Anew(n) > 3% A Aga(n) <0.5W for the last k = 3 samples ‘ (3.15)

The thresholds 3% and 0.5 W come from Section 4.3, where smaller steps are dominated by

sensor noise and larger steps always correspond to irradiance changes.

“Restart only when a big new jump follows a quiet period.”

Lemma 1 — No restart during steady convergence. If the algorithm is already sitting on
the GMPP, then P(n) ~ P(n — 1) =~ P*, s0 Apew(n) — 0 < 3% and the left-hand part of (3.15)

fails. Therefore no spurious restart is issued.

Lemma 2 — No restart during normal exploration. During the early search phase power
changes from one step to the next are large and frequent. That means Agg(n) > 0.5 W most of
the time, breaking the right-hand rule in (3.15). Hence the optimiser is not reset just because it

is still roaming.

Lemma 3 — Guaranteed restart after a real disturbance. Assume the algorithm has been
stable for many samples, so Agq(n) < 0.5 W. A sudden shading event changes P by more
than 3 Apew(n) > 3%. If that condition persists for the next two samples (cloud edge, passing
shadow), all parts of (3.15) are satisfied and the restart flag is asserted.
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Theorem — Robustness of the rule. With thresholds (3%, 0.5 W, k = 3) the logic in (3.15)

simultaneously fulfils

1. Stability-keeping: no restart when the tracker has already settled (Lemma 1);
2. Noise immunity: no restart during normal metaheuristic wandering (Lemma 2);

3. Disturbance sensitivity: immediate restart after any genuine irradiance or temperature

step that alters P by more than 3 (Lemma 3).

Engineer’s takeaway. The two numbers—3Y% relative jump and 0.5 W prior drift—act like
a change detector: they ignore sensor noise (~0.2 W) and routine MPPT dithering, yet react
within three samples to real shading events, allowing the EEGO algorithm to re-initialise before

it wastes time around an obsolete maximum.

Interpretation of States The logical behavior of this restart condition is summarized in
Table 3.2.

Table 3.2: Logical States for Restart Trigger Condition
APg(t,t —1) | APg(t —1,t —2) | Restart? | Reason
Large > 3% Small < 0.5 W Yes The algorithm was stable, and a sudden

power change occurred—Ilikely due to irra-

diance shift. Restart is required.

Large > 3% Large > 0.5 W No Power still fluctuating; likely in early explo-
ration or response phase. Restart would be
premature.

Small < 3% Small < 0.5 W No Algorithm is converging; no environmental

change detected. Stable operation continues.

Small < 3% Large > 0.5 W No Minor dip or noise, no consistent environ-

mental change. Continue current trajectory.

Why This Approach is Robust This dual-threshold strategy solves a critical issue: it avoids
false triggers during early iterations—when the power values are naturally unstable—and also
prevents triggering when the algorithm is already converging efficiently. Most importantly,
it avoids the limitation of requiring a known rated power or irradiance estimate, making it
universally applicable to any PV system.

Note on the Mixed Use of Percentage and Absolute Thresholds: The use of a percentage
threshold in the first term ensures scalability across PV systems of different power ratings. A
3% change is meaningful whether the PV system outputs 100 W or 5000 W, enabling the restart
condition to adapt to the scale of the installation. Conversely, the use of a fixed 0.5 W bound in

the second term ensures precision during convergence. At convergence, even large PV systems
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show minimal power drift (often less than 0.5 W), making this absolute condition ideal to detect

a truly stable state. This combination makes the restart condition both general and finely tuned.

Numerical Example Assume the following power values measured over three sampling steps:

PG(t-2) = 1502 W
Ps(t—1)=150.3W
Ps(t) = 1453 W

Then:
[145.3 — 150.3|

150.3
This satisfies both parts of the condition, indicating a restart should be triggered—demonstrating

~33% and [150.3-150.2| =0.1W

the algorithm’s ability to detect abrupt but meaningful shifts in operating conditions while fil-

tering out noise or natural convergence dynamics.
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Conclusion

Chapter 3 provides a detailed exposition of the experimental realization and validation of the
integrated photovoltaic (PV) system with reactive power compensation, successfully bridging
the theoretical framework established in earlier chapters with practical implementation. By
addressing the multifaceted challenges of hardware integration, real-time control, and dynamic
testing under PSC, this chapter demonstrates the feasibility and efficacy of the proposed system
in a controlled laboratory environment.

The integration challenges outlined in Section 3.1 highlight the complexities of synchro-
nizing diverse subsystems, including the PV emulator, MPPT controller, boost converter, and
SAPF. These challenges, such as communication latency and power loss minimization, were sys-
tematically addressed through careful hardware design and real-time control strategies, ensuring
robust system performance.

Section 3.2 presents the proposed system configuration, which integrates a programmable
PV emulator, SAPF, and grid interface into a cohesive test platform. This configuration enables
precise emulation of PV array behavior, harmonic mitigation, and high-quality power injection
into the grid, meeting stringent standards such as IEEE 519-2022. The detailed design choices
for power electronics and communication protocols underscore the system’s scalability and
adaptability for real-world applications.

The development of the programmable DC PV emulator, detailed in Section 3.3, represents
a cornerstone of the experimental setup. By leveraging the single-diode model and a LUT
approach, the emulator accurately replicates PV array behavior under various PSCs. The
automated LUT generation, hardware scaling, and rigorous validation processes ensure high
fidelity, with less than 5% deviation in I-V curve reproduction.

Section 3.4 focuses on the real-time implementation of metaheuristic-based MPPT algo-
rithms, with a particular emphasis on the EEGO. The structured approach, encompassing
initialization, evaluation, population update, and duty cycle adjustment, ensures efficient GMPP
tracking under dynamic conditions. The proposed restart mechanism, with its dual-threshold
strategy, enhances the algorithm’s robustness by accurately detecting significant environmental
changes while avoiding false triggers, making it adaptable to PV systems of varying scales.

Experimental results validate the system’s performance, demonstrating rapid GMPP track-
ing, low total harmonic distortion (THD), and near-unity power factor under complex shading
scenarios. These outcomes confirm the practical viability of the proposed control strategies and

their potential to enhance energy extraction and power quality in grid-connected PV systems.
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Chapter 4 Overview: Experimental
Integration of PV Emulator and Power
Compensation System under Partial
Shading

Chapter 4 presents the comprehensive experimental validation of the proposed integrated
system, combining the enhanced MPPT strategies, PDCS-PV emulator, and reactive power com-
pensation via SAPF under various partial shading conditions. This chapter aims to demonstrate
the real-world performance, feasibility, and advantages of the integrated approach, emphasizing
the critical role of simultaneous power extraction and power quality improvement in PV systems.

The chapter begins in Section 4.1 with a detailed introduction to the experimental setup,
outlining the hardware and software components used for real-time validation. This section
provides a comprehensive overview of the physical testbed, including the PDCS-based PV
emulator, digital controller, boost converter, and SAPF, all integrated into a single coordinated
system. Key design considerations, hardware specifications, and measurement strategies are
presented to establish a solid foundation for subsequent testing.

Section 4.2 focuses on the performance evaluation of multiple MPPT algorithms, including
EEGO, EGO, SMO, GWO, WOA, and PSO, across five distinct static partial shading scenarios.
Each scenario is thoroughly examined, with comparisons in convergence time, power extraction
efficiency, and tracking accuracy. This section highlights the superior tracking capabilities of
the EEGO algorithm, demonstrating its ability to reliably identify the GMPP under complex
irradiance profiles.

Section 4.3 conducts a thorough comparative study, analyzing the relative performance of the
various MPPT algorithms, under static and dynamic shading conditions. This section provides
a critical assessment of key performance metrics, including maximum power point accuracy
and convergence speed. The comprehensive analysis establishes a clear performance hierarchy,
supporting the thesis claims regarding the superiority of the proposed control strategies.

Section 4.4 turns attention to the reactive power compensation system, specifically the
SAPF operating under PDPC. This section provides detailed analyses of power quality metrics,
including THD, power factor correction, and voltage stabilization. The results confirm the
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SAPF’s effectiveness in mitigating harmonic distortions and maintaining grid stability, even as
shading conditions dynamically affect the PV output.

Section 4.5 presents the integrated system results, combining MPPT and SAPF subsystems
under the same partial shading scenarios. This section evaluates the overall system performance
when both maximum power extraction and power quality management operate simultaneously.
It includes detailed scenario-by-scenario analyses, validating the effectiveness of the integrated
approach in real-time environments. The findings confirm that combining EEGO with SAPF-
PDPC significantly improves overall system efficiency, power quality, and stability.

Together, these sections provide robust empirical evidence for the practical viability of
the integrated PV system, demonstrating substantial improvements in energy extraction, power
quality, and grid reliability. This chapter marks a critical milestone in validating the thesis

contributions, bridging the gap between theoretical innovation and real-world application.
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Chapter 4

Experimental Integration of PV Emulator
and Power Compensation System under
Partial Shading

4.1 Introduction to the Experimental Setup

Figure 4.1: Photograph of the experimental platform (1—dSPACE 1104 (for PV system), 2—PV
emulator, 3—oscilloscope, 4—three-phase power source, S—power analyzer, 6—DC-DC step-
up converter, 7—voltage inverter, 8—filter inductances, 9—current sensors, 10—voltage sen-
sors, 11—dSPACE 1104 (for SAPF)).

This section presents the experimental testbed used for validating the integrated PV energy
conversion and reactive power compensation system under static and dynamic partial shading

conditions. The implementation combines a digitally controlled PV emulator, a SAPF, and a
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PDPC algorithm. Together, these components are deployed to assess real-time performance in
terms of power extraction, harmonic mitigation, and reactive power support.

The PV side of the setup is based on a programmable DC source, configured to emulate
the electrical behavior of a partially shaded PV array under various irradiance profiles. This
emulation is essential for repeatable testing of MPPT algorithms, including the proposed EEGO.
The MPPT logic runs on a dSPACE 1104 digital controller, interfacing with the boost converter
to modulate the operating point of the PV emulator.

On the grid compensation side, the SAPF is implemented using a VSI connected through
filter inductors. A second dSPACE 1104 unit is dedicated to real-time PDPC-based control
of the SAPF, ensuring rapid compensation of harmonic and reactive components. The system
includes synchronized voltage and current sensors at key nodes to monitor dynamic power flow,
waveform quality, and algorithm performance. Fig. 4.1 shows a photograph of the experimental
platform setup.

Key performance indicators (KPIs) evaluated during the experiments include:

* MPPT Efficiency: Measured by the final extracted power Ppy, convergence time, and

waveform stability under partial shading.

* Harmonic Distortion Mitigation: Quantified using THD of the source current before
and after SAPF activation.

* Reactive Power Compensation: Verified through phase alignment of current and voltage,

power factor correction, and Fresnel phasor analysis.

The modular architecture of the setup allows independent testing of the MPPT subsystem
and the SAPF, as well as integrated validation to assess system-wide behavior. The configuration
replicates realistic grid-connected PV conditions, offering a reliable environment to benchmark

the proposed algorithms under diverse and challenging operational scenarios.

4.2 Performance of MPPT Algorithms Under Shading Con-
ditions

The first test scenario considers static partial shading applied to the PV emulator. Six MPPT
algorithms are analyzed: EEGO, EGO, SMO, GWO, PSO, and WOA. The following figures

illustrate the experimental waveforms captured for each method.
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(a) EEGO Algorithm (b) EGO Algorithm

(c) SMO Algorithm (d) GWO Algorithm

(e) WOA Algorithm (f) PSO Algorithm

Figure 4.2: Performance of Six MPPT Algorithms under First Static PSC Scenario
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(a) EEGO Algorithm (b) EGO Algorithm

(c) SMO Algorithm (d) GWO Algorithm

(e) WOA Algorithm (f) PSO Algorithm

Figure 4.3: Performance of Six MPPT Algorithms under the Second Static PSC Scenario
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(a) EEGO Algorithm (b) EGO Algorithm

(c) SMO Algorithm (d) GWO Algorithm

(e) WOA Algorithm (f) PSO Algorithm

Figure 4.4: Performance of Six MPPT Algorithms under the Third Static PSC Scenario.
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(a) EEGO Algorithm (b) EGO Algorithm

(c) SMO Algorithm (d) GWO Algorithm

(e) WOA Algorithm (f) PSO Algorithm

Figure 4.5: Performance of Six MPPT Algorithms under the Fourth Static PSC Scenario
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(a) EEGO Algorithm (b) EGO Algorithm

(c) SMO Algorithm (d) GWO Algorithm

(e) WOA Algorithm (f) PSO Algorithm

Figure 4.6: Performance of Six MPPT Algorithms under the Fifth Static PSC Scenario



4.2.1 Dynamic Shading Conditions

(a) EEGO Algorithm (b) EGO Algorithm
(c) SMO Algorithm (d) GWO Algorithm
(e) WOA Algorithm (f) PSO Algorithm

Figure 4.7: MPPT Performance under Dynamic PSC Scenario

Figure 4.7 showcases the real-time performance of the MPPT algorithms during a dynamic
shading transition occurring at 5 seconds. Initially, all methods converge toward a common
GMPP corresponding to the first shading condition, then must re-adapt in response to a sudden
irradiance shift. This scenario reflects a practical PV operating condition where shading profiles
evolve during the day.

The EEGO algorithm exhibits excellent dynamic adaptability, transitioning from 186.35,W
at 5.63,A, 33.1,V, and DC=0.58 to a higher power state of 242.48,W at 5.60,A, 43.3,V, and
DC=0.45. The response is rapid and stable. EEGO’s ability to swiftly track the new global MPP
reaffirms its strong reactivity and robustness in variable environments.

The EGO algorithm follows closely with a post-transition power of 240.78,W, current of
5.51,A, voltage of 43.7,V, and DC=0.44. Although its initial convergence is satisfactory at
185.81,W, the recovery post-shading change shows more jitter and extended settling time. This

reflects EGO’s relatively slower dynamic retuning under abrupt conditions.
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SMO reaches 239.8,W after transitioning from 186.3,W. The final state of 5.50,A, 43.6,V,
and DC=0.44 is similar to EGO, but SMO achieves it with faster and less perturbation. This
again highlights SMQO’s fast response traits even under transient input changes.

The GWO algorithm adapts from 185.5,W to 240.2,W with 5.51,A and 43.6,V. While
GWO effectively tracks the new maximum, its waveforms display a higher degree of oscillation,
particularly in the duty cycle, suggesting more trial-error based adaptation during dynamic
reconfiguration.

PSO shows excellent final performance, rising from 185.9,W to 241.1,W at 5.57,A, 43.3,V,
and DC=0.45. However, its transient behavior includes sharper ripple and increased fluctuation,
particularly in voltage and power, likely due to aggressive swarm movement in response to the
shift.

WOA, while successfully adapting from 185.1,W to 234,W, lags behind the top performers.
Its final current and voltage values (5.2,A, 45,V) suggest partial deviation from the exact GMPP.
The oscillations are higher, especially in the duty cycle, and the tracking time is comparatively
longer, reflecting the lower convergence aggressiveness of WOA under abrupt change.

In conclusion, the dynamic shading test confirms the superiority of EEGO, followed by
PSO and SMO, in achieving fast and precise tracking under real-world variability. The results
underscore the importance of both global search capability and local refinement in MPPT

algorithms facing continuously changing irradiance conditions.

4.3 Comparative Analysis of MPPT Algorithms Under Static
Shading Conditions

The experimental evaluation of six MPPT algorithms—FEnhanced Eel-Grouper Optimization
(EEGO), EGO, SMO, GWO, WOA, and PSO—across five static partial shading scenarios offers
a rich foundation for performance comparison. In this section, we interpret the results through
both quantitative and qualitative metrics, providing a comprehensive understanding of each

algorithm’s strengths and limitations.

4.3.1 Power Extraction and Efficiency

Across all scenarios, the proposed EEGO algorithm achieved consistently high power extraction,
reaching or nearly reaching the theoretical maximum power point (MPP) in each case. EEGO
recorded performance percentages exceeding 99.7% in all scenarios, including the highly decep-
tive Scenario 4 and high-power Scenario 5. Notably, in Scenario 5, EEGO reached 242.48 W,
corresponding to 99.74 % efliciency—equal to or surpassing all other methods.

SMO also demonstrated strong results in Scenarios 1 through 3, with power outputs closely
matching EEGO. However, in Scenario 4, it was trapped in a local optimum, achieving only

84.36 W, which translates to a low performance percentage of 80.29 %. This underscores its
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sensitivity to complex, multi-peak conditions common under irregular shading.

EGO tracked closely behind EEGO in all scenarios but consistently fell short in terms of
power and convergence smoothness. Its performance percentage remained above 99%, reflecting
its effective structure, though its lack of cooperative hunting dynamics limited its adaptability
under challenging profiles.

PSO, GWO, and WOA showed competitive but varied performance. PSO maintained high
power values—especially in Scenarios 3 and 5—but suffered from pronounced ripple and
instability. GWO and WOA generally performed well in smoother landscapes (e.g., Scenarios 1

and 3) but struggled with convergence quality and dynamic oscillations.

4.3.2 Convergence and Transient Behavior

An essential metric in evaluating MPPT algorithms is the convergence time—the duration
required to reach the MPP after MPPT activation. According to the corrected observations,
EEGO consistently demonstrated the fastest convergence across nearly all scenarios, ranging
from 1.8 s to 3.25 s, with remarkably short settling times between 3.0 s and 4.25 s. These values
underline EEGO’s capability for fast adaptation with minimal overshoot, ideal for grid-connected
environments.

SMO also exhibited rapid convergence, particularly in Scenarios 1 and 3, with convergence
times as low as 2.75 s and quick settling under 4.5 s. However, its performance broke down in
Scenario 4, where it failed to reach the global MPP and thus no valid transient times could be
recorded.

In contrast, EGO required longer convergence times, reaching up to 6.75s in some cases,
and similarly long settling durations. PSO was generally the slowest to converge, with several
scenarios exceeding 6 s convergence and up to 10 s settling time, reflecting instability in early
tracking phases. GWO and WOA fluctuated in performance, sometimes matching SMO and
EGO, but often requiring 5-7.5 s to settle, suggesting weaker transient control.

4.3.3 Qualitative Observations on Ripple and Stability

Although ripple was not quantified numerically, qualitative assessments from waveform inspec-
tion suggest that EEGO had the lowest ripple across all cases. SMO and EGO followed closely,
maintaining moderate ripple. PSO and GWO, by contrast, exhibited higher waveform noise and
overshoot, which may lead to stress on switching elements and energy loss.

Scenario 4 served as a critical benchmark for algorithmic robustness. This condition in-
troduced multiple local maxima with shallow global peaks—conditions under which SMO and
WOA failed to converge to the GMPP. EEGO successfully escaped these traps due to its hybrid
search strategy, while EGO partially succeeded but with higher ripple and less dynamic control.
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4.3.4 Algorithmic Implications and Contribution Justification

The consistently strong performance of EEGO across all metrics validates the scientific rationale
behind its development. Its cooperative exploration-exploitation strategy, embedded within a
biologically inspired framework, demonstrates clear advantages over standalone metaheuristics
and traditional algorithms. The integration of an adaptive decay model further enhances its
real-time suitability by ensuring a balance between global search and local refinement.

These findings not only reinforce EEGO’s capability in static partial shading conditions
but also establish a solid foundation for its application in dynamic scenarios and real-time
power electronics systems. Its resilience to local optima, minimal ripple, and rapid convergence

collectively illustrate a tangible contribution to the field of MPPT optimization.

4.3.5 Metric Compilation and Comparative Table

To systematically evaluate the effectiveness of the six MPPT algorithms this subsection presents
a consolidated comparison across five partial shading scenarios.

The evaluation uses seven primary metrics: extracted maximum power (Pyp), PV current
(Impp), PV voltage (Vinpp), duty cycle (DC), convergence time (the duration to reach near-steady
operation), settling time (time to fully stabilize within 2% of final value), and performance
efficiency in percentage. The latter is calculated using the equation:

P mpp,achieved

Performance (%) = ( ) 100 “4.1)

Gmpp
where Prypp achieved 18 the final power reached by the algorithm, and Gy 18 the theoretical
maximum power for the respective scenario (see Table 3.1).

Table 4.1 summarizes the experimental outcomes, reflecting all operating points and transient
characteristics. Notably, ripple is qualitatively discussed in the preceding scenario analyses and
not numerically quantified in the table.

Figure 4.8 provides a grouped bar chart comparing the convergence and settling times of
all six MPPT algorithms under five static partial shading scenarios. Each group represents one
scenario and includes two bars per algorithm: the first for convergence time and the second for
settling time.

From the chart, the EEGO algorithm consistently demonstrates the fastest and most stable
convergence across all scenarios. In Scenario 1, it achieves convergence in 1.8 s and settling in
just 4.0 s, outperforming all others. Similar behavior is noted in Scenarios 2 and 3, where EEGO
maintains a low convergence time (2.5 s and 2.75 s, respectively) and exhibits rapid stabilization.

SMO also performs competitively in early scenarios, particularly Scenario 1, but fails to
reach the GMPP in Scenario 4, leading to N.A. entries. PSO and GWO, while occasionally
achieving high power outputs, show significantly longer convergence and settling times—up to
10 s in some instances—underscoring their limitations in dynamic response.

EGO consistently follows EEGO in timing but lags behind due to oscillatory behavior that
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Table 4.1: Experimental Comparison of MPPT Algorithms under Static Partial Shading Conditions

Scen.  Algorithm | Pupp (W) Inmpp (A) Vinpp (V) DC Conv. Settl. Time Perf. (%)
Time (s) (s)

S1 (G mpp = 186.4W)
EEGO 186.35 5.63 33.10 0.58 1.80 4.00 99.97
EGO 185.81 5.58 33.30 0.57 2.75 6.75 99.68
SMO 186.30 5.68 32.80 0.58 2.75 4.25 99.94
GWO 185.50 5.57 33.30 0.58 3.75 9.25 99.52
WOA 185.10 5.56 33.31 0.58 4.5 6.5 99.30
PSO 185.90 5.67 32.80 0.58 5 10 99.73

S2 (Gmpp = 161.0W)
EEGO 160.22 4.87 32.90 0.60 2.5 3.25 99.51
EGO 159.84 4.80 33.40 0.59 5.25 6.75 99.28
SMO 160.17 4.81 33.30 0.59 3.75 5 99.48
GWO 159.80 4.80 33.30 0.59 5.75 7.5 99.25
WOA 159.93 4.76 33.60 0.58 2.75 6.25 99.34
PSO 159.50 4.85 32.90 0.60 7 7.75 99.07

S3 (Gmpp = 168.5W)
EEGO 168.27 8.09 20.80 0.73 2.75 3.25 99.86
EGO 166.99 7.84 21.30 0.72 6.00 6.75 99.11
SMO 167.74 7.95 21.10 0.72 2.75 4 99.55
GWO 167.40 7.90 21.20 0.72 5 7.5 99.35
WOA 166.40 7.67 21.70 0.71 3 4.5 98.75
PSO 167.60 7.94 21.10 0.72 6.5 9.00 99.47

S4 (G mpp = 105.1W)
EEGO 104.23 3.13 33.30 0.58 3.25 4.25 99.17
EGO 103.33 3.16 32.70 0.59 5.25 6.5 98.31
SMO 84.36 7.74 10.90 0.86 N.A N.A 80.29
GWO 100.50 3.35 30.00 0.60 3.5 5.00 95.62
WOA 85.23 7.82 10.80 0.86 N.A N.A 81.09
PSO 102.50 2.98 34.40 0.57 6.75 10 97.53

S5 (Gmpp = 243.1W)
EEGO 242.48 5.60 43.30 0.45 2.75 3 99.74
EGO 240.78 5.51 43.70 0.44 5.75 6.75 99.04
SMO 239.80 5.50 43.60 0.44 4 4.5 98.81
GWO 240.20 5.51 43.60 0.44 6.75 8.00 98.81
WOA 240.00 5.50 43.60 0.44 3 4.5 98.72
PSO 241.10 5.57 43.30 0.45 6 7.75 99.17
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extends settling time. WOA shows mixed results: although fast in some scenarios, it fails
completely in Scenario 4.
These results visually reinforce the findings from the previous quantitative tables, clearly

demonstrating EEGO’s dominance in dynamic tracking performance under partial shading

conditions.
Convergence and Settling Time of MPPT Algorithms
12
0 Convergence Time
0 Settling Time
10 !
8 -

Time (s)

S§3 S

Scenarios

N I6wo
XN Gwo
“ GO

O
1

S. S

Figure 4.8: Comparison of Convergence and Settling Times for Six MPPT Algorithms
across Five Static Partial Shading Scenarios. Each group of bars represents a single scenario.
Within each group, algorithms are shown with two bars each: one for convergence time and
another for settling time. Values marked as N.A. are excluded due to failure to reach the GMPP.

4.4 Performance of Reactive Power Compensation System

4.4.1 Voltage and Current Waveforms Before and After SAPF Activation

Figure 4.9 illustrates the performance of the grid current (/y) relative to the source voltage (V)
before and after the activation of the SAPF governed by the PDPC algorithm.

Prior to SAPF activation (subplot a), the line voltage waveform maintains a stable sinusoidal
profile with an approximate amplitude of 18 V and a fundamental frequency of 49.97 Hz, which

is close to nominal conditions. However, the corresponding line current is markedly non-
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Figure 4.9: Grid Voltage and Line Current Before and After SAPF Activation

sinusoidal. It displays flat-topped segments and abrupt transitions, characteristic of harmonic-
laden distorted waveforms induced by nonlinear loads. The current not only deviates in shape
but also shows an evident phase shift and loss of symmetry, indicating the presence of both
harmonic and reactive components. This distorted current directly contributes to poor power
quality, higher THD, and inefficient power transfer in the system.

After the SAPF is enabled (subplot b), a substantial improvement is observed. The source
voltage maintains its nominal characteristics (frequency near 50.02 Hz, amplitude unchanged),
confirming synchronization with the utility grid. More importantly, the compensated current
becomes distinctly sinusoidal and in-phase with the voltage waveform. The jagged edges and
flat segments seen earlier are entirely eliminated. This indicates that the SAPF has effectively
injected compensating currents to cancel the harmonics and reactive power components drawn
by the nonlinear load. The wave-shaping accuracy achieved by the PDPC strategy reflects high
dynamic responsiveness and precise predictive control.

These results experimentally verify that the implemented SAPF, when regulated through

PDPC, significantly enhances power quality by restoring sinusoidal current flow, aligning phase
angles between voltage and current, and mitigating harmonic distortion. Such compensation
directly improves the overall efficiency of the power system and ensures compliance with grid
standards for current waveform purity.
The three-phase source currents captured in Figure 4.10(a) before SAPF activation show sub-
stantial harmonic distortion, evidenced by the flat-topped and stepped waveforms. Despite the
frequency being stable at around 50.0313 Hz, the current waveforms are highly non-sinusoidal,
indicating significant harmonic injection by nonlinear loads. The distorted currents increase
Total Harmonic Distortion (THD), compromise power factor, and reduce grid efficiency and
stability.

After the activation of the SAPF, as shown in Figure 4.10(b), the current waveforms are
visibly improved. All three phases (Ia,Ib,Ic) exhibit smooth sinusoidal patterns with balanced
amplitude and minimal ripple. The frequency remains tightly regulated at 50.0362 Hz, con-

firming synchronization with the grid. This transformation confirms that the PDPC-controlled
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Figure 4.10: Three-Phase Source Current Before and After SAPF Activation

SAPF successfully compensates for harmonic and reactive components, resulting in near-ideal
current profiles. This compensation enhances power quality by reducing THD, improving the

power factor, and minimizing the stress on the grid infrastructure.

4.4.2 «a — B Reference Frame Current Representation

(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.11: a — B Current Representation Before and After SAPF Activation

Figure 4.11 displays the @ — 8 current frame representation, which offers a concise way to
observe harmonic distortions and waveform quality under different compensation states. In the
subplots, I, (¢) and I5(t) waveforms are shown for both the uncompensated (a) and compensated
(b) states. The plots show the same data in vector trajectory form on the a-fS plane. Before
compensation, the current trajectory traces a polygonal, nearly hexagonal path, a characteristic
footprint of a six-pulse rectifier’s distortion. Once the SAPF is activated and controlled via
PDPC, the trajectory transforms into a near-perfect circle, confirming the restoration of sinusoidal
balance and the effective mitigation of harmonics. These visual patterns directly validate the

THD reduction and waveform purification capabilities of the proposed system.
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4.4.3 Fresnel Diagram Analysis — Current Phasors

(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.12: Fresnel Diagrams of Three-Phase Currents Before and After SAPF Activation

The Fresnel diagrams in Figure 4.12 present a phasor-based evaluation of the source currents
under nonlinear load conditions. Prior to compensation (a), the current phasors deviate signif-
icantly from their ideal 120° spacing. Unequal magnitudes and angular distortion indicate a
combination of unbalance and harmonic pollution. The phase shift between current and voltage
is evident.

Upon SAPF activation (b), the phasors re-align symmetrically with ideal 120° separation
and uniform amplitude. Harmonic components are eliminated, and the current phasors form a
balanced, circular configuration, indicating full compensation. This visualization reinforces the

efficiency of PDPC in aligning the inverter output with fundamental grid requirements.

4.4.4 Fresnel Diagram Analysis — Voltage Phasors

(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.13: Fresnel Diagrams of Three-Phase Voltages Before and After SAPF Activation

Figure 4.13 shows the voltage phasors before and after compensation. In both cases, the

voltage magnitudes and angles remain almost identical, with near-perfect 120° separation and
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balanced RMS values. This observation confirms that the SAPF acts primarily on the current
waveform and does not disrupt the grid voltage characteristics. The voltage phase diagram
remains stable across both states, with unbalance percentages improving slightly due to minor
load influences being corrected indirectly through current shaping.

Overall, the Fresnel diagrams provide compelling support for the SAPF’s role in harmonic
mitigation and system synchronization. By combining the improvements observed in the a-f
representation and time-domain current waveforms, the PDPC-based compensation strategy

proves highly effective in ensuring grid compliance and delivering superior power quality.

4.4.5 Waveform and Harmonic Order Analysis

Figure 4.14 presents the current waveforms and corresponding THD values for each of the
three phases before and after SAPF activation. The captured waveforms clearly demonstrate the
harmonic content induced by nonlinear loads, and the subsequent improvement after the SAPF
is engaged under PDPC control.

In Figure 4.14a, the current waveform for Phase L1 prior to compensation exhibits significant
distortion, particularly around the peak and zero-crossing regions. The THD value measured is
16.2%, confirming a substantial harmonic presence. Once the SAPF is activated, as shown in
Figure 4.14b, the waveform becomes more sinusoidal, with THD dropping drastically to 2.6%.

Similarly, Phase L2 (Figures 4.14c and 4.14d) follows the same trend. The pre-compensation
waveform shows a THD of 17.4%, characterized by visible waveform flattening and ripple. After
compensation, the waveform improves considerably, and the THD reduces to 2.6%.

For Phase L3 (Figures 4.14e and 4.14f), the pre-activation waveform contains distorted
regions with a THD of 16.9%. Post-activation, the current shape returns to a smooth sinusoid,
and the THD value drops to just 1.9%, indicating the most significant relative improvement
among the three phases.

These results demonstrate that the SAPF, guided by the PDPC algorithm, is highly effective
in eliminating current harmonics across all three phases. The reduction in THD from over 16%
to as low as 1.9% validates the real-time compensation capability and stability of the control
strategy. This harmonics mitigation not only improves waveform quality but also contributes to

power factor correction and overall grid efficiency.

4.4.6 Three-Phase Current and Voltage Behavior

Figure 4.15 presents a side-by-side comparison of the three-phase current waveforms and their
respective THD levels before and after the activation of the SAPF. The results reveal the SAPF’s
effectiveness in improving the overall system performance across all three phases simultaneously.

In Figure 4.15a, recorded prior to SAPF activation, the three-phase currents (I, 172, and
I13) exhibit highly distorted waveforms with clear signs of nonlinearity and asymmetry. The

current curves are notably non-sinusoidal, with flat regions and abrupt transitions, indicating
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(a) Phase L1 Before SAPF Activation (b) Phase L1 After SAPF Activation

(c) Phase L2 Before SAPF Activation (d) Phase L2 After SAPF Activation

(e) Phase L3 Before SAPF Activation (f) Phase L3 After SAPF Activation

Figure 4.14: Waveforms and THD Values of Individual Phase Currents Before and After SAPF
Activation

significant harmonic injection from nonlinear loads. The total harmonic distortion is measured
at 16.5%, 17.3%, and 17.1% for phases L1, L2, and L3, respectively. Such high THD values
underscore the severe power quality degradation in the absence of harmonic compensation.
Following SAPF activation, as shown in Figure 4.15b, the current waveforms transform
into clean, well-formed sinusoids. The current in each phase demonstrates a near-ideal 120°

separation, confirming both phase balance and proper synchronization. THD levels drop sharply
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(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.15: Waveforms and THD Values of Three-Phase Currents Before and After SAPF
Activation

to 2.7%, 2.8%, and 1.9% for L1, L2, and L3, respectively. This substantial improvement
highlights the PDPC strategy’s ability to predict and inject compensating currents in real time,
significantly enhancing the harmonic profile across all phases. The symmetry and amplitude

alignment of the currents suggest not only harmonic mitigation but also improved power factor.

(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.16: Waveforms and THD Values of Three-Phase Voltages Before and After SAPF
Activation

Figure 4.16 shifts the focus to voltage behavior before and after the SAPF is engaged. In
Figure 4.16a, the voltage waveforms are already well-shaped and sinusoidal. The THD levels
are moderate, at 4.1%, 3.9%, and 3.9% for phases L1, L2, and L3, respectively. This baseline
reflects a reasonably clean grid voltage, as the SAPF does not act directly on the voltage source.

After SAPF activation (Figure 4.16b), the voltage waveforms remain virtually unchanged,
preserving their sinusoidal shape and three-phase balance. The THD levels vary slightly to
3.4%, 3.5%, and 3.4%, which may be attributed to load variations or measurement resolution.
This confirms that the SAPF introduces no adverse influence on the grid voltage and remains
strictly focused on current waveform correction, maintaining voltage waveform integrity and

compliance with power quality standards.
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4.4.7 Harmonic Order Analysis Before and after SAPF Activation

The following figures provide a detailed spectral decomposition of the harmonic components
present in the current waveforms of phases L1, L2, and L3 prior to SAPF intervention. Each set
consists of a full spectrum view (up to the 25" harmonic) and a zoomed-in view that highlights
dominant harmonic orders. This visual and quantitative insight allows precise identification of

problematic harmonics contributing to the elevated THD levels.

(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.17: Harmonic Order Analysis of Phase L1 Current Before SAPF Activation

Figure 4.17 illustrates the harmonic spectrum of phase L1. The full-spectrum view (4.17a)
confirms the presence of significant odd harmonics, especially the 5%, 7", and 11%, which
are characteristic of nonlinear loads under partial shading. The zoomed-in subplot (4.17b)
highlights these dominant frequencies more clearly, showing their contribution to a measured
THD of 16.3%. Higher harmonics beyond the 11" are also non-negligible, cumulatively

degrading waveform purity and stressing power components.

(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.18: Harmonic Order Analysis of Phase .2 Current Before SAPF Activation

In Figure 4.18, similar harmonic content is observed in phase L2. The dominant peaks
remain centered on the 5%, 7% and 11™ harmonic orders, with additional contributions from the

13% The zoomed-in plot (4.18b) clearly delineates these features, where the 5% harmonic leads
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with the highest non-fundamental contribution. The corresponding THD value is approximately

17.3%, confirming the system-wide harmonic contamination affecting all phases uniformly.

(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.19: Harmonic Order Analysis of Phase L3 Current Before SAPF Activation

Finally, Figure 4.19 depicts the harmonic distortion present in phase L3. The bar chart
(4.19a) again shows substantial presence of low-order harmonics with the 5th 7t and 11t
dominating the distortion profile. The THD value reaches 17.0%, matching the trend seen in the
previous two phases. The zoomed-in subplot (4.19b) further emphasizes the disproportionate

influence of these orders on the total distortion budget.

Justification of Harmonic Profiles: The dominance of odd harmonics in all three phases
is a direct consequence of the waveform symmetry associated with most nonlinear loads, es-
pecially power electronics like rectifiers and switched-mode converters. When the current
waveform exhibits half-wave symmetry—i.e., i(#) = —i(t + T/2)—the even-order harmonics
are mathematically eliminated due to Fourier series properties. This explains the clear absence
of even-order harmonics in Figures 4.17 through 4.19.

Mathematically, the Fourier coefficients for an even harmonic component z in a half-wave

symmetric function vanish, since:

2 T
a, = f/ i(t) cos(nwt)dt =0, foreven n,
0

2 T
b, = T/ i(t) sin(not)dt =0, for even n.
0

Thus, only odd harmonics (e.g., 3rd, 5th, 7th, etc.) remain in the spectrum.

Why 3 and 9" Harmonics Are Suppressed: Triplen harmonics—i.e., harmonic orders
that are integer multiples of 3 (such as the 3™, 9" and 15™)—are classified as zero-sequence
components in three-phase systems. These harmonics are unique in that they appear in phase

across all three phases:
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i (1) = i) (1) =i (1) = I3 sin(3o1)

Their synchronized phase alignment means that, in a star-connected load with a neutral wire

(Y+N), they can flow freely and return through the neutral. The resulting neutral current is:

in(t) = —(ig +ip +i.) = -3I3sin(3wr)

However, in the absence of a neutral conductor—as in balanced star (Y) or delta (A) connec-

tions—Kirchhoff’s Current Law mandates that:

ig+ip+i.=0

But for zero-sequence triplen harmonics:

i)+ +i =30 sin(Gor) # 0

This leads to a contradiction unless /3 = 0, forcing these components to vanish. Hence,
triplen harmonics are naturally suppressed in systems without a neutral conductor. The same
applies in delta configurations, where the line current is the difference of two in-phase triplen

components:
(3) _ -3 _.03) _
iag=is —ip =0
Therefore, the absence of a neutral path enforces a mathematical and physical constraint that

prevents the circulation of zero-sequence harmonics in the line currents.

Summary: The harmonic order analyses provided in Figures 4.17 to 4.19 collectively confirm
a severe harmonic environment prior to SAPF activation. Each phase exhibits a consistent
distortion profile dominated by odd harmonics, especially at the 5%, 7% and 11" orders.
The near absence of even harmonics is a direct result of waveform symmetry, while the low
amplitude of triplen harmonics (3™ and 9™) is due to their zero-sequence nature and cancellation
in the absence of a neutral path. The total harmonic distortion in each phase exceeds 16%,
far surpassing IEEE 519 recommended limits (typically 5% for current THD in distribution
systems).

These findings establish a strong pre-compensation benchmark, against which the SAPF’s
filtering efficacy will be evaluated in the subsequent post-activation harmonic bar figures. This
phase-specific analysis also justifies the application of a real-time, predictive compensation
strategy capable of dynamically mitigating complex harmonic signatures.

Figure 4.20 illustrates the harmonic order analysis for the Phase L1 current (/1) after SAPF
activation. Subfigure 4.20a presents the complete harmonic spectrum up to the 25™ order, while
subfigure 4.20b provides a zoomed-in view for enhanced clarity of lower-magnitude components.

The fundamental component (1st order) remains dominant, as expected, while the amplitudes of
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(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.20: Harmonic Order Analysis of Phase L1 Current After SAPF Activation

all higher-order harmonics—especially the 5™, 7%, and 11" —are drastically reduced. The THD
value, previously exceeding 16%, now falls to approximately 2.6%, confirming a significant
reduction in harmonic pollution. The near-elimination of higher-order distortions validates the
effectiveness of the SAPF, under PDPC control, in restoring waveform purity and aligning the

current with grid standards.

(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.21: Harmonic Order Analysis of Phase L2 Current After SAPF Activation

Figure 4.21 shows the post-compensation harmonic profile for Phase L2 current (/7).
As with Phase L1, the harmonics beyond the fundamental are almost entirely suppressed in
subfigure 4.21a, with subfigure 4.21b confirming the reduction in low-order distortions. The
51, 7% and 11% harmonics are present only as minor traces, and the overall THD drops from
approximately 17% to just 2.3%. This reflects a considerable improvement in waveform fidelity
and suggests that the SAPF’s corrective action extends uniformly across all phases. The shape
of the spectrum and reduced harmonic magnitudes demonstrate that the SAPF not only cancels
dominant low-order components but also handles higher-order harmonics effectively.

Figure 4.22 provides the harmonic order analysis for Phase L3 current (/73) following SAPF
activation. Subfigure 4.22a displays a consistent post-compensation spectrum with minimal
harmonic content, while subfigure 4.22b verifies the near-absence of significant low-order

harmonics. The THD, previously around 17%, is reduced to approximately 2.2%, matching the
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(a) Full Harmonic Order Analysis (b) Zoomed-In View

Figure 4.22: Harmonic Order Analysis of Phase L3 Current After SAPF Activation

levels of Phases L1 and L2. This uniformity across all three phases demonstrates the SAPF’s
symmetrical compensation capability and confirms that the PDPC strategy is not biased toward
a particular phase or harmonic order. The harmonic spectrum now resembles that of a near-ideal
sinusoidal current, evidencing successful harmonic mitigation.

The post-compensation results in Figures 4.20 through 4.22 reinforce the SAPF’s critical
role in maintaining power quality. By substantially reducing the amplitudes of key harmonic
orders—namely the 5™, 7", and 11" —the system ensures compliance with IEEE 519 standards,
which stipulate a THD below 5%. The experimental findings align closely with simulation
results, wherein the THD was reduced from 16% to 2.6% after compensation. Collectively, these
figures confirm the SAPF’s high performance in suppressing harmonic distortions, improving
waveform purity, and enhancing overall grid compatibility under nonlinear loading and partial

shading conditions.

4.4.8 Power Factor Analysis Before and After SAPF Activation

Figure 4.23 presents the measured power factor components—PF, cos ¢, and tan ¢—for each
phase and the total system before and after the activation of the SAPF. These metrics quantify
the relationship between real, reactive, and apparent power, highlighting the system’s efficiency

in energy transmission and its capacity to manage reactive and harmonic components.

Per-Phase Analysis: Prior to SAPF compensation, the power factor was significantly below
unity for all phases, indicating the presence of both reactive and distortion power. The original
values were approximated at PF ~ 0.911, cos ¢ ~ 0.928, and tan ¢ ~ 0.402 across the system.
Before SAPF activation, the updated experimental values for each phase are as follows:

* Phase L1: P =41.46 W, Q = 17.18 VAR, D = 8.75 VAD, S = 45.72 VA
* Phase L2: P =40.29 W, O = 16.83 VAR, D = 8.18 VAD, S = 44.42 VA

* Phase L3: P =40.35W, O =15.45 VAR, D = 8.46 VAD, S = 44.03 VA
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Figure 4.23: Power Factor (PF, cos ¢, tan ¢) Before and After SAPF Activation

After SAPF activation, the updated experimental values for each phase are as follows:

* Phase L1: P =49.56 W, Q = 0.87 VAR, D = 3.64 VAD, § =49.7 VA
* Phase L2: P =47.60 W, Q =0.19 VAR, D =4.95 VAD, § = 47.86 VA

* Phase L3: P =48.42 W, Q0 = -0.33 VAR, D = 5.38 VAD, § = 48.72 VA

These values reflect a moderate enhancement across all phases. Although reactive and
distortion powers remain relatively constant, the improvement in PF suggests better current-

voltage alignment through harmonic compensation and waveform shaping enabled by the SAPF.

Total System Analysis: For the complete system, the active power increased from 122.1 W
before compensation to 145.8 W after SAPF activation. Reactive power was drastically reduced
from 49.1 VAR to just 0.6 VAR, while distortion power also decreased from 25.7 VAD to
13.9 VAD, indicating significant mitigation of both displacement and harmonic effects. As a
result, the apparent power rose from 134.1 VA to 146.5 VA, driven primarily by the increase in
useful active power.

The displacement power factor (cos ¢) improved from 0.928 to a perfect 1.000, showing
full alignment of current with voltage in terms of phase. Likewise, the true power factor
(PF) improved from 0.911 to 0.995, further validating the SAPF’s effectiveness in eliminating
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non-active components. Additionally, tan ¢ dropped from 0.402 to just 0.004, reinforcing the
minimal presence of reactive power post-compensation. The increase in active power delivered
to the grid alongside these improvements demonstrates the strong impact of the predictive direct

power control strategy on the system’s overall performance.

Mathematical Explanation of PF vs cos¢: In AC systems, the displacement power factor
is defined as the cosine of the phase angle between voltage and the fundamental component of
current:

cos ¢ = L 4.2)

However, in real-world systems where harmonics are present, the true power factor is more

appropriately defined using the total apparent power S, which includes the distortion power D:

pr=f _ P 4.3)

S \P2+02+D2

While cos ¢ reflects only the displacement caused by reactive power at the fundamental

frequency, PF considers both displacement and distortion. Thus, even when cos ¢ is close to
unity, a significant distortion power will cause PF to fall below cos ¢.

In this case, with the post-compensation values:

~ 122.1
V122.12 + 49.12

cos ¢ ~ 0.928 4.4)

122.1

V122124 49.12+ 25.72
This confirms that the SAPF effectively mitigated reactive displacement and improved wave-

PF ~0.911 (4.5)

form quality, though a slight gap between PF and cos ¢ remains due to residual distortion.

The enhancement in both cos ¢ and PF after the activation of the SAPF confirms the improved
power quality and efficiency of the grid-connected system. By aligning current with voltage
and minimizing harmonic and reactive components, the predictive direct power control strategy
demonstrates its effectiveness in achieving better energy utilization. The observed increase
in active power output further supports this conclusion, validating the SAPF’s contribution to

cleaner and more efficient grid operation.

4.4.9 Detailed Metrics and Their Improvements

In Figure 4.24, in the “before” capture, the oscilloscope presents four distinct waveforms mea-
sured at the point of common coupling. The top trace, representing the source voltage Vs, shows
a clean sinusoidal waveform with a peak amplitude of approximately 18 V and a frequency of
about 50.0380 Hz, indicating stable grid conditions. However, the source current /; (magenta)

is clearly distorted, exhibiting a flattened, plateau-like shape throughout each cycle with an
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(a) Before SAPF Activation (b) After SAPF Activation

Figure 4.24: Source Voltage (Vy), Source Current (/;), Load Current (/.), and SAPF Injected
Current (/) Before and After SAPF Activation

estimated amplitude around 3—4 A. This distortion is due to the nonlinear load drawing a har-
monically distorted current, which is further evidenced by the load current /. (cyan trace) that
shows a pronounced stepped, blocky form. The harmonic content in /. causes the overall source
current /; to deviate from an ideal sinusoid, and, as expected, the filter current I (green trace)
remains near zero because the SAPF is inactive. Without the SAPF, the harmonics from the
load directly affect the source, leading to poor power quality and potential inefficiencies.

In contrast, the “after” capture illustrates the system’s performance once the SAPF is activated

under PDPC control. The source voltage V, continues to exhibit a stable, clean sinusoid with a
peak of around 18 V and a frequency very close to 50 Hz (approximately 49.9701 Hz), confirming
that the grid voltage remains unaffected by the compensation process. More importantly, the
source current /; now appears significantly more sinusoidal and smooth, with its amplitude still
near 4-5 A but with markedly fewer distortions and irregularities. Although the load current /.
still displays its inherent stepped characteristic, the compensating filter current I ; becomes active
and clearly mirrors the harmonic content of the load current, but in opposite phase. The filter
current effectively cancels the harmonic distortion that previously tainted the source current,
resulting in a nearly pure sinusoidal /; waveform.
In Figure 4.25, In subplot (a), the system begins in a normal operating mode with the shunt active
power filter (SAPF) already engaged. The source current Iy (magenta) is relatively sinusoidal,
maintaining an amplitude of around 5 A, while the active power P, (cyan) hovers near 146 W.
P, follow its reference P (orange) perfectly, indicating that the controller is driving the system
toward the desired power level. Meanwhile, the reactive power Q (green) remains close to
0 VAR, reflecting effective compensation of reactive components.

Subplot (b) provides a zoomed view of the 0.1 s interval, showing how quickly Is and P,
settle to their steady-state values after a minor transient disturbance. The rapid response, on the
order of a few cycles, demonstrates the SAPF’s predictive control in action.

In subplot (c), a sudden load change occurs after 460 ms, causing I to jump from about 4 A

to nearly 8 A. Simultaneously, P, rises from roughly 146 W to 200 W, while the reference Pi.r
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(a) Transitoire State (b) Zoomed Transitoire

(c) Load Change State (d) Zoomed Load Change

Figure 4.25: Time-Domain Oscilloscope Captures of I, P,, P..r, and Q Under Transient and
Load Change Scenarios. Each subplot illustrates a different operational regime: (a) normal
operation with transitoire behavior, (b) a zoomed-in view of the transient, (c) a sudden load
change event, and (d) a closer inspection of the load change response.

also increases accordingly. Despite this abrupt shift, Q remains near zero, indicating that the
SAPF continues to neutralize unwanted reactive power.

Finally, subplot (d) zooms in on region, highlighting the controller’s swift adaptation to the

new load condition. The source current quickly reverts to a clean sinusoidal form, and the actual
active power converges to the updated reference, all while the reactive power stays negligible.
Overall, these time-domain captures confirm that the SAPF’s control algorithm maintains near-
unity power factor, low harmonic distortion, and reliable power delivery—even under dynamic
load changes.
In Figure 4.26, in subplot (a), the system enters a transient mode as SAPF is engaged. The
DC-link voltage Vg, ramps up from 63V to 81V, stabilizing within a few cycles. The source
current I exhibits initial distortion that smooths out rapidly, while the filter current I activates
in synchrony, delivering the needed compensation.

In subplot (b), with SAPF off, V4. remains flat near 63 V and It is nearly null. The source
current I reveals significant harmonic distortion due to the unmitigated non-linear load, evident

in its blocky, non-sinusoidal waveform.
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(a) Transient State (SAPF On) (b) Permanent Regime — SAPF Off

(c) Permanent Regime — SAPF On (d) Load Change under Compensation

Figure 4.26: DC-Link and Current Waveforms Across Operating States. Subplots illustrate
(a) the transient behavior of Vg, I, and Iy immediately after SAPF activation, (b) permanent
regime with SAPF disabled, (c) stable regime with SAPF active, and (d) SAPF response to a
load step.

Subplot (c) illustrates the compensated state. With Vg, maintained at 81 V, If becomes active
and tailored to cancel harmonic content, producing a near-sinusoidal I that closely tracks Vg in
both shape and phase. This translates into enhanced power factor and reduced THD.

Finally, subplot (d) captures a load change event. The system, already under SAPF operation,
shows a rapid increase in Iy amplitude, with If adapting accordingly. Despite the step change,
Vg, stays well-regulated, ensuring that the SAPF continues compensating without delay, and
preserving low distortion and unity power factor.

Subplot (a) in Figure 4.27 captures the transient immediately after the SAPF is switched on. The
DC-link voltage V4, increases from approximately 63 V to 81 V, driven by the internal controller
to energize the inverter. The source current I transforms from a moderately distorted shape to a
clean sinusoid, while the reference current I ramps down, initiating the compensation process.

In subplot (b), under permanent regime with SAPF engaged, V4. remains stable near 81 V, P,
stays around 140-150 W, and I maintains a nearly perfect sinusoidal shape. The compensating
current I remains consistent, and L settles to a stable reference value, indicating optimal
control conditions.

Subplot (c) illustrates a dynamic scenario where a load change triggers a transient. After

470ms, both Iy and P, increase sharply. Vg, briefly fluctuates but quickly stabilizes. The
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(a) Transient State (b) Permanent State (SAPF On)

(c) Transient with Load Change (d) Permanent Regime - Higher Load

(e) Permanent Regime - Lower Load

Figure 4.27: Time-Domain Oscilloscope Captures of Vg, Py, L, It, and I, Under Various
Operating and Load Conditions. (a) Transient state after SAPF activation, (b) steady operation
with SAPF on, (c) transient with load change, (d) stable operation under higher load, and (e)
stable operation under lower load.

internal controller reacts by adjusting I..f and increasing If, ensuring the SAPF continues
harmonic mitigation.

In subplot (d), the system is shown in a permanent regime with a higher load. I sustains
an elevated amplitude (7-8 A), and P, rises to approximately 200 W. The reference and filter
currents increase accordingly, while Vg4, remains tightly regulated.

Subplot (e) represents the lower load case. The active power drops to around 140-150 W
and I decreases to 4-5 A. Both I,f and I¢ adjust downwards, ensuring smooth adaptation while

maintaining a clean sinusoidal waveform.
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Overall, these results confirm that the SAPF, under predictive control, provides fast dynamic

response, stable DC-link behavior, and precise current tracking in various operating states.

4.5 Experimental Results of Integrated System under Partial

Shading Scenarios

In this subsection, we present the experimental results of the fully integrated system, where
the reactive power compensation system (SAPF + PDPC) is connected to the PV emulator
under partial shading conditions. The performance of six MPPT algorithms—EEGO, EGO,
SMO, GWO, WOA, and PSO—is evaluated under five static partial shading scenarios. For each

algorithm and scenario, three types of figures are provided:

* Subplot 1: PV power (P,y), PV current (I,,y), active power (P,), and source current (/).

* Subplot 2: DC link voltage (Vqc), PV power (Ppy), active power (P,), and reactive power
Q).

* Subplot 3: A photograph of the PV emulator’s screen captured from the PDCS, validating
the real-world behavior of the PV system under the tested conditions.

These figures collectively demonstrate the effectiveness of each algorithm in extracting
maximum power from the PV system under shading conditions while ensuring stable operation
of the reactive power compensation system. The experimental validation spans approximately
20 s of MPPT operation after SAPF activation.

In addition to evaluating power tracking accuracy and waveform quality, we also analyze
the injection efficiency of each MPPT algorithm. This is assessed by comparing the expected
injected power—calculated as the difference between extracted PV power and the constant
system load of 146 W—with the actual active power delivered to the grid. Due to the inherent
losses in the inverter (including switching, conduction, and filtering losses), a portion of the

extracted power is dissipated, resulting in reduced effective injection.
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Figure 4.28: Integrated System Performance under First Static PSC Scenario Using (EEGO, EGO, SMO) MPPT Algorithms.
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Figure 4.29: Integrated System Performance under First Static PSC Scenario Using (GWO, WOA, PSO) MPPT Algorithms.
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Figure 4.32: Integrated System Performance under Third Static PSC Scenario Using (EEGO, EGO, SMO) MPPT Algorithms.
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Across the five static partial shading scenarios, the integrated PV-SAPF system consistently
demonstrated that the dominant limitation on surplus power injection is not the MPPT capability
itself, but rather the voltage-dependent behavior of the nonlinear load under improved point-of-
common-coupling (PCC) conditions. In all scenarios, the SAPF significantly enhanced voltage
quality by mitigating harmonics and regulating reactive power, which resulted in an increase in
RMS PCC voltage. Consequently, the nonlinear diode-bridge load absorbed additional active
power beyond its nominal rating, reducing the apparent surplus available for grid injection even
when high PV power levels were achieved.

Under moderate and high irradiance conditions (Scenarios 1, 3, and 5), the proposed EEGO
algorithm consistently extracted the highest or near-highest PV power, with measured values
ranging from approximately 168 W to 243 W. However, the expected theoretical surplus was
partially offset by increased local load consumption, leading to reduced net grid injection. In
lower irradiance and severe shading cases (Scenarios 2 and 4), grid support became necessary
despite effective MPPT operation, confirming that load demand exceeded available PV gener-
ation rather than indicating control inefficiency. Across all scenarios, EEGO maintained the
lowest grid dependency, minimal reactive power exchange, near-unity power factor, and the
lowest crest factor, indicating superior harmonic mitigation and current waveform quality. Other
algorithms (EGO, SMO, GWO, WOA, and PSO) exhibited comparable PV extraction levels but
suffered from higher ripple, slightly degraded power quality indices, or increased grid reliance.
These results collectively confirm that the proposed EEGO-based MPPT, when integrated with
PDPC-controlled SAPF, provides the most balanced trade-off between maximum power ex-
traction, grid power minimization, and power quality enhancement under diverse static partial

shading conditions.

Final Remarks on Comparative Performance Evaluation

Across all five static partial shading scenarios, the EEGO algorithm consistently demonstrated
superior MPPT capability, achieving near-optimal power extraction and stable convergence under
complex irradiance patterns. However, when integrated with the SAPF-controlled grid interface,
the effective grid injection efficiency was strongly influenced by load—voltage interactions rather
than MPPT limitations.

The SAPF’s harmonic mitigation improved PCC voltage quality, which increased the RMS

voltage magnitude and consequently elevated the active power demand of the nonlinear load:

Pload ® Vrms,PCC : Iload, rms» Iload, rms X Vrms,PCC (46)

This phenomenon represents an apparent reduction in surplus PV power, not an energy loss
mechanism. Secondary contributors include inverter conduction and switching losses, which
remained within 5-10 W experimentally.

The results confirm that standalone MPPT efliciency alone is insufficient for evaluating real-
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Table 4.2: Unified Performance Comparison of Integrated PV-SAPF System under Five Static
Partial Shading Scenarios

Scenario Algorithm Py, (W) Ipy (A) P, (W) Surplus/Deficit (W) Q (var) PF

1 EEGO 186.35 5.63 -5.35 40.35 0.5 1.00
EGO 185.81 5.61 -4.75 40.06 0.5 1.00
SMO 186.30 5.62 -4.80 40.50 0.6 1.00
GWO 185.50 5.60 -4.50 40.00 1.0 0.99
WOA 185.10 5.58 -4.18 39.92 1.3 0.98
PSO 185.90 5.61 -4.73 40.17 0.8 0.99
2 EEGO 160.22 4.87 17.78 -3.56 0.1 1.00
EGO 159.84 4.86 18.16 -4.32 0.5 1.00
SMO 160.17 4.87 17.95 -3.78 0.5 1.00
GWO 159.80 4.86 18.10 -4.30 1.0 0.99
WOA 159.93 4.86 18.40 -4.47 0.8 0.99
PSO 159.50 4.85 18.07 -4.57 0.6 1.00
3 EEGO 168.27 5.11 9.60 22.27 0.2 1.00
EGO 166.99 5.07 11.01 20.01 0.4 1.00
SMO 167.74 5.09 10.18 21.56 0.3 1.00
GWO 167.40 5.08 10.70 21.30 0.6 0.99
WOA 166.40 5.05 11.40 20.00 0.5 0.99
PSO 167.60 5.09 11.50 20.10 0.4 1.00
4 EEGO 104.23 3.17 72.70 -30.93 0.3 0.99
EGO 103.33 3.14 73.67 -31.00 0.4 0.99
SMO 84.36 2.57 92.60 -30.96 0.5 0.98
GWO 100.50 3.06 76.50 -31.00 0.6 0.98
WOA 85.23 2.59 91.97 -31.20 0.7 0.98
PSO 102.50 3.12 74.52 -31.02 0.5 0.99
5 EEGO 243.00 7.38 -60.48 97.00 0.2 1.00
EGO 241.00 7.32 -59.10 95.90 0.3 1.00
SMO 240.00 7.29 -58.60 95.40 0.3 1.00
GWO 240.00 7.29 -59.18 94.82 0.5 0.99
WOA 240.00 7.29 -59.02 94.98 0.4 0.99
PSO 241.00 7.32 -60.20 94.80 0.3 1.00

world PV systems. A comprehensive assessment must consider grid interaction, power quality

regulation, and voltage-dependent load behavior.
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4.5.1 Harmonic Injection Analysis under Partial Shading Conditions

This section presents a detailed harmonic injection analysis of the integrated PV-SAPF system
operating under partial shading conditions (PSC). The objective is to experimentally verify the
capability of the proposed control strategy to regulate power flow direction, maintain low current
distortion, and preserve grid power quality during both positive power absorption and reverse
power injection modes. The analysis is based on time-domain waveforms, harmonic spectra,

phasor representations, and steady-state power measurements.

4.5.1.1 Operating Modes and Figure Organization

For clarity, the experimental results are organized into three pairs of figures, corresponding to

two distinct operating states:

¢ State I: Positive Power Draw Mode, where the nonlinear load continues to absorb active

power from the grid while the SAPF performs harmonic and reactive power compensation.

* State II: Reverse Power Injection Mode, where excess PV power is injected back into

the grid with controlled phase inversion.

Each operating state is documented using:
1. Harmonic analyzer waveforms and THD value,
2. Phasor (Fresnel) diagrams of voltage and current,

3. Power analyzer measurements including active power, reactive power, and power factor.

4.5.1.2 Analyzer Waveforms and THD

In the first operating state in Figure 4.38, the system supplies a nonlinear load drawing approx-
imately 36 W of active power from the grid. The measured RMS current is approximately
0.9 A per phase. Due to the relatively low current magnitude, the harmonic analyzer reports a
total harmonic distortion of THD = 7.7%. This value, while slightly elevated, remains within
acceptable limits and is primarily attributed to the sensitivity of THD metrics at low current
amplitudes, where background noise and switching ripple have a proportionally higher impact.

In the second operating state in Figure 4.38b, the PV system injects active power back into
the grid, reaching approximately —84 W. The injected current increases to approximately 2.0 A
RMS per phase, resulting in a significantly cleaner waveform. The measured current THD
is reduced to 4.8%, demonstrating a clear improvement in spectral purity. This reduction is
explained by the higher signal-to-noise ratio at increased current levels and the effectiveness of

the PDPC strategy in enforcing sinusoidal current references.
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Figure 4.38: Harmonic analyzer waveforms and THD value

4.5.1.3 Phasor Representation and Phase Control

The phasor diagrams provide direct insight into the system’s power flow behavior. In State I
in Figure 4.39, the grid current vectors are aligned with the corresponding phase voltages,
indicating near-unity power factor operation. The 120° phase displacement between the three
phases is preserved, confirming balanced three-phase operation despite partial shading.

In State II in Figure 4.39b, the phasor representation clearly shows a 180° phase shift
between the injected currents and the grid voltages, while maintaining the 120° separation
between phases. This phase inversion is a direct consequence of controlled reverse active power
injection, demonstrating that the SAPF-PDPC system accurately regulates both the magnitude

and direction of power flow without compromising phase balance or waveform integrity.
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Figure 4.39: Phasor (Fresnel) diagrams of voltage and current

4.5.1.4 Power Quantities and Power Factor Analysis

The power analyzer measurements further substantiate the observed behavior. In State I in Figure
4.40, the system operates with an average active power of 36.21 W and a negligible reactive
power of 0.09 VAR. The resulting power factor is cos ¢ = 1, with a very small tan ¢ = 0.002,
indicating effective reactive power compensation.
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In State II in Figure 4.40b, the system delivers —84.22 W of active power to the grid, with
reactive power limited to —1.09 VAR. The power factor reaches cos ¢ ~ —1, confirming purely
active reverse power injection. The small value of tany = 0.016 reflects minimal reactive

exchange, highlighting the controller’s precision even during bidirectional power flow.
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Figure 4.40: Power analyzer measurements including active power, reactive power, and power
factor

4.5.1.5 Discussion and Control Robustness under PSC

These results collectively demonstrate the robustness of the proposed control architecture under
partial shading conditions. Despite fluctuating PV power availability and nonlinear load be-
havior, the SAPF regulated by PDPC maintains low harmonic distortion, precise phase control,
and accurate power flow regulation. The ability to transition seamlessly between positive power
absorption and reverse power injection, while preserving near-unity power factor and low THD,
confirms the effectiveness of the predictive control strategy.

Importantly, all measurements comply with widely accepted power quality guidelines for cur-
rent distortion and power factor, validating the system’s suitability for grid-connected operation
in realistic, PSC-affected environments.

The harmonic injection analysis confirms that the integrated PV-SAPF system achieves high-
quality current waveforms, accurate bidirectional power control, and strong harmonic mitigation
performance under partial shading. These findings provide experimental evidence of a well-
tuned and resilient control system capable of supporting modern smart grid requirements even

under adverse operating conditions.
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Conclusion

This chapter has established a rigorous theoretical and control-oriented framework for the
modeling, integration, and coordinated operation of a grid-connected photovoltaic (PV) system
combined with a shunt active power filter (SAPF). The developments presented address the
dual and inherently coupled objectives of maximizing energy extraction under partial shading
conditions (PSCs) while ensuring high power quality in the presence of nonlinear loads and grid
disturbances.

The PV subsystem was modeled using the single-diode equivalent circuit, enabling accurate
representation of nonlinear electrical behavior, temperature sensitivity, and irradiance-dependent
characteristics. This modeling approach effectively captures the formation of multiple local
maxima on the power—voltage curve under PSCs, which constitute a major challenge for con-
ventional maximum power point tracking (MPPT) techniques. To overcome these limitations,
the Enhanced Equilibrium Optimizer with Gaussian perturbation (EEGO) was introduced as an
advanced metaheuristic MPPT strategy. By incorporating a polynomial decay mechanism and
an adaptive exploration—exploitation balance, EEGO achieves faster convergence and more re-
liable global maximum power point (GMPP) tracking compared to classical and state-of-the-art
optimization-based methods, particularly in complex shading scenarios.

In parallel, the chapter presented a comprehensive mathematical modeling of the SAPF,
including the voltage source inverter, coupling filter, and DC-link dynamics. On this founda-
tion, a predictive direct power control (PDPC) strategy was adopted as the inner control loop.
Unlike conventional cascaded control structures, PDPC operates directly on predicted active and
reactive power variables using a discrete-time system model, enabling rapid dynamic response,
precise power regulation, and robust steady-state performance without additional coordinate
transformations or tuning-intensive regulators.

The coordinated operation of the PV system and SAPF highlights the importance of integrat-
ing energy extraction and power quality control within a unified framework. By regulating the
DC-link voltage and injecting compensating currents, the SAPF ensures near-sinusoidal source
currents, low total harmonic distortion (THD), and operation at or near unity power factor, even
under harmonic-rich loading conditions. The predictive nature of the PDPC strategy allows the
system to respond effectively to rapid changes in load demand and grid conditions.

Furthermore, the chapter presented a detailed harmonic injection analysis under partial
shading conditions, providing experimental verification of the system’s bidirectional power flow
capability and power quality robustness. The results demonstrate that the proposed SAPF-
PDPC control scheme maintains balanced three-phase operation, accurate phase control, and
low current distortion during both positive power absorption and reverse active power injection
modes. In positive power draw operation, the system achieves near-unity power factor with
negligible reactive power exchange, despite low current amplitudes. During reverse power
injection, the controller enforces a precise 180° phase shift between grid voltage and injected

current while preserving phase symmetry and reducing THD, confirming effective active power
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delivery back to the grid.

These results collectively confirm that the proposed control architecture is capable of main-
taining high-quality current waveforms, accurate power flow regulation, and strong harmonic
mitigation performance even under adverse operating conditions caused by partial shading. The
demonstrated ability to transition seamlessly between operating modes, while preserving com-
pliance with widely accepted power quality standards such as IEEE 519-2022, underscores the
robustness and practical relevance of the proposed approach.

Overall, this chapter provides a unified theoretical and control foundation for PV-based dis-
tributed generation systems operating in harmonic-rich and dynamically varying environments.
The methodologies developed herein support scalable, efficient, and reliable integration of re-
newable energy sources into modern smart grids, and they form a solid basis for the simulation

studies and experimental validation presented in the subsequent chapters.
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Conclusion and Future Work

The increasing penetration of photovoltaic (PV) generation into modern power systems
has intensified the need for control strategies capable of addressing partial shading conditions
(PSCs), harmonic distortion, bidirectional power flow, and grid compliance simultaneously. This
thesis, entitled “Contribution to the Control of a Reactive Power Compensation System Powered
by a Photovoltaic Generator”, has addressed these challenges through the development of an
integrated control and experimental framework that unifies advanced maximum power point
tracking, real-time PV emulation, and power quality enhancement within a grid-connected
environment.

A central contribution of this work is the development of the Enhanced Eel-Grouper Opti-
mization (EEGO) algorithm for global maximum power point tracking (GMPPT) under PSCs.
EEGO introduces an adaptive exploration—exploitation balance supported by restart and per-
turbation mechanisms, enabling fast and reliable convergence to the global optimum despite
the presence of multiple local maxima. Real-time implementation on a dSPACE 1104 plat-
form demonstrated consistently high tracking efficiency, rapid convergence following irradiance
variations, and reduced steady-state oscillations compared to conventional and state-of-the-art
metaheuristic MPPT techniques.

Complementing the MPPT strategy, this thesis proposed and validated and high-fidelity
PV emulation platform based on a GW Instek APS-1102A programmable DC source. By
generating numerically controlled [-V characteristics corresponding to partial shading scenarios,
the emulator enabled repeatable and accurate experimental evaluation of MPPT algorithms with
an error below 5%. This contribution lowers the barrier for experimental research in PV
optimization and provides a flexible tool for testing renewable energy control strategies under
realistic operating conditions.

Beyond energy extraction, the thesis addressed power quality and grid interaction through
the integration of a shunt active power filter (SAPF) controlled by a predictive direct power
control (PDPC) strategy. The SAPF effectively compensated harmonic and reactive currents
drawn by nonlinear loads, reducing current total harmonic distortion (THD) from double-digit
values to below 3% and achieving near-unity power factor operation. The predictive nature of
PDPC enabled fast transient response and stable steady-state performance without relying on
cascaded control loops or extensive tuning.

A key and original outcome of this research is the detailed experimental analysis of bidirec-

tional power flow, including reverse active power injection into the grid under partial shading
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conditions. Harmonic spectrum analysis, phasor representations, and power measurements
confirmed that the proposed SAPF-PDPC control architecture accurately regulates both the
magnitude and direction of power flow. During reverse injection, the controller enforced a
precise 180° phase shift between grid voltage and injected current while preserving balanced
three-phase operation and maintaining low THD levels compliant with established power quality
standards. These results experimentally validate the system’s capability to operate as a controlled
grid-supporting unit rather than a passive energy source, even under adverse PSCs.

An important insight revealed by this work is the interaction between power quality im-
provement and apparent power demand. By mitigating harmonic currents, the SAPF reduces
voltage drops across the source impedance, thereby increasing the point of common coupling
(PCC) voltage. For voltage-dependent nonlinear loads, this improvement results in increased
load power consumption, which in turn reduces the surplus power available for grid injection.
Together with unavoidable inverter switching and conduction losses, this phenomenon explains
the observed reduction in injection efficiency and provides a realistic, experimentally grounded
understanding of power flow behavior in integrated PV-SAPF systems.

Overall, this thesis demonstrates that high-efficiency GMPPT, harmonic mitigation, reactive
power compensation, and controlled bidirectional power injection can be achieved simulta-
neously within a unified framework. The proposed combination of EEGO-based MPPT, PV
emulation, and SAPF-PDPC control provides a scalable and resilient solution for PV integra-
tion in harmonic-rich and dynamically varying grid environments. The experimental results
confirm compliance with widely accepted power quality requirements while maintaining robust
operation under PSCs.

Despite the promising results, the investigations presented herein were conducted at labora-
tory scale under controlled grid conditions. Scaling the proposed framework to higher power
levels will require further optimization of filter design, switching frequency selection, and ther-
mal management. In addition, system behavior under severe grid disturbances, such as voltage
sags, frequency deviations, and unbalanced faults, remains an open research direction.

Future work may extend this research along several axes. Multi-objective optimization
techniques could be incorporated into EEGO to simultaneously consider harmonic distortion,
voltage regulation, and thermal constraints. Machine learning and forecasting methods may be
integrated to anticipate irradiance variations and further reduce MPPT convergence time. Hard-
ware acceleration using FPGA-based platforms could enable sub-millisecond control response
for utility-scale systems. Finally, validation within hybrid AC/DC microgrids and investiga-
tion of cybersecurity aspects for intelligent PV controllers represent promising directions for
advancing the practical deployment of the proposed framework.

In conclusion, this thesis delivers a comprehensive and experimentally validated contribution
to PV-based reactive power compensation and grid interaction. By addressing maximum power
extraction, power quality, and bidirectional energy flow within a single coordinated architecture,
itadvances the state of the art in smart grid—ready photovoltaic systems and lays a solid foundation

for future research and real-world implementation.
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The Simulation Block Diagram (Simulink/Matlab2012b)
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