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Abstract

The integration of renewable energy into smart grids is beneficial for a sustainable future
and the environment. Still, it has challenges such as energy optimisation, environmental
conditions and power quality degradation. Existing Maximum Power Point Tracking
(MPPT) techniques often focus on tracking efficiency under steady-state conditions, ignor-
ing the impact of real-time variation in environmental conditions and load. The predictive
power flow control (PPFC) algorithm is available with one or more fixed MPPT algorithms.
No studies have reported on how the choice of MPPT affects PPFC harmonic mitigation.
This paper addresses both concerns through a systematic comparative analysis of MPPT
techniques integrated with a PPFC method to mitigate harmonics in renewable-integrated
smart grid systems. To address this research gap, a comprehensive comparative analysis of
various MPPT techniques, such as Perturb and Observe (P&O), Incremental Conductance
(INC), Fuzzy Logic Control (FLC), and hybrid Machine Learning (ML) techniques, inte-
grated with PPFC to achieve effective harmonic mitigation in a smart grid environment
is conducted. A 3 MW solar farm integrated with a battery storage system is modelled
in MTALB/Simulink 2025b under real-time varying conditions, such as environmental
and load variations over time in Auckland, New Zealand. The study focuses on key per-
formance parameters such as total harmonic distortion (THD), power loss, stability and
efficiency. The Adaptive Neuro-Fuzzy Inference System (ANFIS)-based MPPT controller,
integrated with forecast-based power flow control, achieved overall performance by provid-
ing higher efficiency (97.5%), effective harmonic mitigation, and enhanced system stability
under the nonlinear behaviour of the photovoltaic system. The proposed ANFIS-based sys-
tem ensured a stable and smooth power output under varying environmental conditions,
outperforming conventional and other intelligent MPPT techniques.

Keywords: MPPT; predictive power flow control (PPFC); harmonic mitigation; smart grid;
renewable energy integration

1. Introduction

The global transition towards sustainable renewable energy systems (RES) has acceler-
ated the integration of RES into smart electricity grids. Among RES, solar systems have
emerged as a leading technology due to their modularity and environmental benefits [1].
In New Zealand, the government’s ambition to achieve 100% renewable electricity by 2030
has triggered large-scale solar investments. Recent projects such as the 271 MW Rangiriri

Solar 2026, 6, 45

https://doi.org/10.3390/so0lar6040045


https://crossmark.crossref.org/dialog?doi=10.3390/solar6040045&domain=pdf&date_stamp=2026-08-03
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/solar
https://www.mdpi.com
https://orcid.org/0009-0002-8784-9420
https://orcid.org/0000-0003-1007-2860
https://doi.org/10.3390/solar6040045

Solar 2026, 6, 45

2 0f 23

Solar Farm (Genesis Energy, acquired in 2025), the 179 MW Glorit Solar Farm with an
integrated battery energy storage system (BESS), and the 130 MW Ruakaka Solar Farm are
typical examples. As of October 2025, the national generation grid contains 288 projects
totalling 44.3 GW, indicating growth in solar generation capacity. However, the same report
highlighted challenges stemming from the solar system’s unpredictability. Solar generation
in New Zealand falls below 10% of installed capacity for approximately 60% of the time and
exceeds 50% of installed capacity for only 14% of the time. Seasonal mismatches occur when
summer generation is 47% higher than winter generation, while peak electricity demand
occurs in winter. Furthermore, solar output peaks around 1 pm, which does not align with
evening demand peaks [2]. The renewable-integrated smart grid poses challenges not only
due to intermittency but also to nonlinearities in load and changes in environmental factors.
Traditional control techniques, such as proportional-integral (PI) control and conventional
MPPT algorithms, tend to fail under continuously varying load and environmental con-
ditions, which leads to efficiency losses and reduced grid support [3]. The efficiency and
continuity of RES depend upon the effectiveness of MPPT techniques, particularly under
dynamic environmental factors such as solar irradiance, temperature and wind. This study
focuses on hybrid MPPT techniques that combine multiple control algorithms to improve
efficiency and extract maximum power from RES [4]. MPPT continuously adjusts the
operating point to improve overall system efficiency and extract the maximum power. In
a hybrid system, MPPT not only extracts maximum power but also enhances power sta-
bility and continuity by enabling solar generation to contribute efficiently when available,
making it more suitable for both off-grid and grid-connected applications [5].

In solar energy systems, MPPT is used to track the maximum power point on the
nonlinear power—voltage (P-V) and voltage—current (V-I) characteristics of photovoltaic
(PV) modules. The output power of PV systems varies with changes in solar irradiance and
temperature, leading to continuous shifts in the maximum power point (MPP) [6]. MPPT
techniques regulate the duty cycle of DC-DC converters to adjust the operating voltage of
PV panels and increase power extraction. Traditional methods such as Perturb and Observe
(P&O) and Incremental Conductance (InC) are widely used due to simplicity. However,
they have limitations from oscillations around the MPP and reduced performance under
rapidly changing environmental conditions [7]. Power stability and continuity by enabling
solar generation to contribute efficiently when available, making it more suitable for both
off-grid and grid-connected applications [8].

Selecting an MPPT technique for RES is challenging due to the diverse operational
characteristics and dynamic behaviours of RES sources. In PV systems, the maximum
power point depends on irradiance and temperature. Wind energy systems are governed
by a highly nonlinear relationship between wind speed and output power. This leads to
rapid and unpredictable fluctuations, making MPPT design more complex. This variation
causes fluctuations in power generation, making it difficult to meet load demand and
maintain power quality, particularly with respect to harmonic distortion and continuity.
To address these challenges, MPPT is essential in RES [9]. Advancements in MPPT are
required for the following reasons.

e  Maximisation of energy extraction: MPPT ensures that solar systems always operate
at their optimal point and improves the overall efficiency of the system.

e Handling the intermittency of RES: MPPT plays a crucial role in handling variation in
environmental conditions.

e Improved hybrid coordination: In an RES, MPPT helps in maintaining generation and
demand with the help of power sharing in solar and energy storage systems. It also
helps to compensate for power fluctuations and maintain system continuity during
changes in environmental factors.
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Despite the importance of MPPT in hybrid RES, it faces several challenges, including
variable and non-uniform operating conditions, multiple local maxima, and coordination
among multiple sources [10].

Literature Survey

e Raja and A Thangaraj [11] proposed a Binary Waterwheel Plant Optimisation (BWPO)
combined with a Temporal Inductive Path Neural Network (TIPNN) to improve
energy management in a grid-connected PV-battery system. The main objective of
the study was to minimise total harmonic distortion, reduce energy cost and improve
system performance. They achieved a low THD of 1.3%, a Levelised Cost of Energy
(LCOE) of $0.059/kWHh, and a net present cost (NPC) of $700,500.84, with an overall
system efficiency of 98%. The BWPO-TIPNN system is highly complex, requiring
extensive parameter tuning and significant computational resources, which may limit
its practical deployment in real-time industrial applications.

e Latreche et al. [12] developed a DC microgrid power management system integrating
PV arrays with a Hybrid Energy Storage System (HESS) combination of batteries
and supercapacitors. They compared three MPPT techniques, P&O, INC, and FLC,
under varying irradiance conditions. Their proposed technique controlled the DC-bus
voltage stability at 48 V and ensured power balance, with supercapacitors handling
fast transients and batteries managing steady-state variations. The study focused on
DC-bus voltage regulation and power sharing, but not on power quality challenges.

e  Varun Sai et al. [13] proposed two novel MPPT techniques, an Improved Adaptive
Reference Voltage (IARV) for PV systems and a Searching Space Minimisation-based
Artificial Bee Colony (SSM-ABC) for wind-driven Doubly Fed Induction Generators
(DFIG). The study focused on reducing inter-harmonics in a grid-connected hybrid
renewable energy system. The results demonstrated that the IARV MPPT achieved
99.09% tracking efficiency with a settling time of 14.5 ms, while the SSM-ABC reduced
steady-state oscillations to 0.001 rad/s. The proposed system reduced average inter-
harmonic content by 32.19% compared to a conventional P&O-based system.

e Naima et al. [14] introduced a novel MPPT control technique combining a Modified
Finite Control Set Model Predictive Control (MFCS-MPC) with an adaptive P&O
algorithm. The study focused on improving power quality, stability, and dynamic per-
formance in grid-connected PV systems. The simulation results for the study showed
a THD of 1.22%, which is 6% lower than conventional P&O, a 35% improvement in
tracking response time, and a 28% reduction in overshoot. The proposed method also
reduced switching losses by 15% through a weighted cost function.

This paper addresses existing research gaps in smart grid integration, including in-
termittency, uncertainty modelling, demand response, harmonics, and instability [15]. A
comparative analysis of hybrid and intelligent MPPT methods is conducted, including
PSO-P&O, FLC, ANN, and an ANFIS-based MPPT approach. The performance of the
MPPT techniques is evaluated under real-time environmental and load conditions. This
paper also focuses on implementing a predictive control-based load management tech-
nique in the smart grid to examine power quality issues. To examine system behaviours,
a MATLAB/Simulink 2025b system was designed under various operating conditions,
including variations in solar irradiance, temperature, and load demand. To achieve better
performance and validate results, real-time data of variation in environmental conditions
and load in Auckland, New Zealand, are used in the MATLAB/Simulink simulation. The
case study considers a grid-connected 3 MW PV solar farm integrated with a BESS provid-
ing 5 h of storage capacity. The load profile is scaled to reflect actual Auckland demand
patterns and realistic operating conditions.

https://doi.org/10.3390/so0lar6040045


https://doi.org/10.3390/solar6040045

Solar 2026, 6, 45

40f23

2. Hybrid Renewable Energy System (HRES) Modelling and Design

The global transition towards a decentralised, low-carbon energy system has increased
the use of HRES. The HRES, a combination of solar and battery energy storage systems,
offers a solution to overcome the intermittency of renewable sources. The integration of
HRES with smart grids requires advanced power management [16]. This study focuses
on selecting an efficient MPPT controller for a grid-connected PV-battery system. The
MPPT controller helps to extract maximum power from RES under varying environmental
conditions. Integration of the HRES into the smart grid introduces challenges, including
power fluctuations, voltage drops, and harmonic distortion, that increase power system
losses and reduce system efficiency. To address this issue, the study uses PPFC. The main
contribution of this work is as follows:

e A novel HRES with an efficient MPPT controller for maximum power extraction.
e  PPFC-based control system for power flow management and harmonic mitigation
within a smart grid environment.

Figure 1 illustrates a block diagram of a PV energy management system integrated
with an Al-driven MPPT controller and an ANFIS-based PPFC. The DC-DC boost con-
verter’s duty cycle is optimised by an Al-based MPPT controller that uses irradiance and
temperature data to enhance energy extraction. The regulated output is directed to a DC
bus, where battery storage is integrated for energy buffering and state of charge (SoC)
management. An ANFIS-based PPC intelligently allocates power based on PV output, load
requirements, irradiance, temperature, and battery SoC. The inverter then converts the
DC-bus power to AC, which is filtered by an LCL filter to reduce harmonics and maintain
power quality. Ultimately, the AC bus delivers power to the load.

2.1. PV System Design

PV systems are among the most promising renewable energy systems. Conventionally,
grid-connected PV converters are designed to inject active power into the utility grid [17].
The PV array is modelled using a single-diode equivalent circuit. The current output of the
PV module can be expressed as [18]:

(1)

Voo + Rs x I Voo + Ry x I
Lo = Iy — I x {exp<rwspv)_ 1] _ Vot R Xy

Ns Xn X Vit Rsp

where

Ipy = output current of the PV module (A);

I, = photocurrent (A);

I, = diode reverse saturation current (A);
Vpo = PV output voltage (V);

R, = series resistance (();

N; = number of cells connected in series;
n = diode ideality factor;

R,j, = shunt resistance (Q));
(kxT).

Vr = thermal voltage (V). defined as =

q = electron charge (1.602 x 10~ C);
° T = cell temperature (K);
° k = Boltzmann constant (1.381 x 10~23 J/K).

I, is dependent on solar irradiance and temperature, and can be expressed as [19]:

Ly = [Isc+ K; x (T - T,ef)} x (éif) )
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where

° T} = reference temperature (25 °C);
e T =operating temperature (°C);
° K; = temperature coefficient of current (A/°C);

° Is¢ = short-circuit current at standard temperature conditions (STC) (A).

I —1 T ° Eg
0 = 10 ref X Tref x exp qxnxk X

where

. Io rer = saturation current at STC (A);

where

° Ve = open-circuit voltage at STC (V);
° V1 ref = thermal voltage at reference temperature (V).

1
Tep T
e  Eg=semiconductor bandgap energy (~1.12 eV for silicon).

. Voc
Toref = Isc [GXP <Ns><anf> - 11

)

(4)

Table 1 shows the simulation parameters for solar generation and the DC-to-DC boost

converter.

Table 1. Simulation parameters for solar generation and DC converter [20,21].

Parameter Category Description Values/Considerations
Solar PV Capacity 3MW DC
Area Required 15,000-20,000 m?
Nominal power of PV 365 W
No. of cells per module 72 cells
Total no. of PV panels 8219
Rated voltage (Vi) 39.8V
Rated current () 9.17 A
Open-circuit voltage (Vo) 482V
PV System Parameters —
Short-circuit current (I5c) 9.75 A
Voc temperature coefficient —0.289%/°C
Isc temperature coefficient 0.038%/°C
Light-generated current (I1) 9.8075 A
Diode saturation current o 2.048 x 10711 A
Ideality factor of diode n 0.96975
Shunt resistance Ry, 193.2745 ()
Series resistance Ry 0.31205 O)
Switching frequency (f) 10 kHz
DC-to-DC Boost Converter Inductor (L) 300 uH
Output Capacitor (C) 4460 uF

https://doi.org/10.3390/so0lar6040045


https://doi.org/10.3390/solar6040045

Solar 2026, 6, 45 6 of 23
Solar DCtoDC > ANFIS based .
Power Converter ——— FVFONER Predictive +Golar Irmadianee-=
Generation (Boost) -50C of Battery> Power — ' ACload
T  Plead—s Flow +—Temperature—
Contro} Signal 0 controller
—Solar Irradiance» Al based g Contro{ Signal
Advanced *Reference_ S ! %
—Temperature—»| ~ MPPT Voltage ®
Controller 7 I ‘ % i
nverter LCL Filter » Traditional
Power
| y ' — " Generation
Battery
Storage

Figure 1. A block diagram of the proposed system.
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2.2. Battery Storage Design [22]

The integration of a BESS with solar power is important due to the intermittent nature
of solar generation. The main benefits include energy reliability when solar generation
is unavailable, power balance during peak hours, improved power quality by stabilising
voltage and frequency, and an uninterrupted power supply in the smart grid.

(Pload X tbackup)

Eppp = ~— —= 5)
"""~ (it x DOD)
where
. Epqt = Required battery energy (Wh or kWh);
° Pjoqq = Load power (W or kW) (800 KW maximum load during peak hour);
° tbackup = Backup time (hours);
° pat = Battery efficiency (0.85);
e  DOD = Depth of discharge (0.8).
(800 x 5)
Epst = -2~ =52MWh
bat = (0.85 x 0.9 )
The battery capacity Cj,; in ampere-hours (Ah) can be calculated as:
E
_ Lbat (6)

bat —
Vhat

where V;,;; represents the battery voltage (900 V).

23 x 10°
Coat = % — 5811 Ah

2.3. DC-Link Capacitor Design [23]

The DC-link capacitor plays an important role in maintaining voltage stability and bal-
ancing instantaneous power variations between the PV source and the grid-side converter.
The DC-link capacitor size is calculated using the energy balance method.

(3><k><a><Vph><Ish><t>
= 7
Cae 0.5 x (dec - Vv%cl) 7

where
e V. =average DC-link voltage V. = (% (VLL)) ;
Cgc = DC-link capacitance (F);

Vi = per-phase inverter voltage (V);
Vi1 = line-to-line voltages (V);

I, = inverter phase current (A);

t = transient response time (s);

k = overload factor (1.5);

a = energy variation factor (0.1);

m = modulation index (0.8);

Vic1 = minimum required DC-bus voltage (V).

(3% 0.1 x 1.5 x 440 x 2273 x 0.03)
[0.5 x (11002 — 10502)]

Cio = Cge ~ 0.25F = 250 mF
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2.4. Comparison of MPPT Technique

The integration of MPPT in PV-battery systems is essential for optimising energy
harvesting and ensuring system continuity. The selection of an appropriate MPPT algorithm
is crucial as it directly impacts the total harmonic distortion (THD) and efficiency of the
grid-connected system. Traditional MPPT techniques, such as P&O and INC, vary in
performance, particularly under rapidly changing atmospheric conditions, which can
affect efficiency and increase the THD of the grid [24]. Advanced MPPT methods that
continuously adjust to environmental changes can improve energy conversion efficiency
and reduce THD. The choice of MPPT not only affects the efficiency of the PV system but
also plays an important role in ensuring compliance with grid standards and enhancing
the quality of power delivered to the grid [25].

2.4.1. Perturb and Observe (PO) [26]

The Perturb and Observe (P&O) algorithm is a simple, widely used MPPT technique
that tracks the MPP by periodically perturbing the PV voltage and observing the resulting
change in power. The power variation is given by:

AP = P(k) — P(k—1) ®)

If AP > 0 the controller continues the perturbation in the same direction. Otherwise,
it reverses the perturbation direction. The algorithm continuously adjusts the boost con-
verter duty cycle until the operating point reaches the MPP. The main advantages of the
P&O method include simple implementation, low computational complexity, and low
cost. However, it suffers from steady-state oscillations around the MPP, slower response
under rapidly changing irradiance conditions, and possible tracking errors during sudden
environmental variations or partial shading.

2.4.2. Incremental Conductance (INC) [27]

The INC MPPT controller determines the MPP by utilising the slope of the PV power—
voltage characteristic. The INC algorithm evaluates the relationship between incremental
(AI/AV) and instantaneous (—1/V) conductance enabling accurate tracking under rapidly
changing irradiance and temperature conditions. The algorithm assumes the slope of the
PV power curve is zero at the MPP. Since PV power is expressed as P = VI, the derivative

of power with respect to
AV Vv
AT ©
AV Vv
Y ar>-71 (10)

The operating point lies to the left of the MPP, and the PV voltage must be increased.
If the operating point is located to the right of the MPP, then the PV voltage must be
decreased. The controller continuously measures the PV current and voltage, calculates
their increments, and adjusts the boost converter duty cycle until the MPP condition
is satisfied.
AV 14

2.4.3. Particle Swarm Optimisation (PSO) [28]

PSO is a population-based optimisation algorithm introduced by Kennedy and Eber-
hart. It is inspired by the collective behaviour of bird flocks and fish schools. In a PV system,
the output power continuously changes with variations in solar irradiance and temperature.
Therefore, the PV array must operate at the MPP to extract the maximum possible power.
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PSO provides an effective MPPT approach by searching for the duty cycle that maximises
power output. In PSO, a population of particles represents candidate solutions that move
through the search space to locate the optimal solution. Each particle updates its position
based on its own best experience (pbest) and the best solution found by the swarm (gbest).
The particle velocity and position are updated using the equations belowr:

Ul{k+1} = wok 4 17 (pbesti - xf() +cory X (ngSt - xf‘) (12)

xi{kﬂ} = xff + vi{kH} (13)

where:
x; = particle position;
v; = particle velocity;
w = inertia weight;
c1 = cognitive coefficient;
¢» = social coefficient;
r1 and rp = random numbers between 0 and 1.

During each iteration, particles update their velocities and positions, gradually moving
toward the optimal solution. The process continues until a stopping criterion is met or the
best solution is found. The main advantage of PSO-based MPPT is its ability to perform a
global search. PSO can effectively locate the global MPP under partial shading conditions,
where multiple local power peaks exist. PSO offers fast convergence, high tracking accuracy,
and improved efficiency in rapidly changing environmental conditions.

2.4.4. Hybrid Perturb and Observe-Particle Swarm Optimisation (PO-PSO) [29]

The hybrid PO-PSO MPPT algorithm integrates the strengths of both methods to
enhance PV system efficiency, particularly under dynamic environmental conditions. The
PO algorithm is effective under stable conditions due to its direct tracking capability,
enabling quick convergence to the MPP. However, it struggles in fluctuating environments,
where the PSO algorithm excels by broadly exploring the solution space. The hybrid
approach dynamically switches between the PO and PSO methods based on the magnitude
of changes in power output, thereby mitigating the limitations of each method. The working
of the hybrid PO-PSO algorithm involves several key steps. First, the PSO algorithm
initialises particles representing potential duty cycles. The PSO performs a global search to
identify the region of the maximum power point by updating particle velocity and duty
cycle as:

View = w X v + ¢l x rand() x (pbest — d) + ¢2 x rand() x (gbest — d)  (14)

Anew = d + Vnew (15)

where v is the particle velocity, d is the current duty cycle, w is the inertia weight, and c1
and c2 are the cognitive and social coefficients, respectively. The rand() function introduces
stochastic behaviour to enhance exploration. This iterative process enables the algorithm to
search globally for the optimal operating point.

When the power variation becomes sufficiently small, indicating that the system is
close to the MPP, the algorithm transitions to the PO phase for fine-tuning. In this phase,
the duty cycle is adjusted based on the change in power as follows:

If Ppeww > Pyyg —>d = d + Ad (16)

If Ppew < Pypg — d =d — Ad (17)
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This local adjustment helps minimise steady-state oscillations and ensures precise
tracking of the MPP. The decision to switch between PSO and PO is based on the magnitude
of power variation, allowing the hybrid controller to exploit PSO’s global search capability
during large deviations and PO’s rapid convergence near the steady state.

Figure 2 shows the variation in environmental factors, solar irradiance, and tempera-
ture on 28 December 2025, with the data taken from NASA POWER [30]. The figure also
presents changes in output power and duty cycle for the hybrid PO/PSO MPPT technique
under varying environmental conditions.

= Variation in Solar Irradiance Duty cycle for PO-PSO
g. 600
= 0 0.25F
T <
S 400 | 1~
k< 2. 02
Fg 200 ‘?
= I ]
= B o15t
b=
i 0
0 5 10 15 20 0 5 10 15 20
Time (Hour of the day) Time (Hour of the day)
Variation in Temprature x10° MPPT output power
O 2l z
& =
= =
[ 20t g
2 R
:
e 2.
3 16} g
0 5 10 15 20 0 5 10 15 20
Time (Hour of the day) Time (Hour of the day)

Figure 2. The variation in environmental factors and output power over the course of the day.

2.4.5. ANFIS-Based MPPT Controller [31]

The Adaptive Neuro-Fuzzy Inference System (ANFIS) is a hybrid intelligent system
that integrates the learning capabilities of artificial neural networks with the reasoning
capabilities of fuzzy logic. In the context of solar PV systems, ANFIS is employed to enhance
the performance of MPPT controllers. The ANFIS architecture consists of five layers, each
serving a specific function in transforming input variables (such as solar irradiance and
temperature) into desired outputs (such as the optimal duty cycle for a DC-DC converter).
In the first layer, the inputs are fuzzified using membership functions that determine the
degree to which each input belongs to a fuzzy set. For instance, if the inputs are solar
irradiance (x) and temperature (y), the membership functions could be defined as high or
low. The output of this layer is given by the equations

O(L i) = paj(x), and O(L,1) = pp;(,) (18)

where

®  Jiaj(x) = membership value of input x;

®  1iBj(y) = membership value of input y.

https:/ /doi.org/10.3390/so0lar6040045
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The second layer computes the firing strengths of the fuzzy rules using the AND
operator, yielding outputs.

The third layer normalises these firing strengths, and the fourth layer applies the
consequent parameters of the rules to compute the output. Finally, the fifth layer aggregates
the outputs to produce the result, which is the control signal for the

Output = (Wl x f1) + (W2 x f2) (19)

where

e  f1,f2 =output of each rule;
e  wl, w2=normalised firing strength.

The fuzzy inference mechanism is typically based on a first-order Sugeno model,
where rules are formulated as

Rulel:If xis Aland yis B1, then fl=pl xx+gl xy+7r (20)

Rule 2 : If xis A2 and y is B2, then f2 = p2 x x + g2 x y + 12 (21)

Here, p1,p2, q1, and g2 are parameters determined during training, enabling the ANFIS
to optimise the DC-DC converter’s duty cycle and ensure maximum power extraction
from the PV system. Figure 3 shows the training error of the ANFIS model over 100
epochs. Initially, the error fluctuates, indicating parameter adjustment during the early
learning stages. As training progresses, the error gradually stabilises, demonstrating the
convergence of the model. The nearly constant error at later epochs confirms that the
ANFIS has learned the input-output mapping effectively for MPPT control.

ANFIS Training Error (Optimised)
\ \ \

T

10

20 30 40 50 60 70 80 90 100
Epoch

Figure 3. ANFIS training error convergence curve.

2.4.6. Fuzzy Logic-Based MPPT Controller [32]

This section discusses the Fuzzy Logic Control (FLC) method for MPPT in PV systems,
particularly focusing on its application with a boost converter under varying environmental
conditions such as temperature and irradiance. The FLC MPPT algorithm is designed to
optimise PV panel performance by ensuring they operate at their MPP, which is crucial

https:/ /doi.org/10.3390/so0lar6040045
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for maximising energy yield. The working principle of the FLC MPPT controller involves
monitoring changes in PV panel power and voltage. The algorithm uses a rule-based
approach, with the inputs being the error (E) and the change in error (CE), which are
processed through a predefined rule table to determine the boost converter’s output duty
cycle (D). The equations governing the FLC MPPT can be expressed as follows:

E = P(k)— P(k—1) (22)

where P(k) is the present power and P(k — 1) is the previous power of the PV system. The
change in error is defined as:

CE = E(k)— E(k—1) (23)

These two inputs provide information about the direction and rate of movement of
the operating point on the power—voltage (P-V) curve.

The fuzzy inference control system utilises a predefined rule base (rule table) to
determine the appropriate control action. The rules are typically structured as:

IF E is Positive AND CE is Positive — Increase duty cycle (D);

IF E is Positive AND CE is Negative — Decrease duty cycle (D);
IF E is Negative AND CE is Positive — Decrease duty cycle (D);
IF E is Negative AND CE is Negative — Increase duty cycle (D).

These rules help the system toward the MPP by adjusting the operating voltage in
the correct direction. Based on the fuzzy decision, the duty cycle of the boost converter is
updated as:

D(k) = D(k—1)+ AD(k) (24)

where D(k) is the updated duty cycle and AD(k) is the output obtained from the fuzzy
inference system.

The duty cycle directly controls the boost converter’s switching operation, thereby reg-
ulating the PV output voltage and ensuring convergence toward the MPP. By continuously
adjusting the duty cycle in response to changing environmental conditions, the FLC-based
MPPT achieves fast dynamic response and minimises steady-state oscillations.

Figure 4 shows the fuzzy MPPT controller behaviour through rule surfaces and in-
ference analysis. The 3D surfaces (A-C) show the ANFIS model’s nonlinear mapping
capability, with the duty cycle adjusted to environmental conditions to ensure accurate
maximum power point tracking. The rule-firing plot (D) shows that multiple fuzzy rules
are simultaneously activated, with varying degrees of activation. The distribution of ac-
tivation levels indicates that the fuzzy system effectively selects the most relevant rules,
improving accuracy and reducing unnecessary computations. The aggregated output curve
(E) represents the aggregated membership function and the final defuzzified duty cycle
value. It confirms that the fuzzy controller produces a smooth, precise, and stable control
signal for MPPT operation.
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Figure 4. ANFIS-based MPPT duty cycle generation: (A) duty cycle (D) variation with G and V, (B) D
variation with G and T, (C) D variation with T and V, (D) fuzzy rule inference showing firing strength
distribution, and (E) final defuzzified output.

2.4.7. Neural Network-Based MPPT Controller [33]

The neural network-based MPPT controller proposed in this study utilises a PV
module model to derive an analytical, iterative approach to determining the maximum
power point (MPP) voltage and estimating irradiance. The core of the methodology involves
using the neural network model’s output current expression to compute the gradient of the
power-voltage (P-V) curve with respect to voltage. This gradient information is essential
for efficiently guiding the MPPT algorithm towards the optimal operating point. The key
equation derived from the neural network model can be expressed in a word-friendly
format as follows:

e  Output Current (I): The current output of the neural network model is a function of
the MPP voltage (Vyupp), and f(.) is the nonlinear function approximated by the neural
network model. This relationship can be represented as:

1= f(Vupp, G, T) (25)

e  The condition for maximum power point tracking is obtained by differentiating the
power with respect to voltage and setting it equal to zero. The resulting gradient
expression is:

P dI
W—I—FVX(W) (26)

where dI/dV represents the derivative of the current with respect to voltage. This derivative
is not computed analytically from the PV model but is instead directly obtained from the
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10° ¢

Mean Squared Error (mse)

neural network representation, thereby simplifying the computation. The MPPT algorithm
updates the operating voltage iteratively according to the following rule:

View = Voig + & % (Z‘I;) (27)
where V¢ is the updated voltage, V,;; is the previous voltage value, and « is a positive
step-size parameter that controls the algorithm’s convergence speed and stability. A larger
value of « results in faster tracking but may increase sensitivity to noise, whereas a smaller
value improves stability at the cost of slower convergence. Figures 5 and 6 illustrate
the architecture and performance of the NN-based MPPT controller. Figure 5 shows the
training performance of the NN in terms of mean squared error (MSE) versus epochs. The
MSE decreases as the number of epochs increases, indicating effective learning. A lower
MSE confirms that the NN output closely matches the desired target. Hence, the trained
network ensures accurate and efficient MPPT under varying environmental conditions.

Figure 6 shows the NN block, which uses irradiance, temperature, and PV voltage as inputs
to generate the optimal boost converter duty cycle.

Best Validation Performance is 0.0011247 at epoch 9

—Train
——Validation
—Test

P
e | |

5 10 15
15 Epochs

Figure 5. Neural network performance.

The MPPT controller indirectly affects the THD of a grid-connected photovoltaic
system. An efficient MPPT controller maximises PV power extraction and maintains a
stable DC-link voltage, which helps the inverter inject a cleaner sinusoidal current into
the grid. The battery storage system, connected through a bidirectional DC-DC converter,
absorbs excess power and supplies energy during power deficits, reducing DC-bus voltage
fluctuations and enhancing system stability. As a result, the bidirectional converter smooths
power variations, improves converter dynamics, and reduces current THD at the point of
common coupling (PCC) [34].
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Figure 6. NN block and layers inside block.

2.5. Design of Predictive Power Flow Control (PPFC)

The integration of RES into modern power systems poses challenges related to inter-
mittency, load uncertainty, and voltage regulation, as well as the need to ensure optimal
battery operation and reduce power losses. The proposed framework uses an adaptive
ANFIS-based PPFC system to forecast future power generation and load demand, thereby
improving coordination among PV, BESS, and the grid [35]. This technique enables optimal
power flow regulation while ensuring efficient switching of the Voltage Source Inverter
(VSI). The mathematical modelling of the proposed PPFC controller is expressed below:

e  Step 1: Measurement and System State Acquisition: The control process begins with
real-time acquisition of environmental and system variables. These inputs define the
operating condition of the PV-battery system. This equation reflects the nonlinear and
unpredictable nature of renewable energy generation.

The PV output power is governed by irradiance and temperature dependence [36]:

Ppy =1 x G x (1 — 0.005 x (T — 25)) (28)
where:
e  Ppy = photovoltaic power output;
e 1 =conversion efficiency of the PV module;
e T =operating temperature (°C);
° G = solar irradiance (W /m?).

e  Step 2: ANFIS-Based Nonlinear Prediction: The ANFIS model processes the measured
inputs and predicts the system behaviour. Unlike conventional linear models, ANFIS
captures nonlinear relationships and adapts to changing system conditions. The
control signal is defined a

u(k) = fANFIS(G, T, Ppy, SOC, Proua) (29)
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The expanded ANFIS equation for the proposed solar and battery integrated system

is [37].
u(k) = Z[w; x (a;-G + b;*T + ¢;-SOC + d;-Pjopg + €;)] (30)

where:
e  u(k) = control signal at time step k;
e  w;=weightof rule [;
° a;, b, c;, d;, e; = adaptive parameters.
e  Step 3: Battery Charging and Discharging Control: The battery acts as an energy

storage device that compensates for a mismatch between PV generation and load
demand. The ANFIS output determines the battery power:

Ppar = Pepy — Pyis (31)
where:
° Py,t = net battery power;
e P, =charging power;
. P;is = discharging power.
State of charge (50C) equation: This equation updates the battery energy level based
on charging or discharging power [38].

(Mbate X Ppar X At)

SoC(t) = SoC(t—1) +
Chat

(32)

where

e  SoC(t) = current battery state of charge;
e  SoC(t —1) = previous state of charge;
e At =time interval.

Power Balance Equation: This equation ensures that total generated and stored power
equals total demand and losses, maintaining system stability at every time step [39].

Ppy + Pgis + Pimport = Plogg + Pep + Pexport (33)

where

Pimport = power drawn from conventional power generation;
®  Peyport = power delivered to the grid.

e  Step 4: Feedback and real-time learning: The system continuously compares predicted
and actual values [40]:

AP = Ppredicted — Pactual (34)
Parameters are updated as
AP
Onew = - 0=
new = Oo1d X < 20 > (35)

where

° 8 = ANFIS parameters;
e 1y =learning rate.
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(A) Power Flow

This adaptive control algorithm-based controller improves prediction accuracy, re-
sponds effectively to environmental variations, and maintains performance in real-time
operation. Figure 7 demonstrates the power management of the proposed hybrid solar
and battery-integrated grid system under varying irradiance and load conditions. The
power flow results confirm reliable load satisfaction while minimising grid dependency
through optimal battery utilisation. The state of charge (SoC) profile confirms stable
charging-discharging behaviour within operational limits. Furthermore, the ANFIS model
demonstrates high predictive accuracy, with strong agreement between actual and esti-
mated grid power. The training convergence curve indicates efficient learning and model
stability, supporting its suitability for real-time energy management applications.

Hybrid Solar-Battery—Grid System (Key Performance Parameter)

(B)Battery State of Charge
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Figure 7. The key performance results of the hybrid PV-battery—grid system showing (A) system
power flow, (B) battery state of charge, (C) ANFIS prediction accuracy, and (D) training convergence
behaviour.

Figure 8 shows the performance of the proposed ANFIS-based PPFC controller system
for a 24 h period. The upper graph shows the active power reference Pref and the actual
grid active power Pgrid. The lower plot shows the reactive power reference, Qref, and
the actual grid reactive power Qgrid. The results show that the average value of the grid
power remains close to the predicted Pref throughout the operating time. The proposed
PPFC helps to improve the prediction accuracy, battery management, and system stability,
and reduces the grid dependency, making it suitable for renewable-integrated smart grid
applications. The load data used in this study were obtained from the official Transpower
New Zealand System Operator live dataset, available online at the Transpower live load
data portal [41]. This dataset provides real-time electrical load information for different
operational zones across New Zealand, including Auckland, measured in megawatts (MW).

For this study, the Auckland zone load profile was extracted from the live dataset
and used to illustrate the variation in power demand over time, as shown in Figure 8.
The recorded load values were appropriately scaled from megawatts (MW) to kilowatts
(kW) to suit the analysis requirements. The resulting plot shows the temporal variation in
electrical power demand in Auckland, highlighting typical load fluctuations throughout
the observation period.
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Figure 8. Active and reactive power tracking of the PPFC power for a 24 h period.

3. Simulation Results and Discussion

This study focuses on P&O, Inc, PSO, P&O-PSO, ANN, ANFIS, and fuzzy logic con-
trollers. They are widely used and validated MPPT techniques for photovoltaic systems.
These controllers represent conventional, optimsation-based, hybrid, and intelligent con-
trol methods [42]. For these reasons, a comprehensive comparison of efficiency, response
speed and daily energy harvested under varying operating conditions will be conducted.
Table 2 compares the efficiency of various MPPT techniques under varying environmental
conditions. Conventional methods such as P&O and INC exhibit lower efficiency due to
steady-state oscillations and slower tracking response. Optimisation-based techniques
such as PSO and hybrid P&O-PSO improve efficiency but increase computational com-
plexity. Intelligent methods such as FLC and ANN improve efficiency by better handling
system nonlinearity. Among all the methods explored in this study, the ANFIS-based
MPPT demonstrates the highest efficiency (up to 97.5%), due to its combined learning and
reasoning capability.

Figure 9 shows the hourly charging and discharging behaviour of the BESS over a
24 h period. The power value is positive, indicating the battery is discharging to meet grid
demand during the morning and evening peak hours. Negative power values show the
battery charging with excess solar PV generation in midday. This improves the utilisation of
renewable energy, supports peak shaving, and increases overall grid reliability and stability.
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Table 2. Comparison of MPPT controllers based on performance evaluation.

Literature Converter Daily Energy
C(i\r/g;l(:;l;er Efficiency Efficiency Harvested I}reijll::r(l:)e RiPO‘lA;e(l; %) Complexity = Adaptability
(%) (%) (MWh) ppieth
Incremental
Conductance 93.7% [43] 90-94.4% 12.15 0.5 0.43 Moderate High
(INC)
Perturb &
Observe 91.3% [43] 91-93.5% 12.29 0.7 1.9 Low Moderate
(P&O)
Particle
Swarm 98% [44] 93-97.5% 12.56 0.4 0.8 Medium High
Optimisation
(PSO)
Hybrid o o . .
P&O-PSO 98.5% [44] 95.5-98% 12.89 0.2 1.2 Medium High
Fuzzy Logic
Controller 97.8% [45] 94-96.5% 13.09 0.15 1.35 Medium High
(FLC)
Neural
Network 97.5% [46] 93.5-98.0% 13.15 0.23 1.6 High High
(NN)
ANFIS 98.5% [47] 94-98.5% 13.30 0.1 0.35 High High
%10 Battery Energy Storage System (BESS) charging and discharging behaviour
I I I I
A —

Feeding both solar PV and battery power into the grid during peak hours

Battery exporting to grid

Battery exporting to grid

Solar power charges a battery using excess power
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Figure 9. The charging and discharging profile of the battery energy storage system (BESS).

The total harmonic distortion (THD) was measured under the proposed power flow
controller to evaluate the system’s power quality. The results, as shown in Figure 10,
indicate that the THD values remain below the IEEE standard 519 [48] recommended limit
of 5%. This confirms that the proposed controller effectively reduces harmonic distortion
and maintains a stable output waveform. It helps to ensure improved power quality under

different operating conditions.
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Figure 10. FFT analysis of proposed PPFC-based power flow controller.

4, Future Work

This study presents a comparative analysis of MPPT techniques integrated with PPFC
for harmonic mitigation in RES. The effectiveness of the proposed system was validated
through hardware-in-the-loop (HIL) testing, which provided real-time verification of the
controller’s performance and ensured practical feasibility under realistic operating con-
ditions. Future research could explore the scalability of the proposed methods across
diverse grid configurations and varying renewable energy sources. Specifically, investigat-
ing the performance of MPPT techniques under extreme environmental conditions and
their adaptability to real-time data inputs could further improve system robustness. In
addition, a comparative analysis of different DC-DC converters and inverter topologies
can be conducted to evaluate their impacts on system efficiency, harmonic reduction, and
overall performance. Future work also includes developing an HRES that integrates mul-
tiple sources, such as solar and wind, to optimise energy generation while minimising
harmonic distortion.

5. Conclusions

This study presents a comprehensive evaluation of advanced MPPT techniques in-
tegrated with PPFC to mitigate harmonics in smart-grid systems effectively. The results
demonstrate that the proposed control strategy successfully maintains the THD within the
IEEE-recommended limit of 5%, thereby improving power quality and ensuring stable grid
operation. A detailed comparative analysis confirmed that intelligent MPPT techniques,
particularly the ANFIS-based approach, significantly improved the tracking efficiency,
dynamic response, and system stability under nonlinear and varying environmental con-
ditions. The integration of MPPT with PPFC further enhances overall performance by
enabling coordinated control of power flow and harmonic suppression. The findings
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highlight the critical role of advanced and adaptive control strategies in improving the
reliability and efficiency of renewable energy integration into modern power systems.
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