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A B S T R A C T 

Grid-connected photovoltaic (PV) systems require accurate maximum power point 

tracking (MPPT), stable direct-current (DC)-link voltage regulation, and improved 

grid power quality under variable irradiance and temperature. Conventional MPPT 

methods often exhibit tracking delays and steady-state oscillations and have a limited 

ability to maintain low harmonic distortion in the grid current under dynamic 

operating conditions. This simulation-based work develops an artificial neural 

network (ANN)-based MPPT control strategy for improving power extraction, DC-

link stability, and grid-current quality in a single-phase grid-connected PV system. 

The ANN controller uses irradiance, cell temperature, PV voltage, current, and power 

as input variables to estimate the voltage reference corresponding to the maximum 

power point. The error between the predicted reference voltage and the measured PV 

voltage is used to adjust the duty cycle of the DC–DC boost converter, while the 

regulated DC-link supports synchronized inverter operation. Under the simulated 

operating conditions, the system attained a PV voltage of 192 V, a PV current of 

0.308 A, and an output power of 59.17 W, a duty cycle of 0.55, a DC-link voltage of 

426 V, a switching frequency of 25 kHz, an RMS grid voltage of 230 V, and a grid-

current THD of 3.42%.  
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1. Introduction 

The increasing penetration of photovoltaic (PV) 

generation into residential, commercial, and utility-

scale power networks has intensified the need for 

efficient energy extraction, stable power conversion, 

and reliable grid integration. The electrical 

characteristics of a PV array vary nonlinearly with 

solar irradiance, cell temperature, partial shading, 

module ageing, and load conditions. These 

variations continuously shift the maximum power 

point (MPP), making maximum power point 

tracking (MPPT) essential for extracting the 

available solar energy. In grid-connected PV 

systems, however, effective power extraction alone 

is insufficient. MPPT operation must be coordinated 

with direct-current (DC)-link voltage regulation, 

converter switching, inverter synchronization, and 

grid-current control. Inadequate coordination among 

these stages can result in power loss, slow transient 

response, operating-point oscillation, DC-link 

voltage fluctuation, and increased harmonic 

distortion in the injected grid current. 

Conventional MPPT techniques, particularly Perturb 

and Observe (P&O) and Incremental Conductance 

(INC), are widely adopted because of their simple 

structure, low computational burden, and ease of 

implementation. Nevertheless, fixed-step P&O 

control generally produces steady-state oscillation 

around the MPP, while rapid changes in irradiance 

may cause incorrect tracking decisions. INC offers 

improved tracking under changing environmental 

conditions but remains dependent on the selected 

step size and measurement accuracy. These 

limitations become more significant when the PV 

source is connected to a grid through multiple 

power-conversion stages. Recent developments in 

grid modernization and energy-storage integration 

have therefore emphasized the importance of 

coordinated and sustainable power-management 

strategies [1]. Artificial neural network (ANN)-

based energy management has also been 

investigated in hybrid microgrids with state-of-

charge-supervised storage and multiple grid-

operating modes, demonstrating the ability of data-

driven controllers to represent nonlinear energy-

system behaviour [2]. However, system-level power-

management approaches do not necessarily provide 

direct coordination among PV-side MPPT, boost-

converter duty-cycle regulation, DC-link 

stabilization, and grid-current harmonic control. 

Several optimization-based MPPT methods have 

been introduced to improve tracking performance 

under nonlinear and time-varying operating 

conditions. A bio-inspired MFB optimization 

technique was applied to grid-connected PV systems 

to enhance maximum-power extraction [3]. 

Similarly, a neural-network controller combined 

with ant-colony-optimized proportional–integral 

control was developed for a PV-based DC microgrid 

containing battery and supercapacitor storage [4]. 

Although such approaches can improve operating-

point identification, they generally require several 

tuning parameters and greater computational effort. 

Other data-driven methods have addressed related 

PV-system functions. A physics-constrained causal-

discovery and graph-neural-network framework was 

proposed for PV fault diagnosis [5], whereas a 

seven-level inverter was evaluated for grid-

connected operation [6]. These studies improve 

fault-identification or converter performance; 

however, they do not jointly evaluate ANN-based 

MPP prediction, DC-link voltage control, inverter 

synchronization, and grid-current total harmonic 

distortion (THD). 

ANN-based MPPT has received considerable 

attention because neural networks can learn 

nonlinear relationships among irradiance, 

temperature, PV voltage, PV current, and output 

power. A flexible ANN-based power-point tracker 

was developed to improve the dynamic response of a 

grid-connected PV system [7]. ANN-based MPPT 

was also implemented using a modified flyback 

converter for PV systems in active buildings [8]. A 

grey-wolf-optimized deep adaptive neural MPPT 

technique was introduced for high-efficiency grid-

integrated PV operation [9]. In another application, a 

Levenberg–Marquardt-trained neural controller was 

employed with a low-input-current-ripple, high-

voltage-gain converter in a fuel-cell energy system 

[10]. These investigations demonstrate the nonlinear 

approximation and adaptive prediction capabilities 

of neural networks. However, the use of deep, 

optimized, or hybrid neural structures may increase 

training requirements, parameter dependence, 

controller complexity, and implementation cost. 

Other intelligent-control and converter studies have 

focused on individual functions within grid-

connected renewable-energy systems. A dung-

beetle-optimized neuro-synergetic controller was 

applied to a grid-connected PV system [11], while 

an asymmetrical fifteen-level inverter was 

experimentally and numerically evaluated using a 

mixed-frequency carrier strategy [12]. An adaptive 

MPPT technique was developed to improve grid-

integrated PV performance [13]. Under partial-

shading conditions, a global MPPT strategy 

combining high-order sliding-mode control, 
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artificial-bee-colony optimization, and neural-

network prediction was proposed [14]. Hybrid deep-

neural learning was also applied to improve energy 

harvesting under complex partial-shading patterns 

[15]. Although these methods improve tracking or 

converter performance, their multistage optimization 

structures can make controller design, parameter 

tuning, and real-time implementation more 

demanding. 

Grid-interface research has further highlighted the 

importance of inverter topology, power-flow 

regulation, fault tolerance, and low-latency control. 

A common-ground transformerless single-phase 

inverter topology was derived using graph theory 

[16]. An optimized neural-network strategy was 

employed for electric vehicle (EV) charging power-

flow control [17], and an edge-optimized embedded 

system was developed for low-latency fault 

detection in electrical grids [18]. Robust ANN-based 

control was investigated for PV integration during 

grid faults [19], while an assistive power-balancing 

method was developed for a cascaded H-bridge 

inverter in a grid-connected PV application [20]. 

These studies improve specific functions such as 

converter topology, fault detection, power balancing, 

or grid-fault response. However, they do not provide 

a compact single-phase control structure in which 

PV-side ANN prediction is directly coordinated with 

boost-converter regulation, DC-link control, and 

grid-side power-quality evaluation. 

More recent investigations have directly addressed 

MPPT and power quality in grid-connected PV 

systems. A comparative assessment of conventional 

MPPT methods demonstrated their ability to 

optimize the output of grid-tied PV systems, but it 

did not include ANN-based MPP reference 

estimation or coordinated DC-link and inverter 

control [21]. A hybrid ANN–Grey Wolf 

Optimization (GWO) MPPT method combined with 

Model Predictive Control (MPC) was developed for 

electric-vehicle charging under partial-shading 

conditions [22]. Although effective under complex 

operating conditions, the combined optimization and 

predictive-control structure increases computational 

and implementation requirements. Optimal power-

point tracking was also investigated for distributed 

grid-connected PV systems [23], but a unified 

assessment of ANN prediction, duty-cycle response, 

DC-link stability, synchronization, and grid-current 

distortion was not presented. An ANN-based 

current-control method improved the power quality 

of a grid-tied PV system [24]; however, its primary 

focus was grid-side current regulation rather than 

coordinated PV-side ANN-MPPT and boost-

converter control. 

The environmental and implementation 

characteristics of power converters are also relevant 

to sustainable PV integration. A life-cycle 

assessment of a high-step-up non-isolated direct-

current–direct-current (DC–DC) converter examined 

raw-material extraction, manufacturing, operation, 

and end-of-life stages, demonstrating that converter 

selection affects both electrical performance and 

environmental impact [25]. Earlier control and 

circuit-level studies have also supported the practical 

implementation of intelligent controllers. A radial 

basis function neural-network controller combined 

with a sliding-surface strategy improved nonlinear 

tracking in a coupled-tank system [26]. A high-

speed complementary metal–oxide–semiconductor 

(CMOS) fuzzy controller demonstrated the 

feasibility of compact intelligent-control hardware 

[27], while programmable rational-powered 

membership-function circuits enabled flexible and 

high-resolution fuzzy-control implementation [28]. 

Although these contributions provide useful 

foundations for neural and fuzzy control, they do not 

address coordinated MPPT and grid-power-quality 

enhancement in a single-phase grid-connected PV 

system. 

The reviewed literature indicates that relatively few 

studies jointly evaluate PV-side power extraction 

and grid-side power quality using a compact ANN-

based control structure. Most existing methods focus 

on individual functions, including MPP tracking, 

partial-shading management, fault diagnosis, 

converter topology, inverter-current control, or 

energy-storage management. Limited attention has 

been given to the direct coordination of ANN-based 

MPP reference estimation, boost-converter duty-

cycle regulation, DC-link voltage control, single-

phase inverter synchronization, and grid-current 

THD evaluation. A unified framework is therefore 

required to improve transient tracking, reduce 

steady-state oscillation, regulate the converter 

output, and maintain grid-current quality without 

relying on an excessively complex hybrid 

optimization structure. 

The main contribution of this study is the 

coordinated integration of ANN-based MPPT, 

boost-converter duty-cycle control, DC-link voltage 

regulation, inverter synchronization, and grid-

current harmonic evaluation within a unified 

simulation framework. The ANN uses solar 

irradiance, cell temperature, PV voltage, PV current, 

and PV power as input variables to estimate the 

voltage reference corresponding to the MPP. The 
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difference between the predicted reference voltage 

and the measured PV voltage is used to adjust the 

duty cycle of the DC–DC boost converter. This 

control sequence establishes a closed-loop 

relationship among ANN prediction, MPP operation, 

converter voltage gain, and DC-link stabilization. 

The principal contribution is the simultaneous 

quantitative assessment of PV source-side and grid-

interface performance. Source-side performance is 

evaluated using tracking accuracy, response time, 

steady-state oscillation, duty-cycle response, 

converter ripple, and DC-link voltage stability. Grid-

side performance is assessed using voltage–current 

synchronization, power factor, and grid-current 

THD. Under the investigated simulation conditions, 

the proposed ANN-MPPT controller attains a 

tracking accuracy of 99.20%, a response time of 

0.058 s, a steady-state oscillation level of 0.014, a 

regulated DC-link voltage of 426 V, and a grid-

current THD of 3.42%. Comparative simulation 

results indicate improved tracking response, reduced 

oscillation, and better grid-current quality relative to 

the conventional and intelligent MPPT techniques 

considered. The contribution therefore extends 

beyond ANN-based MPP prediction by coordinating 

the PV source, boost converter, DC link, inverter, 

and grid interface within a common control and 

evaluation framework. 

2. Proposed Methodology 

2.1 Overall System Architecture 

The proposed system consists of a PV array, an 

ANN-based MPPT controller, a DC–DC boost 

converter, a regulated DC-link, a single-phase 

voltage-source inverter, and a grid-interface control 

stage, a single-phase voltage-source inverter, and a 

grid-interface control stage. The control architecture 

is designed to coordinate PV-side power extraction 

with converter regulation and grid-side current 

injection under variations in solar irradiance and cell 

temperature. The overall operating sequence 

includes PV-parameter measurement, ANN-based 

maximum-power-point reference estimation, boost-

converter duty-cycle adjustment, DC-link voltage 

regulation, inverter synchronization, pulse-width 

modulation (PWM) generation, and grid-current 

quality evaluation. Solar irradiance G, cell 

temperature TC, PV voltage VPV and PV current IPV 

are measured continuously. The instantaneous PV 

power is calculated as PPV = IPV x VPV. These 

environmental and electrical variables form the input 

vector of the trained ANN model. The ANN 

estimates the reference voltage Vmpp,ref  
corresponding to the maximum power point. The 

predicted reference is then compared with the 

measured PV voltage to determine the voltage-

tracking error. This error is used to update the boost-

converter duty cycle so that the operating point of 

the PV array converges toward the maximum-power 

region. Figure 1 presents the overall architecture of 

the proposed ANN-based MPPT and grid-integration 

framework. 

 
Figure 1. Methodology of the ANN-based MPPT control system showing PV parameter sensing, ANN-

based MPP reference estimation, DC–DC boost converter control, DC-link regulation, and grid 

integration 

2.2 ANN-Based Maximum-Power-Point 

Estimation 

The ANN is employed to represent the nonlinear 

relationship among solar irradiance, cell 

temperature, PV voltage, PV current, PV power, and 

the voltage corresponding to the maximum power 

point. The network contains five input neurons 

representing G, Tc, VPV, IPV, and PPV. Two hidden 

layers containing 10 and 8 neurons, respectively, are 

used to extract the nonlinear features associated with 

the PV operating condition. A tangent-sigmoid 

activation function is applied in the hidden layers, 

while a linear activation function is used at the 

output layer to estimate Vmpp,ref.. The ANN is trained 

using the Levenberg–Marquardt back-propagation 

algorithm, with the mean squared error used as the 

performance function. A total of 2,500 samples were 

divided into training, validation, and testing subsets 

in a ratio of 70:15:15. All input variables are 

normalized between 0 and 1 before being applied to 
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the network. The normalization procedure prevents 

variables with larger numerical ranges from 

dominating the learning process and improves 

numerical stability during training. The trained 

model is subsequently incorporated into the closed-

loop MPPT controller. At each sampling instant, the 

measured and calculated PV variables are 

normalized and applied to the ANN, which 

generates the required MPP voltage reference. 

2.3 Boost-Converter Duty-Cycle Control 

The boost converter performs two related functions: 

it regulates the operating voltage of the PV array and 

increases the PV-side voltage to the DC-link level 

required by the inverter. The voltage error is defined 

as the difference between the ANN-predicted MPP 

reference voltage and the measured PV voltage. A 

duty-cycle correction mechanism processes this 

error and updates the converter reference duty ratio. 

When the measured PV voltage differs from Vmpp,ref, 

the controller changes the duty cycle to shift the PV 

operating point toward the predicted maximum-

power condition. The duty cycle is restricted to the 

range of 0.10–0.85 to prevent impractical converter 

operation and excessive switching stress. A 

sampling interval of 50 µs is used for ANN 

evaluation and duty-cycle updating. The resulting 

duty-cycle reference is compared with a high-

frequency carrier signal to generate the PWM gate 

command for the boost-converter switch. This 

closed-loop procedure reduces dependence on fixed 

perturbation steps and limits continuous oscillation 

around the maximum power point. 

2.4 DC-Link Regulation and Grid-Side Control 

The output of the boost converter supplies the DC-

link capacitor, which acts as the intermediate 

energy-storage element between the PV source and 

the inverter. Variations in solar irradiance, PV 

output power, converter duty cycle, and grid-side 

power transfer can disturb the DC-link voltage. A 

proportional–integral (PI) voltage controller is 

therefore used to regulate the DC-link voltage 

around its reference value. The difference between 

the reference and measured DC-link voltages is 

processed to determine the required active grid-

current magnitude. 

The single-phase inverter converts the regulated DC-

link voltage into alternating current for grid 

injection. A phase-locked loop (PLL) determines the 

grid-voltage phase angle and generates a 

synchronized sinusoidal current reference. The 

inverter switching signals are produced through 

PWM so that the injected current follows the 

reference waveform. The control objective is to 

maintain the grid current approximately sinusoidal 

and in phase with the grid voltage, thereby 

supporting a high-power factor and reducing 

harmonic distortion. 

2.5 Closed-Loop Control Sequence 

The complete control procedure is executed 

repeatedly under changing irradiance and 

temperature conditions. Initially, the PV and control-

system variables are initialized. The controller then 

measures G, Tc, VPV, IPV, and PPV, forms the ANN 

input vector, and normalizes the input values. The 

trained ANN estimates Vmpp,ref, after which the PV-

voltage error and boost-converter duty-cycle 

reference are calculated. PWM switching  

commands are generated for the DC–DC converter, 

and the resulting DC-link voltage is regulated. The 

grid phase is then identified, inverter switching 

pulses are generated, and a controlled sinusoidal 

current is injected into the single-phase grid. Figure 

2 illustrates the sequential control process, including 

PV parameter measurement, ANN-based MPP 

estimation, duty-cycle updating, DC-link regulation, 

inverter synchronization, grid-current injection, and 

power-quality evaluation under variable irradiance 

and temperature. 

 
Figure 2. Flowchart of the proposed ANN-based 

MPPT control algorithm for single-phase grid-

connected PV operation under variable irradiance 

and temperature conditions 
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Algorithm. ANN-Based MPPT Control Procedure 

Step 1: Start the PV-based single-phase grid-

connected system. 

Step 2: Measure irradiance G and cell temperature Tc. 

Step 3: Measure PV voltage Vpv and PV current Ipv. 

Step 4: Calculate PV output power Ppv. 

Step 5: Form ANN input vector X(k). 

Step 6: Normalize the input vector using the training 

limits. 

Step 7: Apply the normalized vector to the trained 

ANN model. 

Step 8: Estimate MPP reference voltage Vmpp*. 

Step 9: Compare Vmpp* with measured PV voltage. 

Step 10: Calculate PV voltage error ev(k). 

Step 11: Update boost-converter duty cycle Dref(k). 

Step 12: Generate PWM command for the DC-DC 

converter. 

Step 13: Regulate the DC-link voltage. 

Step 14: Generate inverter PWM pulses and inject a 

sinusoidal grid current. 

Step 15: Repeat the sequence under changing 

irradiance and temperature. 

3. Mathematical Modelling and Controller 

Design 

The photocurrent generated by the PV module varies 

with irradiance  G  and cell temperature  cT , as 

expressed in Eq. (1) [8, 13, 14, 21]. 

 
ref

refciscph
G

G
TTKII )(   (1) 

where phI  is the photocurrent, scI is the short-

circuit current,  iK  is the temperature coefficient of 

current, cT  is the cell temperature,  refT  is the 

reference temperature,  G  is the solar irradiance, 

and refG  is the reference irradiance. The nonlinear 

output current of the PV array, including series 

resistance sR  and shunt resistance shR , is given in 

Eq. (2) [8, 13, 14, 21]. 
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where pvI  is the PV current,  pvV  is the PV terminal 

voltage,  oI is the reverse saturation current,  is the 

diode ideality factor, tV is the thermal voltage, sR is 

the series resistance, and shR is the shunt resistance. 

The instantaneous power extracted from the PV 

array is calculated from the measured PV voltage 

and current, as expressed in Eq. (3) [13, 21, 23]. 

Table 1 presents the ANN architecture, training 

parameters, and implementation settings for the grid-

connected PV system. 

 

Table 1. ANN-MPPT controller architecture, 

training parameters, and implementation settings for 

grid-connected PV operation 

ANN Parameters Specification 

Network type Feed-forward back-

propagation neural 

network 

Number of input neurons 5 

Input variables G, TC, VPV, IPV, PPV 

Number of hidden layers 2 

Neurons in hidden layer 1 10 

Neurons in hidden layer 2 8 

Number of output 

neurons 

1 

Output variable Vmpp,ref 

Hidden-layer activation 

function 

Tangent sigmoid 

Output-layer activation 

function 

Pure linear 

Training algorithm Levenberg-

Marquardt back-

propagation 

Performance function Mean squared error 

Input normalization range 0 to 1 

Training–validation–

testing ratio 

70:15:15 

Number of training 

samples 

2500 

Maximum training 

epochs 

1000 

Target mean squared 

error 

1 x 10-6 

Duty-cycle operating 

limit 

0.10 to 0.85 

Sampling time 50 µs 

pvpvpv IVP   
(3) 

where pvP is the PV output power,  pvV  is the PV 

voltage, and pvI  is the PV current. 

At the maximum power point, the derivative of PV 

power with respect to PV voltage becomes zero, as 

represented in Eq. (4) [13, 14, 21, 23]. 
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pv

pv
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pv

pv

dV

dI
VI

dV
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where pvpv dVdP / is the PV power slope and 

pvpv dVdI / is the incremental slope of the PV 

current-voltage characteristic. The MPP tracking 

decision can be verified using the incremental 

conductance condition shown in Eq. (5) [13, 21, 23]. 

pv

pv

pv

pv

V

I

dV

dP
  (5) 

where pvpv dVdI /  represents incremental 

conductance and pvpv VI /  represents instantaneous 

conductance. The ANN receives environmental and 

electrical PV parameters as the input vector, as 

shown in Eq. (6) [7, 8, 9, 22]. 

 TpvpvpvcANN kPkIkVkTkGkX )(),(),(),(),()(   (6) 

where )(kX ANN  is the ANN input vector at 

sampling instant k , and the terms 

)(),(),( kVkTkG pvc , )(kI pv , and )(kPpv  denote 

irradiance, temperature, PV voltage, PV current, and 

PV power, respectively. 

The ANN estimates the reference voltage 

corresponding to the MPP using the nonlinear 

mapping function represented in Eq. (7) [7, 8, 10, 

19, 24]. 

))(,,()(, kXbwfkV ANNANNrefmpp   
(7) 

where )(, kV refmpp  is the predicted MPP reference 

voltage, ANNf is the ANN mapping function,  w  

denotes the weight matrices,  b  denotes the bias 

vectors, and )(kX ANN  is the ANN input vector. The 

ANN-MPPT controller generates the converter duty 

cycle reference based on the predicted MPP voltage, 

as expressed in Eq. (8) [4, 7, 8, 22]. 

 )()()1()( , kVkVKkDkD pvrefmppDref   
(8) 

where )(kDref  is the reference duty cycle,  )1( kD  

is the previous duty cycle,  DK is the duty-cycle 

correction gain,  )(, kV refmpp  is the predicted MPP 

voltage, and )(kVpv  is the measured PV voltage. For 

the ideal DC-DC boost converter, the relationship 

between the PV input voltage and the DC-link 

voltage is given in Eq. (9) [8, 10, 22]. 

D

V
V

pv
dc




1
 (9) 

where dcV  is the DC-link voltage,  pvV  is the PV 

voltage, and D  is the duty cycle of the boost 

converter. The inductor current ripple of the DC-DC 

converter is obtained from the switching duty ratio, 

inductance, and switching frequency, as represented 

in Eq. (10) [8, 10, 22]. 

s

pv
L

Lf

DV
I   (10) 

where LI  is the inductor current ripple,  L  is the 

boost-converter inductance, sf is the switching 

frequency,  pvV  is the PV voltage, and D  is the 

duty cycle. The DC-link capacitor voltage ripple 

under switching operation is estimated using Eq. 

(11) [4, 10, 22]. 

sdc

dc
dc

fC

DI
V   (11) 

where dcV  is the DC-link voltage ripple,  dcI  is 

the DC-link current,  dcC  is the DC-link 

capacitance, D  is the duty cycle, and sf  is the 

switching frequency. The DC-link voltage control 

error is calculated by comparing the reference 

voltage with the measured DC-link voltage, as 

expressed in Eq. (12) [4, 19, 22, 24]. 

)()()( , kVkVke dcrefdcdc   
(12) 

where )(kedc  is the DC-link voltage error,  

)(, kV refdc  is the reference DC-link voltage, and 

)(kVdc  is the measured DC-link voltage. The PI 

voltage controller produces the active grid-current 

reference using Eq. (13) [4, 19, 22, 24]. 






k

j

sdcidcprefg TjeKkeKkI

0

, )()()(  (13) 

 

where )(, kI refg  is the grid current reference 

magnitude,  pK  is the proportional gain,  iK  is the 

integral gain,  )( jedc  is the DC-link voltage error, 

and sT  is the sampling time. The inverter injects a 

sinusoidal current synchronized with the single-

phase grid voltage, as represented in Eq. (14) [16, 

19, 20, 24]. 
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)sin()( ,, grefgrefg IkI   
(14) 

where )(, kI refg  is the instantaneous grid current 

reference,  refgI ,  is the peak grid current reference, 

and g  is the grid phase angle obtained from PLL 

synchronization. The quality of the injected grid 

current is evaluated using the THD expression given 

in Eq. (15) [6, 16, 20, 24]. 

%100
1

2

2


 

I

I
THD

N

h
h

i  (15) 

where iTHD  is the current total harmonic distortion,  

hI is the RMS value of the thh  harmonic current 

component, 1I  is the RMS value of the fundamental 

current component, and N is the maximum harmonic 

order considered.  

4. Results and Discussion  

4.1 ANN Training Performance 

The ANN was trained to estimate the reference 

voltage corresponding to the maximum power point 

from five input variables: solar irradiance, cell 

temperature, PV voltage, PV current, and PV power. 

The network employed two hidden layers containing 

10 and 8 neurons, respectively, with tangent-sigmoid 

activation functions, while a linear activation 

function was used in the output layer. The available 

dataset contained 2500 samples and was divided into 

training, validation, and testing subsets in a ratio of 

70:15:15. The input variables were normalized to the 

range of 0–1, and the network was trained using the 

Levenberg–Marquardt back-propagation algorithm 

with mean squared error as the performance 

criterion. 

Figure 3 presents the variation in mean squared error 

over the training epochs. The error decreases rapidly 

during the initial epochs and subsequently 

approaches a stable minimum, indicating that the 

network converges without persistent oscillation in 

the learning process. The similarity among the 

training, validation, and testing curves suggests that 

the model maintains comparable prediction 

behaviour across the three data subsets. 

Nevertheless, the generalization capability should 

ultimately be confirmed using operating conditions 

that are independent of the training dataset. 

 
Figure 3. ANN training performance curve showing 

the variation in mean squared error over the training 

epochs for evaluating convergence of the ANN-

MPPT model 

 

The distribution of prediction errors shown in Figure 

4 is concentrated near zero. This distribution 

indicates that most ANN outputs remain close to 

their corresponding target values. A narrow error 

distribution is particularly important for the 

proposed controller because large reference-voltage 

prediction errors could produce unnecessary duty-

cycle variations and increase oscillation around the 

maximum power point. The obtained training 

behaviour therefore supports the use of the ANN as 

the reference-estimation component of the closed-

loop MPPT controller.  

 
Figure 4. Error histogram of the ANN model for 

training, validation, and testing data showing the 

distribution of prediction errors around zero-error 

region 

However, the training curves and error histogram 

alone do not establish robustness under previously 

unseen partial-shading patterns, sensor noise, 

parameter ageing, or grid disturbances.  

4.2 MPPT Dynamic Response 

The dynamic response of the ANN-based MPPT 

controller was evaluated by varying solar irradiance 

from 650 to 1060 W/m² and cell temperature from 

25.0 to 29.7°C. The environmental profile presented 

in Figure 5 shifts the PV operating point and 

provides a time-varying test condition for evaluating 

reference estimation, duty-cycle adjustment, and 

maximum-power-point convergence. The controller 
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continuously measures the environmental and 

electrical variables, estimates the required 

maximum-power-point voltage, and adjusts the 

converter duty cycle according to the difference 

between the estimated and measured PV voltages. 

 
Figure 5. Irradiance and temperature profiles used to 

evaluate the dynamic tracking performance of the 

ANN-MPPT controller 

 

Figure 6 shows that the duty cycle changes during 

the initial transient and settles near 0.55 under the 

nominal operating condition. This response indicates 

that the controller modifies the boost-converter 

operating state to move the PV array toward the 

predicted maximum-power region. 

  

 
Figure 6. Duty-cycle response of the ANN-MPPT 

controller showing converter duty-cycle adjustment 

during maximum power point tracking of the PV 

system 

 

The corresponding current–voltage and power–

voltage characteristics in Figure 7 identify the 

nonlinear PV operating region and the location of 

the maximum power point. The PV array 

configuration and voltage-scaling relationship were 

selected to produce the reported operating voltage of 

approximately 192 V, consistent with the current–

voltage characteristic shown in Figure 7. 

 
Figure 7. PV current–voltage and power–voltage 

characteristics under standard test conditions 

showing the maximum power point operating region 

Table 2 summarizes the dynamic MPPT 

performance at different irradiance and temperature 

levels. As irradiance increases from 650 to 1060 

W/m², the reported tracking time decreases from 

0.082 to 0.055 s, while the tracking accuracy 

increases from 97.40% to 99.35%. Over the same 

operating range, the reported ripple index decreases 

from 0.021 to 0.013. At 1000 W/m² and 28.6°C, the 

controller achieves a tracking accuracy of 99.20%, a 

response time of 0.058 s, and a ripple index of 

0.014. These results indicate improved convergence 

and reduced steady-state variation at higher 

irradiance levels under the investigated simulation 

conditions. 

The ripple values reported in Table 2 represent the 

normalized steady-state power oscillation around the 

maximum power point.  

 

Table 2. Dynamic MPPT tracking performance 

of the ANN controller under different irradiance and 

temperature conditions 

Irradia

nce 

(W/m²) 

Temperat

ure (°C) 

Tracki

ng 

Time 

(s) 

Ripp

le 

Accura

cy (%) 

650 25.0 0.082 0.021 97.40 

780 26.2 0.071 0.018 98.10 

900 27.4 0.063 0.016 98.80 

1000 28.6 0.058 0.014 99.20 

1060 29.7 0.055 0.013 99.35 

4.3 Converter and DC-Link Performance 

The DC–DC boost converter regulates the PV 

operating voltage and raises it to the level required 

by the single-phase inverter. The converter duty 

cycle is generated from the ANN-predicted 

maximum-power-point voltage and the measured PV 

voltage. Figure 8 presents the PWM gate signals 
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used to control the boost converter and inverter 

switches. The switching frequency is maintained at 

25 kHz, which represents a compromise among 

switching losses, converter ripple, and control-

response requirements. 

 
Figure 8. PWM gate-pulse generation for the DC–

DC boost converter and single-phase inverter used 

for controlled power conversion and grid injection 

 

The influence of duty-cycle variation on the 

converter and DC-link performance is summarized 

in Table 3. When the duty cycle increases from 0.50 

to 0.60, the PV voltage increases from 184 to 200 V 

and the DC-link voltage rises from 368 to 500 V. 

The corresponding PV output power increases from 

52.40 to 63.70 W, whereas the reported ripple 

decreases from 1.42 to 0.92. At the selected nominal 

operating point, a duty cycle of 0.55 produces a PV 

voltage of 192 V, a PV output power of 59.17 W, 

and a DC-link voltage of approximately 426 V. 

These values demonstrate the direct influence of 

duty-cycle regulation on converter voltage gain, PV 

power extraction, and DC-link operating conditions. 

 

Table 3. Effect of duty-cycle variation on PV 

voltage, DC-link voltage, PV output power, and 

converter ripple 

Duty 

Cycle 

PV 

Voltage 

(V) 

DC-Link 

Voltage (V) 

PV 

Power 

(W) 

Ripple 

0.50 184 368 52.40 1.42 

0.53 188 400 55.80 1.21 

0.55 192 426 59.17 1.04 

0.58 196 467 61.30 0.98 

0.60 200 500 63.70 0.92 

Figure 9 shows the transient response of the DC-link 

voltage. The voltage increases from its initial value 

and progressively approaches the 426 V reference 

with diminishing oscillation. After the transient 

interval, the DC-link voltage remains close to the 

reference level, indicating that the combined boost-

converter and voltage-control stages can maintain 

the inverter input voltage under the simulated 

conditions. 

 
Figure 9. DC-link voltage regulation response showing 

the ability of the boost converter and ANN-based MPPT 

controller to maintain a stable DC-link voltage 

 

4.4 Grid-Side Power Quality 

The regulated DC-link voltage supplies the single-

phase inverter, which converts the available DC 

power into alternating current for grid injection. The 

inverter-current reference is synchronized with the 

grid voltage using the estimated grid phase angle. 

Pulse-width modulation is then applied to generate 

the switching signals required to ensure that the 

injected current follows the sinusoidal reference. 

The primary grid-side objectives are to maintain 

voltage–current synchronization, achieve a high-

power factor, and limit the harmonic content of the 

injected current. 

Figure 10 presents the grid-voltage and grid-current 

waveforms. The close phase alignment between the 

grid-current and grid-voltage waveforms indicates 

predominantly active-power transfer and 

synchronized inverter operation. At the nominal 

operating point, the grid voltage is approximately 

230 V RMS, the frequency is 50 Hz, and the power 

factor is reported as 0.992.  

 
Figure 10. Grid voltage and grid current waveforms 

showing synchronization between the inverter output 

current and the single-phase grid voltage 
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The harmonic spectrum shown in Figure 11 

indicates a dominant fundamental current 

component and smaller higher-order harmonic 

components. The calculated grid-current THD at the 

nominal operating point is 3.42%. Table 4 shows 

that, as the grid voltage increases from 228 to 232 V, 

the grid current rises from 0.238 to 0.268 A.  

 
Figure 11. Harmonic spectrum of the injected grid 

current showing the total harmonic distortion of the 

grid current under ANN-based MPPT operation 

 

Table 4. Grid-side power-quality performance 

showing voltage, current, frequency, THD, and 

power factor under ANN-MPPT operation 

Grid 

Voltage 

(V) 

Grid 

Current 

(A) 

Frequency 

(Hz) 

THD 

(%) 

Power 

Factor 

228 0.238 49.96 3.91 0.982 

229 0.246 49.98 3.66 0.987 

230 0.257 50.00 3.42 0.992 

231 0.262 50.01 3.38 0.993 

232 0.268 50.02 3.35 0.994 

Over the same range, the reported power factor 

improves from 0.982 to 0.994, while current THD 

decreases from 3.91% to 3.35%. The frequency 

remains close to 50 Hz, varying between 49.96 and 

50.02 Hz. 

These results indicate that the inverter controller 

maintains synchronized current injection and 

relatively low harmonic distortion under the tested 

grid-voltage range. The reported harmonic 

performance applies to the investigated simulation 

conditions and does not constitute a complete 

compliance assessment against the requirements of 

IEEE 519 or IEEE 1547. Although the obtained 

grid-current THD is relatively low, complete grid-

code compliance requires additional assessment of 

voltage level, harmonic-order limits, point-of-

common-coupling conditions, and measurement 

procedures. 

4.5 Comparative Assessment 

The performance of the ANN-based MPPT 

controller was compared with that of the P&O, INC, 

fuzzy-logic MPPT, and adaptive MPPT methods. 

Table 5 reports that the ANN-MPPT method 

achieves a tracking accuracy of 99.20%, a response 

time of 0.058 s, a steady-state oscillation level of 

0.014, and a grid-current THD of 3.42%. Under the 

reported comparison conditions, P&O achieves 

92.40% accuracy, a response time of 0.118 s, an 

oscillation level of 0.072, and a THD of 4.82%. INC 

achieves 95.10% accuracy, a response time of 0.095 

s, an oscillation level of 0.051, and a THD of 4.31%. 

The fuzzy-logic and adaptive MPPT methods show 

intermediate performance. 

 

Table 5. Comparative MPPT performance of 

conventional and intelligent techniques in terms of 

accuracy, response time, oscillation level, and THD 

Method Accura

cy (%) 

Respon

se Time 

(s) 

Oscillati

on Level 

TH

D 

(%) 

P&O 

MPPT 

92.40 0.118 0.072 4.82 

Increment

al 

Conductan

ce MPPT 

95.10 0.095 0.051 4.31 

ANN-

MPPT 

99.20 0.058 0.014 3.42 

Fuzzy 

Logic 

MPPT 

98.60 0.064 0.019 3.55 

Adaptive 

MPPT 

97.90 0.071 0.023 3.74 

Figure 12 compares the methods in terms of tracking 

accuracy, response time, DC-link ripple, PV output 

power, steady-state error, and THD reduction.  

 
Figure 12. Comparative performance analysis of different 

MPPT techniques based on tracking accuracy, response 

time, DC-link ripple, PV output power, steady-state 

error, and THD reduction 
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Figure 13 presents a normalized radar-chart 

comparison based on tracking accuracy, dynamic 

response, DC-link stability, ripple reduction, 

synchronization, THD reduction, and overall power-

quality improvement. Both figures indicate that the 

ANN-MPPT controller provides the highest 

combined performance among the evaluated 

methods under the investigated simulation 

conditions, particularly in tracking speed, steady-

state stability, and current-harmonic reduction. 

The comparative results should be interpreted 

cautiously. A valid comparison among the methods 

requires identical PV ratings, irradiance profiles, 

sampling intervals, converter parameters, switching 

frequencies, controller limits, and performance 

definitions.  

 
Figure 13. Radar chart comparison of P&O MPPT, 

INC MPPT, and ANN-MPPT based on tracking 

accuracy, dynamic response, DC-link stability, ripple 

reduction, synchronization, and THD reduction 

Table 6 presents the proposed scenarios for future 

validation under partial shading and grid 

disturbances. Experimental implementation, real-

time processor testing, computational-cost 

assessment, sensor-noise analysis, and validation 

under global maximum-power-point conditions are 

necessary before conclusions about practical 

superiority can be established. Table 7 further 

compares the proposed method with recent MPPT 

and grid-current-control approaches. The proposed 

framework provides coordinated ANN-based MPP 

estimation, boost-converter duty-cycle control, DC-

link regulation, grid synchronization, and THD 

evaluation.  

Table 6. Extended validation scenarios for 

evaluating ANN-MPPT robustness under partial 

shading and grid disturbances 

Test Operatin

g 

Purpose Paramete

rs to 

Case Conditio

n 

Report 

Uniform 

irradianc

e 

650-1060 

W/m² 

Base MPPT 

tracking 

validation 

Tracking 

time, PV 

power, 

duty cycle, 

THD 

Partial 

shading 

case 1 

1000-

800-600 

W/m² 

Global 

maximum 

power point 

(GMPP) 

tracking under 

multiple peaks 

GMPP 

power, 

tracking 

time, DC-

link ripple 

Partial 

shading 

case 2 

1000–

700-400 

W/m² 

Severe 

shading 

validation 

GMPP 

accuracy, 

steady-

state 

oscillation 

Voltage 

sag 

A grid 

voltage 

of 0.8 per 

unit 

(p.u.) for 

a short 

duration 

Grid fault 

response 

DC-link 

overshoot, 

settling 

time, grid 

current 

THD 

Frequenc

y 

deviation 

49-51 Hz Synchronizati

on robustness 

PLL 

response, 

grid 

current 

phase, 

power 

factor 

Distorted 

grid 

voltage 

Harmoni

c 

distortion 

in grid 

voltage 

Power-quality 

validation 

Grid-

current 

THD, 

waveform 

distortion 

Table 7. Comparative assessment of the proposed 

ANN-MPPT method with recent MPPT and power-

quality control methods 

Method Main 

focus 

Reported 

performan

ce 

Limitation 

relative to 

the 

present 

work 

Proposed 

ANN-

MPPT 

MPPT, 

DC-link 

regulatio

n, grid 

THD 

99.20% 

accuracy, 

0.058 s 

response, 

3.42% 

THD 

Simulation

-level 

validation 

only 
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INC MPPT 

[21] 

Grid-tied 

PV 

MPPT 

98.7% 

efficiency 

for I&C 

Convention

al MPPT; 

no ANN-

based 

prediction 

ANN–

GWO–

MPC [22] 

Partial 

shading 

and EV 

charging 

THD 

reduced to 

1.56% 

More 

complex 

hybrid 

control 

Radial 

Basis 

Function 

Neural 

Network–

Ant 

Colony 

Optimizati

on 

(RBFNN–

ACO) [23] 

Distribut

ed grid 

PV 

MPPT 

Tracking 

error within 

2.5% 

Limited 

grid-

current 

THD 

discussion 

ANN 

current 

control 

[24] 

Grid-tied 

inverter 

current 

control 

dSPACE-

based 

validation 

Focuses on 

inverter-

current 

control 

rather than 

ANN-

based 

MPPT 

5. Conclusion 

This study presented an ANN-based MPPT 

controller for a single-phase grid-connected 

photovoltaic system. The proposed framework 

coordinated maximum-power-point estimation, 

boost-converter duty-cycle control, DC-link voltage 

regulation, inverter synchronization, and grid-

current quality assessment. Under the investigated 

simulation conditions, the controller achieved 

99.20% tracking accuracy, a response time of 0.058 

s, a steady-state oscillation level of 0.014, a 

regulated DC-link voltage of approximately 426 V, 

and a grid-current THD of 3.42%. The results 

indicate that the ANN-based approach provides 

faster tracking, reduced operating-point oscillation, 

improved DC-link stability, and better grid-current 

quality than that achieved by the conventional 

MPPT methods considered. However, the present 

findings are limited to simulation-based validation. 

Future work should evaluate the controller under 

partial shading, rapid irradiance transitions, grid-

voltage sag, frequency deviation, distorted grid 

voltage, sensor noise, and PV-module ageing. 

Hardware-in-the-loop testing and experimental 

validation using a real-time processor should also be 

conducted. Further investigations may include 

adaptive online ANN training, reduced 

computational complexity, converter-efficiency 

analysis, thermal and switching-loss evaluation, and 

integration with battery-energy-storage systems to 

improve practical reliability and grid-support 

capability. 

Nomenclature 

AC Alternating current 

ANN Artificial neural network 

b Bias vector of ANN model 

Cdc DC-link capacitance (F) 

D Boost converter duty cycle 

Dref (k) Reference duty cycle at sampling instant k 

DC Direct current 

DC–DC Direct-current-to-direct-current converter 

dIPV/dVPV Incremental slope of PV current-voltage 

characteristic (A/V) 

dPPV/dVPV PV power slope with respect to PV 

voltage (W/V) 

edc (k) DC-link voltage error at sampling instant  

k (V) 

ev(k) PV voltage error at sampling instant k (V) 

fs Switching frequency (Hz) 

G Solar irradiance (W/m²) 

Gref Reference solar irradiance (W/m²) 

I1 RMS value of fundamental current 

component (A) 

Idc DC-link current (A) 

Ig,ref (k) Grid current reference at sampling instant 

k (A) 

Ih RMS value of the hth harmonic current 

component (A) 

Io Reverse saturation current of PV diode 

(A) 

IPh Photocurrent generated by PV module (A) 

IPV PV output current (A) 

ISC Short-circuit current (A) 

KD Duty-cycle correction gain 

Ki Temperature coefficient of current (A/°C) 

Ki,pi Integral gain of PI controller 

KP Proportional gain of PI controller 

L Boost converter inductance (H) 
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MPP Maximum power point 

MPPT Maximum power point tracking 

N Maximum harmonic order considered for 

THD calculation 

n Diode ideality factor 

P&O Perturb-and-observe method 

PI Proportional-integral controller 

PPV PV output power (W) 

PV Photovoltaic 

PWM Pulse-width modulation 

RMS Root mean square 

RS Series resistance of PV model (Ω) 

Rsh Shunt resistance of PV model (Ω) 

TC Cell temperature (°C) 

Tref Reference temperature (°C) 

THD Total harmonic distortion (%) 

THDi Current total harmonic distortion (%) 

TS Sampling time (s) 

Vdc DC-link voltage (V) 

Vdc,ref (k) Reference DC-link voltage at sampling 

instant k (V) 

Vg Grid output voltage (V) 

Vmpp,ref (k) Predicted MPP reference voltage at 

sampling instant k (V) 

VPV PV terminal voltage (V) 

Vt Thermal voltage (V) 

w Weight matrix of ANN model 

XANN (k) ANN input vector at sampling instant k 

ΔIL Inductor current ripple (A) 

ΔVdc DC-link capacitor voltage ripple (V) 

ɵg Grid phase angle obtained from PLL 

synchronization (rad) 
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