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ABSTRACT
	  This Photovoltaic energy is a promising renewable energy source because it provides a 
cleaner alternative to fossil fuels. However, the output power of a PV system is affected by factors like 
solar irradiance and temperature that can change and influence its performance. Therefore, techniques 
for maximum power point tracking must be developed so the photovoltaic system produces the max-
imum power. These techniques guarantee that the PV system has the highest power point at all times 
regardless of weather conditions. The two types of controllers that are presented in this paper are based 
on the traditional Perturbation and Observation method and the use of artificial neural networks. From 
simplicity, low cost, and suitability for medium to large photovoltaic systems, the Perturbation and 
Observation method is chosen. On the other hand, artificial neural networks is well suited to manage 
complex systems and may assist in improving maximum power point tracking. In addition, the perfor-
mance of these two methods is compared to a fuzzy logic-based MPPT approach that was developed 
and published in a previous study. The controllers were evaluated under various environmental con-
ditions using MATLAB/Simulink. The results demonstrated that the artificial neural networks-based 
controller outperformed both the Perturbation and Observation and fuzzy logic controller methods in 
terms of efficiency and overall performance. Additionally, the artificial neural networks approach sig-
nificantly minimized power fluctuations. However, the fuzzy logic controller method showed a faster 
response in reaching the maximum power point compared to both the artificial neural networks and 
Perturbation and Observation techniques.

Keywords: Artificial Neural Networks, DC-DC Boost converter, MATLAB-Mathematics Labora-
tory, MPPT, Perturbation and Observation, Solar photovoltaic.
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1.INTRODUCTION

	 The photovoltaic (PV) systems 

offer a cleaner environment and assist to 

exploit the economic advantages of the sus-

tainable solar energy and hence promote the 

production of electricity. These systems are 

nowadays available and differ, as they have 

low operation costs, minimal maintenance, 

and are among the cleanest energy sources. 

Their main disadvantage is geometry-related 

low efficiency in turning solar energy into 

electricity. The PV modules are subject to 

environmental factors like temperature and 

sunlight radiation to test their performance1[ ] 

that impact the amount of energy that is col-

lected in varying weather conditions. Max-

imum power point (MPP) at which the op-

timum energy is delivered may therefore be 

variable depending on solar irradiation and 

temperature of the solar cells as well as the 

load conditions[3 ,2[  . To accurately track this 

point, an effective tracker is placed between 

the PV system and the load. The tracker must 

be designed for high performance, fast re-

sponse times, and minimal fluctuations. Due 

to the unpredictable irradiance and tempera-

ture, it is not feasible to connect the load to 

the PV system directly to obtain maximum 

power. Instead, we need a balance of system 

(BOS), which in general is a DC-DC con-

verter to adapt the load appropriately. The 

power to the load is delivered effectively us-

ing this converter[4] . It has been proposed in 

the literature, many strategies exist to solve 

this problem, each having different complex-

ity, response time, cost, and type, as well as 

several sensors needed for hardware imple-

mentation [5-10]. However, these strategies can 

generally be divided into two distinct broad 

categories. The first type of these methods 

is common traditional methods like Perturb 

and Observe (P&O) and incremental conduc-

tance (IC), etc. Nevertheless, these methods 

have several shortcomings, including oscilla-

tions near the maximum power point and low 

efficiency upon large irradiance changes. The 

second type of method used to address these 

challenges is founded on techniques from 

artificial intelligence (AI), such as artificial 

neural networks (ANN) and fuzzy logic. In 

a previously published study by the authors 

[11], we proposed we implemented a fuzzy 

logic-based MPPT controller and assessed 

its effectiveness under various environmen-

tal conditions. The fuzzy logic technique 

exhibited strong adaptability and rapid con-
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vergence to the maximum power point, along 

with a noticeable reduction in power oscilla-

tions. However, it required precise parameter 

tuning and imposed a relatively high com-

putational burden compared to conventional 

methods. To further enhance MPPT efficien-

cy while maintaining implementation sim-

plicity, this study investigates and compares 

two alternative techniques: the conventional 

P&O algorithm and an ANN-based control-

ler. These methods were implemented and 

tested under varying irradiance and tempera-

ture conditions using MATLAB/Simulink. 

The results were then compared with those 

from a previous study by the authors, which 

employed a fuzzy logic controller (FLC). The 

performance of all three techniques was eval-

uated in terms of tracking efficiency, dynamic 

response, system complexity reduction, and 

output stability. Due to its simplicity, the PV 

module’s characteristics are simulated using 

a one-diode mathematical model of a solar 

cell. Additionally, a boost-type DC/DC con-

verter is used, chosen for its appropriateness 

in standalone applications. Therefore Fig.1 

illustrates the complete proposed photovolta-

ic system, which comprises several key com-

ponents: the PV array, the MPPT algorithms, 

and the DC/DC boost converter.

Figure .(1):  The complete proposed photovoltaic system
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2.MODELING OF PV ARRAY

A solar cell is an electrical device that uses 

the photovoltaic effect to transform light 

energy into electricity.   Figure (2) depicts 

a single-diode model of the equivalent cir-

cuit of a PV cell.   This model includes a 

current source (photocurrent), a diode (D), 

series resistance, which is responsible for 

the internal resistance of the current flow, 

and shunt resistance, which is responsible 

for the leakage current [7, 12]12]</style></
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Figure.(2): PV cell equivalent circuit.

	 Under the condition of solar PV cell 

being illuminated by solar irradiance, the cur-

rent output of a cell could be calculated based 

on Kirchhoff law as shown in Equation 1.

	 The light-generated current is pri-

marily influenced by the sunlight irradiance 

and the operating temperature of the PV cell, 

as described in Equation 2.

- ----(2)

	 The PV saturation current (IS) var-

ies as a cubic function of the temperature (T) 

of the PV cell, and it is represented in Equa-

tion 3.

---(3)

	 The reverse saturation current ( Irs ) 

can be roughly calculated using Equation 4.

Where:

I: Current of PV.

V: Voltage of PV.

Iph: The light generated current.

Is : The PV saturation current.

Irs : The reverse saturation current.

Isc : short circuit current.

T : operating temperature of  PV module in 
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kelvin.

Tref : temperature of reference =298K.

Rsh : Shunt resistor of the PV.

Rs: Series resistor of the PV.

A : An ideality factor. 

K : Boltzmann constant ( 1.38065003J/K).

G :  Solar radiation.

Ki : Short-circuit current temperature coeffi-

cient.

Nser  : Series number of cells.

Eg : the band gap energy for silicon = 1.1 e V.

q :  is the electron charge (1.60217646  C)

A photovoltaic (PV) cell’s I-V and P-V char-

acteristics, which show how a PV array typ-

ically behaves at different temperatures and 

sunlight irradiance, affect how much elec-

tricity the cell produces.  The I-V and P-V 

characteristics of a standard PV (MSX-60W) 

are shown in Figure. (3) are presented at var-

ious temperatures, while Fig.4 showcases 

these characteristics under different levels 

of sunlight irradiance [2]. The output voltage 

of a PV system is affected by temperature, 

typically decreasing as temperatures rise. In 

contrast, the output current increases linear-

ly with higher solar irradiance, meaning that 

greater sunlight exposure leads to increased 

current generation. The P-V curve depicts the 

relationship between output power (P) and 

voltage (V), with the maximum power point 

(MPP) clearly marked. MPP is subject to 

variation based on weather conditions.

Figure. (3): I-V and P-V characteristics of a typical PV module at various temperatures



68

SJUOB (2025) 38 (1) Applied Sciences: 62 – 85                             Daw, et la.

University of Benghazi©2025 All rights reserved. ISSN: Online 2790-1637, Print 2790-1629 
 National Library of Libya, Legal number: 154/2018

Figure .(4): I-V and P-V characteristics under different levels of sunlight irradiance.

The parameters for the PV array (MSX60 at 1000 W/m² and 25°C) are provided in Table (1).

Table .(1): Parameter specification of MXS 60 PV module.
Parameter Variable value
Voltage at MPP VMPP 17.1V
Current at MPP IMPP 3.5 A
Power at MPP PMPP 60W
Open circuit voltage Voc 21.1 V
Short circuit current Isc 3.8A
coefficient of temperature for short circuit current Ki 0.06 mA/
total number of cells connected in series Nser 36
total number of cells connected in parallel Np 1
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3.DC-DC BOOST  CONVERTER

	 Connecting a PV panel directly to a 

load can result in significant power losses due 

to impedance mismatch. A DC-DC converter 

with the proper impedance matching is nec-

essary to optimize the PV panel’s power flow 

to the load. This paper adopts a boost con-

verter topology because of its grid connec-

tion suitability. A boost converter is so named 

because it produces an output voltage higher 

than its input. The circuit shown in Figure. (5) 

includes an inductor, switch, diode, and ca-

pacitor, and works as a switching converter 

by regularly turning the electronic switch on 

and off [13].

Figure. (5). The circuit diagram of the boost converter

	 The boost converter has two oper-

ation modes. The diode is reverse-biased in 

the first mode, which allows current to rise 

and flow to the load via the switch and induc-

tor when the switch is ON.  When the switch 

is off in the second mode the diode is for-

ward-biased and allows the inductor to dump 

its current into the load through the capacitor 

[14, 15]. The connection between input and out-

put voltage is expressed by Equation 5:

Where:

-Vout and Vin: input and output voltages.

-D: duty cycle.

	 The boost converter’s inductor and 

capacitor are designed based on the perfor-

mance requirements of the boost function, 

with their values calculated using Equations 

6 and 7. 
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 )6(--

--(7)

Where: 

D is Duty cycle.

  is Inductor current ripple.

Output voltage ripple.

fs is switching frequency.

The design of DC-DC boost converter is 

shown in Table (2).

Table .(2): The designed specifications for the boost converter
Parameter Symbols values
Input capacitor (uf) Cinp 225
Output capacitor (uf) Cout 200
Inductor (mH) L 3
Switching frequency (KHz) fs 5
Resistive load () R 50

4.MAXIMUM POWER POINT TRACK-

ING TECHNIQUES

	 Control objective is to efficiently 

capture and harvest the utmost power of pho-

tovoltaic (PV) arrays according to the present 

solar radiation levels. A large number of var-

ious algorithms have been devised to locate 

MPP. They differ in the required use of sen-

sors, complexity, price, scope of applicability, 

tracking rate, efficiency, capability of tracing 

radiation or temperature changes, hardware 

necessary and popularity. A thorough review 

of various MPPT algorithms, including their 

mathematical formulas, working principles, 

and diagrams/flowcharts, can be found in [16] 

.This paper focuses on two MPPT methods.

P&O: This method involves continuously 

adjusting the operating point of the PV sys-

tem. By perturbing the voltage or current and 

observing the resulting power output, the sys-

tem can determine how to maintain the max-

imum power point.

ANN: This approach utilizes the adaptive 

learning capabilities of neural networks to 

optimize the power output from PV systems.

Both methods will be explored in depth in the 

subsequent sections.
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4.1.P&O Method

	 P&O is one of the most popular 

MPPT techniques of PV systems, which is 

easy to use and reasonably priced.  The PV 

panel measurement’s voltage (V), current (I), 

and initial power (P1) initiate the connection. 

The operating voltage is then adjusted slightly 

and another power reading is obtained (P2). 

The power change (ΔP) is given by the dif-

ference between P2 and P1. When +ΔP (P2 

-P1) the perturbation is moving the system 

towards MPP, hence the algorithm should 

continue perturbing in the same direction. On 

the other hand, when -ΔP (P2 < P1) then this 

indicates that the perturbation has shifted be-

yond the MPP and the algorithm will change 

direction. This cyclic procedure continues to 

adjust the voltage until it reaches and har-

vested the maximum power point of the PV 

panel. The overview of the P&O algorithm is 

presented in Table (3)  [17, 18]. This technique 

offers several benefits, including its simplici-

ty and widespread use. However, it does have 

limitations, particularly in rapidly changing 

atmospheric conditions or when multiple lo-

cal maxima are present. Additionally, it may 

exhibit slow response times to the MPP and 

cause oscillations around the MPP. Despite 

these drawbacks, its easy implementation 

keeps it a favored option in many PV appli-

cations[19]. Figure.(6) displays a flowchart that 

explains the P&O MPPT technique.

Table .(3): Scheme of the P&O algorithm.
Present perturbation (ΔV) Change in power ΔP Next perturbation direction
ΔV > 0 ΔP > 0 Positive (Duty ratio decrease)
ΔV > 0 ΔP < 0 Negative (Duty ratio increase)
ΔV < 0 ΔP > 0 Negative (Duty ratio increase)
ΔV < 0 ΔP < 0 Positive (Duty ratio increase)
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Figure. (6): flowchart of the P&O MPPT technique

4.2:ANN based MPPT

	 Artificial neural network control-

lers have become in recent years very popu-

lar to track the maximum power point in pho-

tovoltaic systems because of their ability to 

deal with the complex and nonlinear behavior 

of the system [20]. The ANN based MPPT is 

realized by utilizing the fact that the neural 

network can compute without requiring any 

manual programming and without requiring 

any learning based on data. With the highly 

correlated parameters being known, e.g. irra-

diance of the sunlight, temperature and pow-

er output, an ANN can be used to predict the 

MPP and also enhance the tracking accuracy 

and efficiency even in various environmental 

situations. This is done by training the net-

work on a dataset comprising of input, such 

as irradiance and temperature, as well as out-

put expressed in terms of duty cycle values. 

The studies in the literature [21, 22] have consid-

ered many MPPT techniques based on ANN. 

The three processes involved in developing 

an artificial neural network (ANN) can be 

summed up as follow:

1.ANN architecture selection: The ANN ar-

chitecture (depth and width of the network 

and the problem complexity) of the ANN is 
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determined by the number of layers (depth) 

and neurons (width) and amount of avail-

able data. Moreover, by selecting appropriate 

activation function (e.g., Sigmoid, Tanh or 

ReLU), the network would learn nonlinear 

relationships.

2.Collecting of data: Data collection entails 

putting down vital inputs and their relatable 

outputs. This comprises environmental con-

ditions such as solar irradiance, temperature 

and the systems response such as power gen-

eration. This is the set of data points that are 

utilized in training the network and making it 

more accurate, and it is called training points.

3.Network Training and validation: Network 

training is performed by training the ANN 

with some suitable optimization algorithm, 

such as backpropagation using processed 

data. Network validation is however the pro-

cess in which the accuracy and the robustness 

of the trained ANN are tested on another 

dataset.

4.3.Choosing the ANN architecture:

	 The developed neural network is 

a Multi-Layer Perceptron (MLP) with three 

layers: an input layer with two neurons (tem-

perature and irradiance), a hidden layer with 

ten neurons using a sigmoid activation func-

tion, and an output layer with one neuron to 

determine the duty cycle using a linear acti-

vation function, as shown in Figure.(7). The 

network works by multiplying inputs with 

weights, summing them, and passing the re-

sult through the activation function to gener-

ate the output. By adjusting the weights and 

activation function, the network learns to 

recognize patterns. Equation 8 illustrates the 

neural network’s operation:

---(8)

Where 

ai is the output of ANN at node i.

Wij weighted between the nodes i and j.

X j is the state variable evaluated by the acti-

vation function.

Figure. (7): The neural network configuration.
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5.DATA COLLECTION

	 The training phase involves collect-

ing data and outlining the steps to create a 

dataset for training a neural network that can 

predict the Duty Cycle (D) required to control 

the converter for optimal efficiency, based on 

input parameters solar irradiance (G) and 

temperature (T). The data collection process 

is illustrated in the flowchart in Fig. 8. It be-

gins by defining the required parameters and 

constants, with a total of N=3000 represent-

ing the number of data samples to be gener-

ated. The temperature range is set between 

5°C and 45°C (Tmin=5, Tmax=45), and the 

solar irradiance range is set from 10 to 1000 

W/m² (Gmin=10, Gmax=1000). During each 

iteration, random temperature and irradiance 

values are generated within these ranges to 

ensure diversity in the dataset. The photo-

voltaic system is then simulated in the SIM-

ULINK-MATLAB environment, through 

simulation, the maximum voltage (Vmp) 

and maximum power (Pmp) at the maximum 

power point (MPP) are obtained, these values  

are stored in the MATLAB workspace, and 

from these values,   the impedance at MPP 

(Rmpp) is calculated using Equation 9:

)9(---

	 The Duty Cycle (D) is then calcu-

lated using the equation 10: 

	 where the load resistance (Rload) is 

assumed to be 50 Ω.

The generated input values (G and T) and the 

computed duty cycle (D) are stored in matri-

ces. The input matrix contains the values of 

G and T, while the output vector contains the 

corresponding duty cycle values. This data-

set, organized as input-output pairs, is ready 

to be used to train the neural network. After 

training, the neural network will be able to 

predict the duty cycle based on new input 

values of solar irradiance and temperature, 

allowing for efficient real-time control of the 

PV system.
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Matlab Simulink Matlab Script

Initialize variables
Tmin , Tmax 

Gmin, Gmax

Generate Random
T=(Tmax-Tmin)* rand +Tmin;

G=(Gmax-Gmin)*rand + Gmin;

Compute Values

Rmpp=(vg^2)/pg;
d=1-sqrt(Rmpp/Rl);

Store Results
Input=[G T]
Output=[d]

Calculate

Vmax , Pmax

Return 

T

G

P

V

Pmax

Vmax

Figure. (8): Data Collection Flow Diagram

6.NETWORK TRAINING AND VALI-

DATION

	 An artificial neural network (ANN) 

was created using MATLAB’s neural net-

work toolbox and the input/output data that 

had been gathered in the previous step.  De-

pending on the availability of sensors, tem-

perature and solar radiation were employed 

as input signals. To make implementation 

easier, the ANN’s output was defined as the 

boost converter’s duty cycle.  The Leven-

berg-Marquardt algorithm was trained on 

a dataset of 3000 tests running under vari-

ous radiation and temperature conditions.  

Three subsets of the data were created: 15% 

for testing, 15% for validation, and 70% for 

training. The training process concluded after 

307 epochs, as illustrated in Figure.(9). The 

best validation performance was achieved at 

epoch 301, with a mean square error (MSE) 

of 1.2171e-8, as shown in Figure.(10). The 

ANN error histogram for testing, validation, 

and training is shown in Figure. (11).  The er-

ror is separated into 20 bins with a bin width 

of 0.00057945, ranging from -0.00654 to 

0.005045.  The number of samples falling 

within a given error range is shown by each 

vertical bar. The error histogram indicates 

that roughly 99% of the errors fall within 

the range of -0.00105 to 0.000775, with a 

few outliers. Near the orange “Zero Error” 

line, the bin at -0.000165 contains over 1500 

samples from the validation dataset. The 
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convergence of the histogram to zero across 

20 bins underscores the ANN’s efficiency in 

achieving MPPT. This is further validated by 

the regression analysis shown in Figure.12, 

which highlights the accuracy of the ANN’s 

output predictions in relation to the input, 

with a regression value of R = 1. The error 

is defined as the variance between the duty 

cycle generated by the ANN model and the 

intended target duty cycle, calculated by sub-

tracting the output from the target. As shown 

in the regression plot, the regression plot, the 

Levenberg-Marquardt (LM) algorithm was 

good at training the data, since the error was 

minimized and the output is very close to the 

desired values.

Figure. (9): Training performance of ANN

Fig. 10: Validation performance of ANN

Figure. (11): Error histogram
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Figure. (12): Regression plot

7.RESULTS AND DISCUSSION

	 The simulation results of the sug-

gested system, which was developed and 

analyzed using MATLAB and Simulink, are 

provided in this section.  It is made up of load, 

DC-DC converter, MPPT controller, and PV 

arrays.  Table (1) displays the PV array’s elec-

trical properties.  Two approaches have been 

used to evaluate the system’s performance 

using the P&O algorithm and an ANN-based 

method. Figure. (13) and Figure. (14) illus-

trate the design and the architecture of both 

approaches. Extensive testing and analysis 

of the solar radiation conditions AND tem-

perature were conducted on both techniques. 

In addition, for a comprehensive evaluation, 

a comparison is made with the previously 

developed FLC from our earlier work. It is 

important to note that the detailed results and 

analysis of the FLC method were extensively 

discussed and published in[11]; therefore, only 

the comparative results between FLC, P&O, 

and ANN methods are presented and ana-

lyzed in this section.

	 The simulations were conducted 

by dynamically varying the solar irradiance 

levels. Initially, the irradiance decreased from 

1000 W/m² to 800 W/m² within 0.2 seconds, 

followed by a drop to 400 W/m² at 0.3 sec-

onds, and then further declined to 200 W/

m² at 0.7 seconds. Subsequently, it returned 

to the standard test condition of 1000 W/

m² at 0.7 seconds, as illustrated in Fig. 15. 

Throughout this scenario, the ambient tem-

perature was maintained constant at 25 °C.

	 In a separate scenario, the tem-

perature variation was studied while keeping 

the solar irradiance fixed. The temperature 

increased from 15 °C to 25 °C within 0.2 

seconds, then rose to 35 °C at 0.4 seconds, 

and finally reached 45 °C at 0.6 seconds, as 

shown in Fig. 16, with the irradiance held 

constant at 1000 W/m²..
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Figure. (1 3): Simulink Model of P&O

Figure. (14): Simulink Model of ANN

Figure. (15): Solar irradiance levels

Figure. (16): Solar Temperature Variation

	 Figure.(17) pr esents the simulation 

results for the PV panel’s output power, cur-

rent, and voltage using the P&O algorithm 

under dynamically changing irradiance con-

ditions. In this setup, the duty cycle incre-

ment (ΔD) was set at 0.005 to ensure effec-

tive tracking of the MPP. As anticipated, a 

trade-off emerges between the convergence 

speed the time needed to reach steady state 

and the magnitude of oscillations around the 

MPP. These two characteristics are inherently 

linked to the value of the duty cycle incre-

ment; minimizing oscillations slows down 

convergence, whereas faster convergence 

results in larger oscillations. In this simula-
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tion, the MPP was achieved in approximately 

0.014 seconds at an irradiance of 1 kw/m². Si-

multaneously, the effect of temperature vari-

ation at constant irradiance was also exam-

ined. Figure.(18) shows the PV panel’s output 

performance under gradually increasing tem-

perature levels. Under these conditions, the 

MPP was reached in about 0.01 seconds at 

1 kw/m² irradiance. The results indicate that 

although the P&O method is capable of ac-

curately tracking the MPP, it responds rela-

tively slowly to sudden changes in irradiance 

and temperature. Moreover, the method ex-

hibits noticeable fluctuations around the op-

timal point, achieving a tracking efficiency 

of 96.2% under constant temperature condi-

tions and 97.54% under constant irradiance at 

25°C.

	 Figure.(19) illustrates the simula-

tion results of the ANN-based MPPT algo-

rithm, showing the PV panel’s output pow-

er, current, and voltage under dynamically 

changing irradiance conditions while main-

taining a constant temperature. The ANN 

demonstrated excellent performance, reach-

ing the Maximum Power Point (MPP) in just 

0.008 seconds, compared to 0.014 seconds 

required by the P&O algorithm. Similarly, 

Figure.(20) presents the ANN’s performance 

under varying temperature conditions at con-

stant irradiance. The ANN method resulted in 

a significantly smoother power curve, exhib-

iting fewer fluctuations around the operating 

point and greater overall stability compared 

to the P&O method. The tracking efficiency 

achieved by the ANN algorithm was out-

standing, reaching 99.9% across all tested 

irradiance and temperature variations.

Figure. (17): Simulation results from P&O 

under vary ing irradiance conditions
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Figure. (18): Simulation results from P&O 

under varying temperature conditions

Figure. (19): Simulation results from ANN 

under varying irradiance conditions

 Figure. (20): Simulation results from ANN 

under varying temperature conditions

	 The tracking performance of the 

P&O, ANN, and previously published FLC 

algorithms was comparatively evaluated un-

der varying irradiance and temperature condi-

tions, as illustrated in Figure.(21) and Figure.

(22). Table (4) presents key performance indi-

cators including tracking efficiency, response 

time, and output power under different solar 

irradiance levels, while Table (5) summariz-

es the same metrics under varying tempera-

ture scenarios. The P&O method achieved 

dynamic tracking efficiencies of 96.20%, 

97.06%, 98.88%, and 92.29% at irradiance 

levels of 1000 W/m², 800 W/m², 400 W/

m², and 200 W/m², respectively. In contrast, 
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the ANN controller consistently maintained 

a high tracking efficiency of approximately 

99.9% across all irradiance and temperature 

variations, demonstrating superior reliability 

and accuracy. Although the FLC approach 

reported in our earlier publication showed a 

faster dynamic response compared to ANN 

and P&O, it exhibited more noticeable power 

fluctuations. By comparison, the ANN-based 

method delivered smoother output with min-

imal oscillations around the maximum power 

point, highlighting its effectiveness for stable 

PV system operation.

Figure. (21): Output power from P&O and 

ANN and FLC under varying irradiance 

conditions

 Figure. (22): Output power from P&O , 

ANN and FLC under varying temperature 

conditions



82

SJUOB (2025) 38 (1) Applied Sciences: 62 – 85                             Daw, et la.

University of Benghazi©2025 All rights reserved. ISSN: Online 2790-1637, Print 2790-1629 
 National Library of Libya, Legal number: 154/2018

Table .(4): Comparative Analysis of ANN ,P&O  and FLC MPPT Techniques under varying 

irradiance conditions.

Time responseTracking effi-
ciencyOutput powerMPPT algorithm Functional

conditions
0.014s96.20%57.578P&O

G1= 1000W/
m2 0.007s99.9459.81FLC

0.008s99.98%59.84ANN
0.01s97.06%46.72P&O

G2= 800W/
m2 0.00499.9248.10FLC

0.006s99.95%48.12ANN
0.018s98.88%23.782P&O

G3= 400W/
m2 0.00399.9224.03FLC

0.012s99.98%24.04ANN
0.01s92.29%10.9P&O

G4= 200W/
m2 0.00499.211.73FLC

0.006s99.99%11.81ANN

Table .(5): Comparative Analysis of ANN ,P&O  and FLC MPPT Techniques under  varying 

temperature conditions.

Time responseTracking efficiency Output
power

MPPT algo-
rithm

 Functional
conditions

0.03s97.33%60.66P&O
T1= 15 0.005s99.70%62.18FLC

0.006s99.93%62.30ANN
0.01s97.54%58.38P&O

T2= 25 0.002s99.86%59.77FLC
0.002s99.99%59.85ANN
0.01s97.45%55.87P&O

T3= 35 0.003s99.77%57.20FLC
0.004s99.91%57.28ANN
0.009s98.10%53.74P&O

T4= 45 0.004s99.61%54.57FLC
0.005s99.81%54.68ANN
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8.CONCLUSION

	 A comprehensive comparative 

study of three MPPT controllers are present-

ed: the classical P&O algorithm, an ANN-

based controller, and a previously published 

FLC method. The P&O algorithm success-

fully tracks the MPP, but with noticeable de-

lay and oscillations around the MPP, which 

are influenced by the duty cycle increment. 

Comparative results show that the ANN-

based controller achieves superior tracking 

accuracy, a significantly faster transient re-

sponse, and minimal steady-state power os-

cillations. Moreover, the Artificial Neural 

Network (ANN) exhibits exceptional adapt-

ability to abrupt variations in solar irradiance 

and temperature, consistently maintaining a 

dynamic efficiency above 99.9% even un-

der rapidly changing environmental condi-

tions. Although the FLC method, reported 

in our earlier work, provides a faster initial 

response than ANN and P&O, it is more 

complex to design and tune, and suffers from 

greater power fluctuations around the MPP. 

In contrast, the ANN-based approach offers 

a simpler and more flexible implementation 

for system designers, making it a highly prac-

tical solution. In addition, this paper offers a 

holistic view of MPPT control techniques, 

presenting a detailed analysis of their advan-

tages, limitations, and overall performance 

under various operating scenarios. The study 

further demonstrates the potential applicabil-

ity of these methods for photovoltaic system 

deployment in Libya, considering the differ-

ing climatic conditions between coastal cities 

and desert regions.
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