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ABSTRACT 

This paper presents a comparative study of two Maximum Power Point Tracking (MPPT) algorithm 

techniques for a Photovoltaic (PV) system, which includes a PV generator, a DC-DC boost converter, and a 

resistive load. The study compares the performance of Artificial Neural Networks (ANN) and Perturb and 

Observe (P&O) algorithms in extracting maximum power under both stable and variable climatic 

conditions. To this end, simulation tests are performed using MATLAB Simulink, with a focus on energy 

efficiency and response time in different scenarios. The findings are validated through a hardware setup 

using the LAUNCHPAD-XL 28F379D and C2000 embedded coder. The results demonstrate that the ANN-

based MPPT technique outperforms the traditional P&O method, particularly under rapidly changing 

environmental conditions, highlighting its superior efficiency in PV systems. Additionally, the ANN 

algorithm has been shown to exhibit enhanced adaptability to variable irradiance and temperature, 

thereby ensuring more stable and consistent power output across a broad spectrum of operating 

conditions. 

Keywords-Maximum Power Point Tracking (MPPT); Artificial Neural Networks (ANNs); digital signal 

processor; Perturb and Observe (P&O); DC-DC converter 

I. INTRODUCTION  

PV systems are capable of converting sunlight into 
electricity, thereby providing a sustainable energy source. 
However, external factors such as solar irradiance and 
temperature can exert a substantial influence on the 
performance of these systems. Due to the non-linear behavior 
exhibited by PV installations, it becomes imperative to 
implement MPPT methods to extract the maximum possible 
power under varying environmental conditions. MPPT 
algorithms are designed to dynamically adjust the operating 
point of solar panels, thereby optimizing their output and 
ensuring efficient energy harvesting. A review of the extant 
literature reveals the existence of numerous MPPT algorithms 
designed to enhance the performance of PV systems by 
efficiently extracting power from solar panels. These 
algorithms include the following: Parasitic Capacitance (PC), 
Constant Voltage (CV), Incremental Conductance (INC), Hill 
Climbing (HC), P&O, Fuzzy Logic Control, Particle Swarm 
Optimization (PSO), and Artificial Neural Network (ANN) 

control. The efficacy of these methods varies in terms of factors 
such as stability, convergence speed, cost, implementation 
complexity, and environmental adaptability [1-14]. Among 
these, the P&O method is one of the simplest and most widely 
used MPPT techniques. It perturbs the operating point and 
observes the resulting power changes. While effective in many 
scenarios, P&O can experience oscillations, particularly when 
irradiance changes rapidly [7]. The INC method enhances P&O 
by dynamically adjusting the operating point based on the 
power-voltage derivatives, resulting in enhanced tracking 
performance and reduced susceptibility to rapid irradiance 
fluctuations [15]. Similarly, the Fractional Open-Circuit 
Voltage (FOCV) method uses the constant ratio principle of 
open circuit voltages, demonstrating reduced sensitivity to 
temperature variations and suitability for diverse environmental 
conditions [16]. 

A critical aspect of optimizing PV system performance is 
ensuring that the DC power output from the solar panels is 
properly conditioned to be usable for various loads or storage 
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systems. This is where DC-DC converters, particularly the 
boost converter, play a crucial role. The boost converter raises 
the low voltage output from the PV array to a higher, more 
usable level, ensuring that energy can be transferred efficiently 
to the load or stored in batteries. The boost converter's ability to 
regulate the output voltage [11, 17], is vital in ensuring 
consistent energy output, especially in scenarios where the PV 
array operates at reduced voltages due to suboptimal 
environmental conditions. This enhances the overall efficiency 
of the system by compensating for variations in input voltage 
caused by changes in solar irradiance and temperature. The 
integration of these converters with MPPT algorithms ensures 
that the system can dynamically adapt to changing conditions 
while maintaining a stable, optimal output. The use of artificial 
intelligence-based algorithms, including ANN and fuzzy logic 
control, is a promising development. These techniques are 
capable of adapting to changing conditions without relying 
heavily on precise system models, making them more flexible 
and robust in real-world applications. In contrast to 
conventional methods, AI-based approaches have the capacity 
to acquire knowledge from environmental data and execute 
real-time modifications, thereby substantially enhancing system 
performance in fluctuating conditions [11, 17]. A method for 
MPPT that uses neural networks and a feedforward multilayer 
architecture is presented by authors in [18] for use with PV 
panels mounted on automobile roofs, were shading changes 
quickly. Using pre-selected data from the PV system, the 
neural network automatically determines the global MPP. Only 
the current and voltage (I and V) variables are used in this 
procedure. The ANN ability to extract the most energy and 
increase prediction accuracy improves with the amount of data 
gathered. Authors in [14] demonstrate that the response of the 
ANN is significantly influenced by the input variables, which 
are the output power derivative (dP) and voltage derivative 
(dV) corresponding to specific insolation and operating cell 
temperature conditions. The ANN output variable is the 
corresponding normalized increasing or decreasing duty cycle 
(+1 or -1). This paper compares the traditional P&O, MPPT 
algorithm with an advanced feedforward multilayer ANN-
based MPPT algorithm, evaluating their performance under 
varying conditions. We propose an ANN-based technique that 
directly predicts the duty cycle (D) from photovoltaic power 
(Ppv) measurements. To ensure robustness under irradiation 
variations, the neural network is trained using a standard P&O 
response with a small duty cycle step. The custom hardware 
and software platforms developed for testing are described, and 
a detailed performance analysis across different solar irradiance 
levels is provided. The proposed method is experimentally 
validated using a DSP, demonstrating its effectiveness in real-
world applications. 

II. THE STUDIED PV SYSTEM 

The PV system under study, as presented in Figure 1, 
comprises a PV panel, a boost converter, a resistive load, and 
two MPPT algorithms. The PV panel functions as the primary 
source of electricity, while the boost converter adjusts the 
voltage to meet the load's demands. The effectiveness of two 
MPPT algorithms is compared to optimize power extraction 
under varying environmental conditions. 

A. PV Module 

The electrical characteristics of the Canadian Solar CS6P-
240P PV panel used in this study are enumerated in Table I, 
measured under Standard Test Conditions (1000 W/m² and 
25°C). Figure 2 presents the simulated I-V and P-V 
characteristics of the panel. 

 

 

Fig. 1.  Block diagram of the studied PV system. 

TABLE I.  ELECTRICAL CHARACTERISTICS OF THE USED 
PV 

Parameters Values 

Open circuit voltage Voc (V) 37 

Short-circuit current Isc (A) 8.59 

Current at MPP Imp (A) 8.03 

Voltage at MPP Vmp (V) 29.9 

Maximum Power (W) 240 

Temperature coefficient of Isc 0.063 

Temperature coefficient of Voc -0.36 

Cells per module (Ncell) 60 

 

(a) 

 

(b)

 

Fig. 2.  (a) I–V and (b) P–V characteristic curve of PV panel under 

different levels of solar irradiation and constant temperature of 25°C. 

B. P&O Method 

The P&O algorithm is a simple and widely used MPPT 
technique. It functions by perturbing the input voltage (Vpv) and 
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observing the resulting changes in the power output (Ppv) from 
the PV generator. Despite its simplicity, the P&O method can 
suffer from oscillations, especially under rapidly changing 
irradiance conditions. The conventional P&O implementation 
is shown in Figure 3 [1, 19-21]. 

 

 

Fig. 3.  Flowchart of P&O algorithm. 

C. MPPT based ANN 

ANNs are designed to emulate the functionality of 
biological neurons and necessitate training through the usage of 
input/target pairs. Among the various feedforward neural 
network architectures, the Multilayer Perceptron (MLP) [4, 22] 
has gained significant popularity. In the present study, a three-
layer neural network configuration was employed, comprising 
an input layer with a single neuron, a hidden layer comprising 
10 neurons, and an output layer [17].  

The input parameter is indicated by Ppv, and the output 
parameter is defined as D. 

��
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where wi is the weight between the input X = [Ppv] and the 
hidden layer neurons, bih

 is the bias for the hidden layer 
neurons, with i = 1, 2...10, as presented in Figure 4. The 
following is derived from hidden layer neurons [4, 22]: 
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These models can be used to calculate the output of the 
ANN: 
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where wj represents the weight between the output and the 
hidden layer, and b2

k is the bias weight. 

 

 

Fig. 4.  The proposed neural network architecture. 

The samples were generated in a MATLAB simulation 
using the corrected P&O algorithm. While the full simulation 
yields 500,001 samples, 90 samples were selected for the final 
analysis. The dataset consists of three parts: 15% for validation, 
70% for training, and 15% for testing. The MSE plot of the 
ANN model's performance is shown in Figure 5. The 
regression plot demonstrates a strong correlation during the 
training, testing, and validation phases of the ANN model. 
Additionally, the network's outputs and the desired outcomes 
are perfectly linked when the regression (R) values are close to 
1. Levenberg-Marquardt is one of the fastest and most accurate 
algorithms for solving nonlinear least squares problems [22]. 
The formula for calculating the MSE is: 

'() � �
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where n is the number of input data, ��
+,-.+/  is the real output, 

and ��
01�2�,-

 is the target output. 

III. SIMULATION RESULTS  

To assess the efficacy of the MPPT controls under 
investigation, a series of numerical simulations were 
conducted. The system was modeled and simulated using 
MATLAB/Simulink, as presented in Figure 6. The DC-DC 
boost converter functions in continuous conduction mode with 
a switching frequency of 24 kHz. The inductor is modeled as L 
= 10 mH, the input capacitance as C1 = 390 µF, the output 
capacitance as C2 = 470 µF, and the resistive load as R = 40Ω. 
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Fig. 5.  ANN model performance. 

 

Fig. 6.  Simulation model of the studied system. 
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The irradiance profile is represented in Figure 7. Figure 8 
shows the results of the generated PV powers by the ANN and 
the P&O algorithms, depending on the solar irradiance. In the 
initial case, the PV system generates a maximum power of 91.6 
W at a temperature of 25 °C and a solar radiation intensity of 
400 W/m

2
, which corresponds to the predicted optimum power. 

Subsequently, at 25 °C and 100 W/m
2
, the PV system attains its 

predicted optimum power of 17.6 W. Finally, at 25 °C and 50 
W/m

2
, the PV system generates a maximum power of 3.4 W, 

aligning with the predicted optimum power. The simulation 
outcomes thus demonstrate that, in the event of sudden 
fluctuations in solar radiation conditions, the PV system 
exhibits a remarkable precision in converging to its optimum 
power. 

 

 

Fig. 7.  Irradiance varies between four different levels. 

 

Fig. 8.  The generated PV powers by the ANN and the P&O. 

In Figure 9, the proximate views are used to illustrate the 
improvements in output power, response time, and tracking 
speed achieved using both algorithms. As indicated by Figure 
9, P&O controllers demonstrate a response time of 0.038 s to 
variations in irradiation, while ANN-MPPT controllers exhibit 
a response time of 0.02 s. The efficiency of each controller is 
evaluated through the usage of (12) [1, 15]: 

34556 �
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The results demonstrate that the steady-state response of the 
system does not exhibit oscillations. Moreover, the ANN 
algorithm produces significantly lower power ripples compared 
to the conventional P&O algorithm. The implementation of the 
ANN algorithm has been shown to enhance the MPPT tracking 
efficiency from 98.50% to 99.50%. Additionally, the ANN 

algorithm has been demonstrated to exhibit excellent tracking 
rapidity, particularly around the MPP, ensuring enhanced 
performance under dynamic conditions. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

Fig. 9.  An approximate comparison of output power using P&O and ANN 

methods for MPPT :(a) 0 s to 0.2s, (b) 0.4 s to 0.75 s, (c) 1.4 s to 1.53s, (d) 2 s 

to 2.08 s. 

IV. EXPERIMENTAL RESULTS 

The hardware configuration of the proposed work is shown 
in Figure 10. It consists of a 240 Wc PV panel, a boost 
converter, and a resistive load. The P&O and ANN algorithms 
were implemented on LAUNCHPAD-XL 28F379D. Figure 11 
presents the Simulink implementation using C2000 blocks. The 
Simulink model was constructed, and the generated code was 
loaded onto the microcontroller through Code Composer 
Studio. The currents (Ipv, Iout) and voltages (Vpv, Vout) required 
for this work were sensed using LA 55-P and LV 25-P, 
respectively. To acquire digital values of Ipv, Iout, Vpv, and Vout, 
ADCx is employed. The ePWM block generates pulses 
according to the duty cycle calculated by the MPPT algorithm. 
The switching frequency was fixed at 25 kHz. 
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Fig. 10.  The experimental hardware used in our lab. 

 
Fig. 11.  Program for acquiring data using the DSP F28379D and processing 

the data with MATLAB-Simulink. 

 

Fig. 12.  TMS320F28379D Launchpad. 

As shown in Figure 12, the control card is equipped with a 
dual-core 32-bit microcontroller that possesses DSP 
capabilities. Key components include General-Purpose 
Input/Output (GPIO) pins, an Analog-to-Digital Converter 
(ADC), a Digital-to-Analog Converter (DAC), and an ePWM 
module. Collectively, these components facilitate precise 
control and efficient signal processing for a wide range of 

applications [23]. In order to ascertain the effectiveness of the 
MPPT controllers under conditions of partial shading, the PV 
panel is covered with a board which was subsequently 
removed. During the experiment, the PV panel was subjected 
to varying levels of shading, as shown in Figure 13, in order to 
analyze its performance under different conditions. 

Initially, between 14 and 50 s, the PV panel remains fully 
uncovered, operating at its maximum potential. From 50 to 60 
s, 50% of the panel was covered, reducing its exposure to light. 
Between 60 and 75 s, 90% of the panel was covered. This 
staged shading setup allows for observing the tracking 
performance of PV systems under partially shaded conditions. 
Using the ANN algorithm, the system can swiftly and 
efficiently track the MPP, even in the presence of changing 
shading levels and variable loads. We conducted the same 
experiment using the P&O algorithm, with the results presented 
in Figure 14. 

 

 
Fig. 13.  Experimental power for ANN control under different irradiances. 

 

Fig. 14.  Experimental power for P&O control under different irradiances. 

During the initial interval, ranging from 49 s to 130 s, the 
PV panel wasis fully exposed to light, thereby enabling it to 
function at its maximum capacity. In this interval, the output 
load undergoes a change at 90 s and 100 s, introducing 
dynamic variations. In the subsequent period, from 130 s to 140 
s, a segment of the panel becomes shaded, leading to a 
reduction in its light exposure and consequent alteration in its 
output. Between 140 and 160 s, 90% of the panel was shaded. 
This experimental configuration underscores the efficacy of the 
P&O algorithm in tracking the MPP under conditions of 
variable load and shading. The waveforms under consideration 
of Figures 13 and 14 were compared, and as shown in Figure 
15, it is evident that the output power reaches the maximum 
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power of the PV system. According to Figure 15, the PV power 
produced using the P&O controller and the ANN controller is 
85.51 W and 90 W, respectively. The ANN controller has been 
proved to reduce steady-state oscillations and enable faster 
tracking. The experimental results demonstrate that the MPPT 
tracking efficiency with the ANN algorithm is 96.5%, which is 
significantly higher than the 87.91% efficiency achieved with 
the P&O algorithm. However, it should be noted that the 
MPPT tracking efficiency may be susceptible to tracking errors 
and loss of direction during sudden changes in solar irradiation. 

 

 

 
Fig. 15.  An approximate comparison of experimental power using P&O 

and ANN methods for MPPT. 

Table II presents a summary of the calculated efficiency, 
network architecture, input variables, and operating conditions 
from the literature on MPPT using ANN techniques. The table 

presents the efficiency levels attained in each study, with the 
highest efficiency recorded at 99.5%. The observed variability 
in efficiency values and the conditions under which they were 
attained underscores the impact of diverse input variables and 
the system's adaptability to changing environmental conditions. 
These disparities offer significant insights into the efficacy and 
optimization of ANN-based MPPT methods. 

TABLE II.  SUMMARIES OF KEY STUDIES FROM THE 
LITERATURE ON MPPT USING ANN TECHNIQUES 

Ref Network architecture 
Input 

variables 
Conditions 

Efficienc

y 

This 

paper 
Multilayer feedforward Ppv 

Variable 

irradiation 
99,5% 

[14] Multilayer feedforward dP and dV variable - 

[18] 
Backpropagation 

momentum 
V and I variable 98,47% 

[24] Feedforward T and G variable 97% 

[25] Single layer T and G uniform - 

 

V. CONCLUSIONS 

This study compared two Maximum Power Point Tracking 
(MPPT) tracking strategies for Photovoltaic (PV) panels: the 
Perturb and Observe (P&O) and Artificial Neural Networks 
(ANN) algorithms, both implemented on a Digital Signal 
Processor (DSP). The results demonstrated that while the P&O 
algorithm is effective under stable irradiance, it struggles with 
rapid changes. In contrast, the ANN algorithm provides faster 
and more accurate tracking in dynamic conditions. Although 
the P&O algorithm works well in uniform conditions, its 
performance declines under partial shading. The integration of 
the ANN algorithm could enhance MPPT efficiency across a 
wider range of conditions. Future research could explore 
further optimization of the ANN algorithm for diverse 
environmental factors, potentially improving PV system 
performance in real-world applications. 
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