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Abstract- This paper presents the development and performance analysis of Adaptive Neuro-Fuzzy Inference
System (ANFIS) based MPPT controller for a DC to DC converter. The proposed system consists of 2.0 kW PV
array, DC to DC boost converter and load. In this research work presents the development and performance
analysis of Adaptive Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural Network (ANN) based
Levenberg-Marquardt (LM), Bayesian Regularization (BR) and Scaled Conjugate Gradient (SCG) algorithms are
deployed in maximum power point tracking (MPPT) energy harvesting in solar photovoltaic (PV) system to forge
a comparative performance analysis of the four different algorithms. A comparative analysis among the algorithms
in terms of the performance of handling the trained dataset is presented. The MATLAB/Simulink environment is
used to design the maximum power point tracking energy harvesting system and the artificial neural network
toolbox is utilized to analyze the developed model. However, considering the dataset training, the correlation
between input-output and error, the Levenberg-Marquardt ANFIS algorithm performs better.

Keywords: ANFIS, ANN, BR, SCG, MPPT, DC to DC boost converter.

1. INTRODUCTION

The Renewable energy sources (RES) have now been relied upon more regularly. It has provided us the other
option for clean energy generation compared to conventional sources. Among renewable sources of energy
Photovoltaic (PV) source of energy are becoming popular these days due to current scenario of increasing
concerns about depletion of fossil fuel reserves, global warming, greenhouse gases and increasing environmental
pollution. The advantage of the Al-based model is the fast-Maximum Power Point (MPP) approximation
according to the parameters of the PV panel. The Artificial Neural Network (ANN) is the component of Al. The
advantage of ANN based algorithm is this is that there is no need to solve the complex mathematical relation
between output power, irradiance of solar PV system, temperature of solar PV system.

Solar PV energy is an integral part of our energy use and a vital component of renewable energy networks. With
the rapid advancement of technology, PV module prices are declining and PV panels become more efficient.
National economies are making ambitious investments in off-grid PV systems and grid-connected PV networks
[1], [2]. PV electricity is volatile, relies on solar irradiation and other meteorological influences, such as
temperature, humidity precipitation, wind direction, and cloud coverage, unlike conventional energy production
systems [3]. The introduction of large-scale grid-connected solar PV plants has posed significant problems for
power grids, such as lack of device flexibility, efficiency, and energy balance [4]. It is crucial to forecast solar
energy production to ensure a reliable energy supply across PV grids. Accurate predictive models minimize the
influence of solar PV performance, increase the reliability of the devices, and reduce the expense of additional
equipment maintenance [5]. A PV module I-V characteristic are a feature of irradiation and temperature. MPPT
controllers for maximum usage performance follow solar cell arrays. Karami et al. compiled a detailed list of 40
distinct MPPT techniques and their classification [6]. Several works are available in the literature detailing
different MPPT algorithms and designs to boost PV device performance [7]. The Perturb and Observe (P&O) [8],
Incremental conductance (INC) [9], Fuzzy Logic Controller (FLC) [10], P&O approach based on Particle Swarm
Optimization (PSO) [11], and ANN [12] are most effective and standard algorithms. These strategies differ in
oscillation across the absolute maximum power point (MPP), convergence speed, difficulty, stability, cost, and
electronic equipment requirements [13].

In this paper Adaptive Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural Network (ANN) based
Levenberg-Marquardt (LM), Bayesian Regularization (BR) and Scaled Conjugate Gradient (SCG) algorithms are
deployed in maximum power point tracking (MPPT) energy harvesting in solar photovoltaic (PV) system to forge
a comparative performance analysis of the four different algorithms. ANFIS has more efficiency than ANN based
controller in tracking MPP with less settling time, better efficiency, accuracy and fast response making the system
more effective.

2. PV SYSTEM MODEL

PV module is composed of solar cells. Individual solar cells are connected in series and parallel and mounted on
a single panel. Single diode model of PV cell is most widely used model. Output power can be calculated by
current voltage relationship. This current voltage relationship is based on electrical characteristics of the model.
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A equivalent circuit of a single diode model is shown in the fig. 2.1. -
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Fig. 2.1 Equivalent Circuit of Solar PV Cell

The voltage-current relationship can be written as:
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The value of open circuit voltage at reference condition is given by manufacturer.
Value of a,.f can be calculated by:
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The value of series resistance is provided by some manufacturers. To estimate the value of R following equation
can be used:
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After the study of the PV module, it can be said that the temperature plays an important role in the performance

of PV module. It is necessary to design a thermal module for the PV system as temperature is major aspect to be

considered. Temperature of PV module varies when there is a change in irradiance, its output current and voltage,

and the equation can be expressed as:

dT, Vi
va 7; = ka,PV¢_j_kloss (TL _]:1) (28)
Table-3.1 Parameters of Solar PV System Used in Simulation

Total capacity of the PV system 2558W

Maximum Power of PV cell(W) 213.15W
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Maximum power point voltage(Vmpp) 20V
Maximum power point current(A) 7.35A
PV system open circuit voltage(Voc) 36.3V
PV system short circuit current(A) 7.84A

3. FLOWCHART FOR ANFIS BASED MPPT CONTROLLER

Since the output characteristics of PV system are highly nonlinear, the Al techniques are widely used to improve
the efficiency of the MPPT controller. The role of the ANFIS controller proposed in our work is to locate the
maximum operating voltage which corresponds to the maximum power of the PV array. It uses the ambient
parameters of irradiation and temperature as an input together with the PV array parameters. To design MPPT
controller using ANFIS, first task is to gather the input—output dataset for training purpose. The training data is
generated using the efficient PV model. A step-by-step process of data generation is illustrated in the flowchart
shown in Fig. 3. As a first step, values of the five unknown parameters for the considered PV panel are estimated
and then these values will be transformed for PV array using the parameters.

Initalization PV panel data from
data sheet Array size, NSS, NPP

Parameter estimation at STC
(llrcl‘- lcrcf» RSrcfs RS]lrcﬁ arr.:r)

Modify parameters of PV array using Table 1

Initialize Training Parameters

NMAX: TMlNa TMAX> SMIN: SMAX)

i

Generate random operating condition:
Temperature : Ty < T < Thax
Irradiation : Spyn < S < Smax

Calculate parameters value at given operating
condition using translation eqn (3-8)

Solve Eqn (2) using numerical method
(Newton-Raphson)

Slore value of Vmp against given N=N + 1
ambient condition

No
N = Nnmax
Training data
generation
Yes

Fig. 3.1 Proposed Method to Generate Input-output Dataset for ANFIS

The ANFIS-based MPPT is designed using the hybrid learning algorithm described above. In the learning
algorithm, parameters of the membership functions are adapted such that they track the input—output data
accurately. Once this voltage is located, the PI regulator forces the PV array to work at that voltage by comparing
the actual voltage of the PV array and the reference voltage obtained from the ANFIS controller by controlling
the duty ratio of the DC—DC converter. The duty cycle of the DC—DC converter is controlled to force the PV array
to generate the maximum power. The duty cycle is generated by the PI regulator based on the error between the
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reference voltage Vi from the ANFIS and the measured PV voltage, Vpy
4. ANFIS LEARNING PROCESS

In the learning algorithm, ANFIS optimizes and adapts its parameters using the training datasets to predict the
output data with high accuracy. The Takagi—Sugeno-type model has two types of parameters.
» Nonlinear parameters or membership function parameters (premise parameters).
» Linear parameters or rule parameters (consequent parameters).
The learning method used in this study is based on the hybrid learning algorithm that employs the combination of
back-propagation (BP) and least square estimation (LSE) to optimize the premise and consequent parameters. In
this method, two-pass learning algorithms (forward pass and backward pass) are used:
» In forward pass, consequent (linear) parameters are calculated using a LSE algorithm, while premise
(nonlinear) parameters are kept unmodified.
» In backward pass, premise (nonlinear) parameters are calculated using a back-propagation algorithm, while
consequent (linear) parameters are kept unmodified.
LSE learning algorithm calculates the square error between training data output and predicted output that is
obtained from the Sugeno-type model. This error is utilized to adapt the consequence parameters. The back-
propagation gradient descent method uses the error between output training data and predicted output in backward
pass to calculate the error in different nodes.

5. SIMULATION RESULT FOR COMPARATIVE SIMULATION RESULTS OF ANN
AND ANFIS MPPT ALGORITHM-BASED PV SOLAR ENERGY CONVERSION
SYSTEM

The simulation and results are performed in the MATLAB/Simulink software. Simulink blocks and their required
interfacing circuitry used for more reliable power generation from solar energy conversion system as shows in
fig.5.1.

This system consists of renewable energy source which generates continuous power according to input applies to
the system. This system consists of PV solar energy conversion system with resistive load. The boost converter is
used to regulate PV output power according to duty cycle generated by MPPT block to achieve maximum power.
The intelligent MPPT algorithms are used to achieve maximum power. These intelligent MPPT algorithms
includes, Levenberg-Marquardt neural network, Bayesian Regularization network, Scaled conjugate gradient
network and ANFIS network. These algorithms continuously monitor input irradiance & temperature and
generates reference voltage according to it. The generated reference voltage compares with PV voltage and applied
to the PI controller to generate duty cycle and PWM pulses for the boost converter switches. A resistive load is
connected at the output of boost converter. An addition load is also applied to the system for a given time period
to check system stability in load changing condition.
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Fig. 5.1 Simulink Model of ANFIS & ANN MPPT Algorithm-based PV Solar Energy Conversion System
5.1 Simulation Results at Constant Irradiance & Temperature of 1000w/m? & 25°C

In this case, irradiance and temperature is kept constant at base irradiance of 1000 w/m? and 25°C, respectively.
load also kept constant. The simulation results are shown in the following figures.
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Fig. 5.2 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of Irradiance and Temperature

Waveforms of irradiance and temperature applied at the input of PV array are showing in the fig. 5.2.
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Fig. 5.3 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of PV Voltage

Fig. 5.3 shows, waveform of voltage generated by PV array. As seen by the figure the PV voltage is around 174v
for whole simulation time. There are two zoomed subplot windows taken to show the difference among
Levenberg-Marquardt neural network, Bayesian Regularization network, Scaled conjugate gradient network and
ANFIS network for MPPT algorithms. First window shows the early response of the algorithm between time
duration of t=0.02sec to 0.12 sec where the ANFIS algorithm has good response in compare with other neural
network algorithms. Second window is taken between time duration of t=3sec to 3.015 sec. where the PV voltage
by other neural networks is fluctuating in nature as compare to ANFIS algorithm.
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Fig. 5.4 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of PV Current
Fig. 5.4 shows, waveform of PV array current. There are two zoomed subplot windows taken to show the
difference among Levenberg-Marquardt neural network, Bayesian Regularization network, Scaled conjugate
gradient network and ANFIS network for MPPT algorithms. First window shows the early response of the
algorithms between time duration of t=0.02sec to 0.12 sec where the ANFIS algorithm has good response in
compare with other neural network algorithms. Second window is taken between time duration of t=3sec to 3.05
sec. where the PV current due to neural network is between 14.65amp and 14.67amp whereas PV current due to

DOI Number: https://doi.org/10.30780/1JTRS.V08.103.001 pg. 5
WWW.1jtrs.com, www.ijtrs.org
Paper Id: IJTRS-V8-103-001 Volume VIII Issue III, March 2023

@2017, UTRS All Right Reserved



7,% S ISSN Number: 2454-2024(Online)
73 T R. = International Journal of Technical Research & Science

ANFIS algorithm is around 14.68amp which is stable in compare with other.
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Fig. 5.5 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of PV Output Power
Fig. 5.5 shows the waveform of PV output power. The first window shows the response of MPPT algorithms
between time duration of t=0.02sec to 0.12 sec. The output power generated by PV array by ANFIS algorithm is
2554w at lkw/m? irradiance, 2551w by Levenberg-Marquardt & Bayesian Regularization neural network
algorithm and 2550w by Scaled conjugate gradient network algorithm, as showing in the second window.
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Fig. 5.6 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of (a) Boost Converter Output Voltage and, (b) Load Current
Fig. 5.6 (a) and (b), shows boost converter output voltage and load current respectively. A zoomed window is
taken between time duration of t=1.5sec to 1.54 sec. In fig. 5.6 (a), boost converter output voltage is remains
constant at 500v by ANFIS algorithm and around 490v by other neural network algorithms. In fig. 5.6 (b), load
current also remains constant at Samp by ANFIS algorithm and around 4.6amp by other neural network algorithms
for whole simulation time.
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Fig. 5.7 Simulation Results at Constant Irradiance and Temperature of 1000w/m? & 25°C, respectively,
Waveform of Boost Converter Duty Cycle

Fig. 5.7 shows, the waveform of comparison of MPPT algorithms for generating boost converter duty cycle.

CONCLUSION

In this paper a DC-DC converter for standalone solar energy conversion system with maximum power point
tracking (MPPT) technique is developed to achieve the maximum power using ANFIS (Adaptive-Network-Based
Fuzzy Inference System) based MPPT Controller. This paper proposes a novel approach for a comparative
performance analysis of three ANN algorithms namely Levenberg-Marquardt, Bayesian Regularization and
Scaled Conjugate Gradient algorithms for MPPT energy harvesting in a solar PV system. Two-layer feedforward
neural network in the ANN toolbox is trained with real-time input datasets of solar irradiance, panel temperature
and output dataset of generated voltage. The ANN algorithms are trained with 1000 datasets to identify the
appropriate algorithm. The ANFIS algorithm shows better performance in overall data processing with near-zero
error at the middle epoch. The proposed system may also be implemented for various solar PV systems and high-
end technological applications such as space satellites, telecommunications, and military equipment. Furthermore,
the model can be integrated to solar radiation and temperature forecasting, energy consumption prediction, energy
management system, smart home, and smart cities.
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