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Abstract: - Fuel oil is a primary source used by the research stations located at Antarctica. However, shipping fuel oil to this remote region
is costly and harms the environment. Due to global warming, it has become a necessity to implement green energy technologies. Due to
the nonlinear nature of PV cells and their dependence on solar irradiation and temperature, obtaining maximum power is a challenge. The
system must be optimized to obtain the maximum power using Power Electronics. One way of achieving this is called Maximum Power
Point Tracking (MPPT). Our research evaluates the performance of conventional method, Perturb and Observe (P&O) based MPPT
technique, with modern techniques, Artificial Neural Network (ANN) and Adaptive neuro-fuzzy inference system (ANFIS) based MPPT
techniques. Simulations of the ANN, ANFIS and P&O algorithms were carried out using MATLAB-Simulink. The comparison between
these controllers is made considering the partial shading and their performance at different temperatures at the leading solar sites and South
pole. Results indicate that there is an improvement in MPP tracking for both ANN and ANFIS controllers as compared to the P&O
algorithm with respect to the settling time, overshoot, oscillations and time to achieve MPP at both environments.

Keywords: Maximum Power Point Tracking; Artificial Neural Network; Adaptive Neuro Fuzzy Inference
System; Photovoltaic energy; Solar energy.

L. INTRODUCTION

Antarctic research facilities rely heavily on imported fuel oil, for their operations and safety measures to generate
energy and provide heating and transportation services for both land and air activities in the area’s environment.
However, importation of fuel up to Antarctica and its delivery to the bases is expensive and its operations may
pose risks since oil spills are a danger in any operations on the base [1]. For logistic reasons, as well as the remote
location of the Antarctic bases, this also increases the cost of transporting fuel to areas that are not sea accessible
[2]. Due to environmental considerations, it is necessary for the Antarctic bases to eliminate dependency on the
fuel oil [3]. There are possibilities of harnessing wind and solar electricity in Antarctica, which can be a renewable
energy alternative [4]. It does not matter what environmental issues exist; it is possible that renewable energy
models would be cheaper than the current generation models [5].

The Amundsen-Scott South Pole Station, one of the research centers built by the United States at the
geographical south pole is an example of why these alternatives are necessary. This institution, which has been
managed since 1976 by the National Science Foundation (NSF), is one of the three USAP operated stations and
is in the south pole with the other two being McMurdo Station on the Ross Sea, and Palmer Station on Anvers
Island [6]. Built for the International Geophysical Year and establishing Upper Pole Station in November 1956,
South Pole Station has been in operation for many years and in 1999, a modern elevated station was built [7].
Founded on the southwest polar cap at a height of 2835 m, the temperatures range between -13.6°C and -82.8°C
with the station allowing extreme climatic conditions [8]. Such conditions require great specifics of engineering
construction as well as a constant energy source to maintain the operability and even life [9]. Fig. 1 displays
Amundsen-Scott South Pole Station [10].
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Fig. 1. Amundsen-Scott South Pole Station [10]
A. Green Energy Capability:

Among the researchers, the most renowned renewable technologies in Antarctica are wind and solar
power and these have been widely used in applications [11]. Firstly, solar energy can be used for thermal
applications or space heating and secondly, photovoltaic energy systems for the direct conversion of solar energy
to electricity. The goal of this study is to investigate the effects of several methods for implementation of MPPT
systems where conditions of the partial shadows and varying temperatures take place at the South pole and at
other leading solar regions of the world.

B. South Pole Station’s Atmospheric and Solar Statistics:

The National Aeronautics and Space Administration (NASA) furnishes satellite-derived surface
meteorology and solar energy (SSE) data for any global coordinates [12]. This dataset provides a climate of solar
irradiance and some meteorological data, for a period of ten years, on a grid of 1° by 1°. These means, however,
may not completely characterize the localized microclimates but are relatively suited for the south pole
applications.

At the South Pole, the following key points are observed:

Table 1 displays the average monthly insolation values which show the amount of solar energy
received over a horizontal surface and measured in watt-hours in a single day [12].

Table 1. Monthly Averaged Insolation Incident (solar irradiation) On a Horizontal Surface (Wh/m?%day) [12]

Latitude - | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
90°

Longitude 0°

10-year 864 | 467 46 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.09 | 296 | 734 | 964
average

Table 2 shows the average percentage of cloud amount at different hours in a day [12].
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Table 2. Monthly Averaged Cloud Amount at Indicated GMT Times (%) [12]

Latitude -90° | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec

Longitude 0°

Average at 833 | 163 | NJA | NJ/A | NJA | N/A | N/A | NJA | NJA | N/A | 14.1 | 5.80
00:00

Average at 992|169 | NJA | NJA | N/A | N/A | N/A | NJA | NJA | N/A | 13.8 | 5.54
3:00

Average at 11.1 | 145 | NJA | NJA | N/A | N/A | N/A | N/A | NJA | N/A | 9.19 | 4.29
6:00

Average at 638 | 17.6 | N/A | NJA | N/A | N/A | NJA | NJA | NJA | N/A | 11.8 | 5.09
9:00

Average at 6.55| 181 | NJA | NJA | N/A | N/A | N/A | NJA | NJA | N/A | 12.7 | 4.30
12:00

Average at 545 17.0 | N/A | NJA | NJ/A | NJA | N/A | NJA | NJA | N/A | 109 | 5.21
15:00

Average at 6.74 | 158 | N/A | NJA | N/A | N/A | N/A | NJA | NJA | N/A | 11.2 | 497
18:00

Average at 7491 169 | NJA | NJA | N/A | N/A | N/A | NJA | NJA | N/A | 15.1 | 6.34
21:00

Table 3 displays the data of monthly averaged wind speed measured 50 meters above the Earth surface

[12].

Table 3. Monthly Averaged Wind Speed at 50 m Above the Surface of The Earth (m/s) [12]

-90°
Longitude
00

Latitude Jan

Feb

Mar

Apr

May

June

July

Aug

Sep

Oct

Nov

Dec

average

10-year 4.63

5.59

7.02

7.33

7.35

7.31

7.16

7.25

7.24

6.30

4.91

4.15

Table 4 displays the minimum and maximum difference of monthly averaged wind speed measured 50
meters above the Earth surface [12].

Table 4. Minimum And Maximum Difference from Monthly Averaged Wind Speed at 50 m (%) [12]

Latitude - | Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
90°
Longitude 0°
Minimum -8 -10 -11 -8 -7 -6 -4 -5 -6 -5 -11 -17
Maximum 8 9 5 5 5 6 7 2 7 5 13 19

Table 5 shows monthly averaged temperature measured at 10 meters above the Earth surface at different
intervals in a day [12].
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Table 5. Monthly Averaged Air Temperature At 10 m Above the Surface of The Earth for Indicated GMT Times (° C) [12]

Latitude Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
-90°
Longitude
00
Average at | -21.4 | -29.7 | -46.8 | -55.9 | -58.1 | -59.3 | -61.3 | -64.1 | -63.2 | -52.1 | -30.1 | -21.4
22:30

Averageat | -21.5 | -299 | -47.2 | -559 | -58.1 | -59.3 | -61.3 | -64.0 | -63.2 | -52.2 | -30.1 | -21.4
01:30

Average at | -21.6 | -30.1 | -47.7 | -559 | -58.1 | -594 | -61.3 | -64.0 | -63.2 | -52.4 | -30.2 | -21.5
04:30

Average at | -21.7 | -30.2 | -47.7 | -56.0 | -58.1 | -59.5 | -61.3 | -63.9 | -63.2 | -52.3 | -30.2 | -21.5
07:30

Average at | -21.6 | -30.2 | -47.8 | -56.1 | -58.2 | -59.5 | -61.3 | -63.9 | -63.2 | -52.0 | -30.0 | -21.5
10:30

Average at | -21.6 | -30.1 | -47.6 | -56.3 | -58.2 | -59.5 | -61.4 | -63.9 | -63.2 | -52.7 | -30.7 | -21.3
13:30

Average at | -21.5 | -30.0 | -47.2 | -56.2 | -58.2 | -59.5 | -61.4 | -63.9 | -63.1 | -52.4 | -30.6 | -21.3
16:30

Average at | -21.5 | -30.0 | -47.0 | -56.1 | -58.2 | -59.4 | -61.5 | -63.9 | -63.1 | -52.4 | -30.6 | -21.2
19:30

It is evident that during the summer months there is a great deal of solar energy that can be harnessed
due to increased solar radiation and less cloud coverage. In addition, photovoltaic cells richer in silicon also have
a better performance in cooler environments. For silicon cells, their power output is greatest at low temperatures,
approximately - 0.4% per degree Centigrade. These are less on the South Pole where the wind velocities are not
very high, hence, the structural stresses on the solar panel installations are further reduced.

Comparison with Leading Solar Sites:

For a more tangible estimation of what the South Pole can achieve, its solar outputs can be put side by
side with some of the leading photovoltaic sites. For example, the 11 MW solar plant in Serpa, Portugal, and an
8 MW installation to be in Colorado's San Luis Valley are some examples of large-scale solar projects. In this
study, we benchmarked these sites against the South Pole by utilizing NASA's SSE data.

Serpa, Portugal

Table 6 shows the average monthly insolation values which show the amount of solar energy received
over a horizontal surface and measured in watt-hours in a single day in Serpa, Portugal [12] which is one of the
leading solar sites.

Table 6. Monthly Averaged Insolation Incident on A Horizontal Surface (Wh/m?/day) [12]

Serpa Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec
10-year 231 | 300 | 436 | 520 | 615 688 734 | 650 | 521 | 351 | 241 194
average

San Luis Valley, Colorado

Table 7 displays the average monthly insolation values which show the amount of solar energy received
over a horizontal surface and measured in watt-hours in a single day in San Luis Valley, Colorado [12].
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Table 7. Monthly Averaged Insolation Incident on A Horizontal Surface (Wh/m?/day) [12]

San Luis Jan | Feb | Mar | Apr | May | June | July | Aug | Sep | Oct | Nov | Dec

10-year 235 | 326 | 441 552 640 655 603 539 | 480 | 381 | 273 | 218
average

Fig. 2 displays the comparison of solar irradiation between South Pole and leading solar sites [12].

Comparison of solar irradiation between
South Pole and leading Solar Sites
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864 964
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==@==South Pole ==@==Serpa, Portugal San Luis Valley, Colorado

Fig. 2. Average insolation vs month for the South Pole, Serpa ( Portugal ) and the San Luis Valley ( Colorado, USA )

Given that the annual mean solar energy at the South Pole is approximately 60% of the best current solar
energy sites worldwide, efficiency improvements at low temperatures and constant summer solar irradiation raise
the South Pole to one of the leading candidates for implementing renewable energy [13].

IL. Maximum Power Point Tracking (MPPT)

Solar energy technology today provides about 16% of global energy consumption [14] —[16], apart from
being a clean energy solution due to its low operational costs. With more efficiency than other renewable sources,
PV turned out to be one of the safest and most capable sources of energy [17]. Nevertheless, photovoltaic systems
are faced with another challenge-its low efficiency [18].

The output characteristics of PV arrays are non-linear and dependent on atmospheric conditions: sunlight
intensity and temperature shown in Fig. 3. This causes the MPP to be different for different conditions. To achieve
maximum energy production, PV systems should be operated at maximum power point always. Various
Maximum Power Point Tracking (MPPT) controllers have been developed throughout the years regarding solar
PV, to achieve that aim. These controllers essentially handle the duty cycle of DC-DC converters to produce
maximum output power at the MPP. MPP, denoted by(Vmp, Imp), can be interpreted in few words, "both voltage

and current intersect". The MPP methods increase the efficiency of systems and lower the total costs of PV
installations.

N
— Isc
o - Pmax
3| em
|
|
lII
Vpm__ Voci
Voltage V ’

Fig. 3. Output characteristics of PV cell
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Different MPPT algorithms have been introduced in different levels of complexity, accuracy, operational
cost, and sensor requirements [19]. The Perturb and Observe (P&O) method is the most widely used mainly
because of its simplicity. Rapid changes in solar irradiation make a MPP not stable, and steady-state oscillations
pose a common disadvantage [20]. For fast and stable responses compared to conventional algorithms, more
sophisticated approaches like fuzzy logics and ANNs have demonstrated substantial success in the MPP tracking
process [21],[22].

The ANN-based MPPT controllers have an upper hand in adjusting various non-linear characteristics of
PV modules with respect to environmental uncertainties. These controllers use diverse algorithms with,
respectively, defined input and output variables and specified sensor requirements [23] — [27]. Adaptive Neuro-
Fuzzy Inference Systems (ANFIS) can additionally improve efficiency to settle relatively faster, with lesser
overshoot and oscillation, whilst tracking the MPP with far more effectiveness compared to ANN based methods.

Perturb and Observe (P & O) MPPT:

The Perturb and Observe (P&O) method is a traditional MPPT algorithm that works by perturbing the
operating voltage and observing the resulting changes in power. If the power increases, the algorithm continues
in the same direction; otherwise, it reverses direction. While it is simple and widely used, the P&O method may
struggle with dynamic environmental changes and can oscillate around the maximum power point.

The P&O method is very well known for being easy to implement [28]. It modifies the duty cycle of the
DC-DC converter dependent upon the sampled voltage at the PV module to arrive at the optimal operating point.
A flowchart of the P&O algorithm is presented in Fig. 4. If the next perturbation increases power output, this
perturbation is in the same direction as the previous one. Otherwise, the perturbation is reversed in order to
approach the MPP [29].

Measure V(t), I(t)

| Calculate Power, P(1) I

D(t) = D(t-1)+A D D(t) = D(t-1)-A D D(t) = D(t-1)-A D D(t) = D{t-1)+A D

Fig. 4. P&O algorithm’s flow chart

Although modified adaptive P&O algorithms do successfully mitigate some limitations of the traditional
approach, challenges of oscillation very near the MPP and difficulties of tracking under rapidly changing
conditions do persist.

Artificial Neural Network (ANN) MPPT:

Artificial Neural Network (ANN) based MPPT take historical data such as solar irradiance and
temperature, in addition to real-time inputs to be able to predict the maximum power operating point efficiently.
The advantages of ANN are that it can learn to adapt itself to a changing operating environment. It is significantly
faster and more accurate than ordinary algorithms in terms of bringing in the required results.

An artificial neural network imitates the connected neurons found in the human brain whereby
communication is enabled through adjustable-weight connections. Fig. 5 elaborates on the architecture of a
general ANN.
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Fig. 5. Architecture Artificial Neural Network’s Architecture

Weights indicate the importance of each input and training generally involves a dedicated adjustment of
these weights. During the training of ANN, the inputs (features) and outputs (targets) are compared, and in case
of mismatches, the error is reduced through repeated iterations [30]. For MPPT applications, ANN algorithms use
irradiance and temperature sensors found to be useful in acquiring the best duty cycle for converter operation [31].
Other systems additionally incorporate various sensors to track the voltage and current, thereby assuring the
accuracy in tracking the MPP [23] , [32].

The ANN modeled in this study consists of an input layer, a hidden layer, and an output layer. A tangent
sigmoid activation function is employed on the hidden layer, while the output layer uses a linear transfer function.
The performance of the neural network is assessed through mean square error (MSE), given by:

Emse = X{=1[ t(k) — 0 ()] (1

where t(k) is the target at sample k, o(k) is the output at sample k, and N is the number of total training
patterns.

This study finds the MPPT process divided into two different stages: MATLAB trains the ANN in
determining the optimal voltages points (Vpy) that refer to the power points under tracking; controller PI adjusts
the duty cycle on the converter for the MPP. This is depicted in Fig. 6 of the ANN-based MPPT algorithm.

,.‘ Pl(s) @

Pl Controller

Temperature

Functien Fitting Neural Network1

Fig. 6. Simulink model for ANN method
Adaptive Neuro Fuzzy Inference System (ANFIS) MPPT:

Adaptive Neuro-Fuzzy Inference System (ANFIS) is the combination of the two methods — fuzzy logic
and neural networks, building a self-learning system even in the presence of uncertainties and nonlinearities. It
offers a very robust and intelligent approach to MPPT for complicated or dynamically changing scenarios.

Adaptive Neuro-Fuzzy Inference System (ANFIS), a combination of neural networks and fuzzy logic in
the analysis of nonlinear characteristics of PV systems, utilizes current (Ipv) and voltage (Vpv) as inputs and
forms duty cycle (o) as output [33], [34].

Extensive prior datasets were utilized as knowledge to train the ANFIS controller [33]. Each input has
five triangular membership functions, and fuzzy If-then rules are refined to improve results. The controller during
training organizes membership functions to give good performance by minimizing errors. Upon finishing the
training process, the controller validates the data to ensure optimum operation [35].

It is quite well recognized that ANFIS controllers are distinguished by their accuracy, flexibility,
convergence speeds, and near-zero oscillation despite different environmental conditions. Fig. 7 illustrates the
implementation of ANFIS-based MPPT:

1050



J. Electrical Systems 21-1 (2025): 1044 - 1064

Simulation of PV modules under
diffrent weather conditions

]

Fuzzified input data

[ ANFIS network model ]

Trained model

Yes

Error < Max error

Learning model
ANFIS controller

[ DC-DC boost converter ]

Checking data

Fig. 7. ANFIS based MPPT implementation flowchart

I11.
Simulation of PV Module:

MATERIAL AND METHODS

The PV module “SunPower SPR-E20-440-COM” is simulated in this study. Table 8 shows the data

sheet for the reference model under standard test conditions (STC).

Table 8. Specification of the PV module

Parameter Value
Maximum power (Pmax) 444.86 W
Maximum power voltage (Vmp) 76.7V
Maximum power current (Imp) 5.8 A
Open circuit voltage (Voc) 90.5
Short circuit current (Isc) 621 A
Maximum system voltage 3835V

Standard test condition (STC)

Cell temperature: 25°C, irradiance:
1000 W/m?

This project involves the design of a 3 MW PV array. It comprises 5 modules in series per string and
1,349 parallel strings. The voltage-power (V-P) and voltage-current (V-I) characteristics of the module are shown
in Fig.s 8 and 9. From these simulation results, it can be noted how the MPP varies and moves with solar irradiation
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and temperature.
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Fig. 8. V-1 and V-P characteristics of the PV module and location of the MPP for different irradiations at 25°C

W ‘array at variable and 1000

250
Votiage (V)

x0 ) 30 380 0 2
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Fig. 9. V-1 and V-P characteristics of the PV module and location of the MPP for different temperatures at 1000W/h

DC-DC Boost Converter:

The DC-DC boost converter is used for connecting the PV array to the load, for maximum power
extraction under different environmental and load conditions. Fig. 10 displays the structure of DC-DC Boost
converter:

Input voltage source (PV array)

Output voltage load

A Switching component: MOSFET or IGBT in parallel with a diode
A Filter for output current: inductor (L)

A Smoothing output voltage: capacitor (Co)
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Fig. 10. General Structure of DC-DC Boost Converter

MPPT Controllers:
Perturb and Observe (P&O) based MPPT controller:

The Perturb and Observe (P&O) MPPT controller in Fig. 11, allows the solar irradiation levels to change
rapidly between 1000 W/m? and 400 W/m? showing partial shading effect. Temperature ranges are varied from
15-degree centigrade to 45-degree centigrade for typical solar sites and from -55 degrees centigrade to -20 degrees

centigrade for the South Pole.

N h e == 1]

%i {

T

H
{'D j

Fig. 11. Perturb and observe based MPPT controller

&

T e

!

Artificial Neural Network (ANN) based MPPT controller:

!
!

The Fig. 12 shows the ANN-controlled MPPT. The output from PV array gets compared against the
predictions by the neural network model. The resulting difference is solved using the proportional-integrative (PI)
controller that modifies the duty cycle of the IGBT switch to reach maximum power output. The neural network

algorithm employed is shown in Fig. 13.
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Fig. 12. Artificial Neural Network (ANN) based MPPT controller
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Fig. 13. Neural Network algorithm

Adaptive Neuro Fuzzy Inference System (ANFIS) based MPPT controller:

The ANFIS-controlled MPPT seen in Fig. 14 uses fuzzy logic for voltage estimation. This voltage error
signal is forwarded to a PI controller that computes the required duty cycle to be applied to the IGBT switch. The
ANFIS algorithm is presented in detail in Fig. 15 and 16 together with its structure.

ANFIS MPPT Algoriihm

Fig. 14. ANFIS based MPPT controller
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('
=1

g

Fig. 15. ANFIS block algorithm

Structure for ANFIS is shown in Fig. 16.

input inputmf rule outputmf output

Logical Operations
and

. or

not

Fig. 16. Structure for ANFIS

Iv. RESULTS AND DISCUSSION

PV array is designed to provide the maximum power of 3MW at 1000 W/m? irradiance and 25°C
temperature. In South Pole due to lower temperature values (-55°C to -20°C ) PV array is supposed to give power
more than 3MW as solar cells perform better at low temperatures. Partial shading effect is applied by changing
the solar irradiation abruptly between values of 1000 W/m? to 400 W/m? by keeping the temperature constant at
25°C for leading solar sites and -25°C for South Pole. For evaluating the performance of controller in leading solar
sites temperature is varied in steps from 15°C to 45°C while for South Pole the temperature is varied from -55°C
to -20°C. Solar irradiation is kept constant at 1000W/m? at both locations for this. Performance of each technique
based MPPT controller is given below.

A. Performance of P&O based MPPT Controller:

Fig. 17 and 18 show the performance of P&O based controller at leading solar sites with varying solar
irradiation abruptly (for partial shading effect) and variable temperatures respectively.
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Fig. 17. MPPT with P&O based controller with variable solar irradiation at leading solar sites
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Fig. 18. MPPT with P&O based controller with variable temperature at leading solar sites

Similarly, the performance of P&O based controller at South pole with varying solar irradiation abruptly
(for partial shading effect) and variable temperatures are shown in Fig. 19 and 20 respectively.
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4 «10® MPPT with P&O controller with variable solar irradiation at South Pole
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Fig. 19. MPPT with P&O based controller with variable solar irradiation at South Pole

«10% MPPT with P&O controller with variable solar irradiation at South Pole
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Fig. 20. MPPT with P&O based controller with variable temperature at South Pole

These results can be shown in the form of tables for easy evaluation. Table 9 and 10 summarize the
performance of P&O based MPPT controller with varying irradiance and varying temperature both at leading
solar sites and South Pole respectively.
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Table 9. Power obtained by P&O based MPPT controller with varying irradiance

Location 1000 W/m? | 800 W/m? | 600 W/m? | 400 W/m? | 600 W/m? | 800 W/m?

Leading Solar | 2.8498 MW | 2.2849 MW | 1.7216 MW | 1.1387 MW | 1.7097 MW | 2.2800 MW
Site
South Pole 3.0175 MW | 2.3749 MW | 1.8308 MW | 1.2420 MW | 1.7658 MW | 2.2784 MW

The upper temperature in table below is for leading solar sites and lower is for South Pole.

Table 10. Power obtained by P&O based MPPT controller with varying temperature

Location 45°C 35°C 30°C 25°C 15°C
-20°C -25°C -35°C -45°C -55°C

Leading Solar Site 2.7740 MW 2.8284 MW 2.8472 MW 2.8571 MW 2.8916 MW
South Pole 3.1762 MW 3.2408 MW 3.2380 MW 3.2348 MW 3.2297 MW

It is clear from results that P&O based MPPT controller fails to obtain the rated 3MW power at leading
solar sites. At South Pole the power obtained for each irradiation is more than that obtained at leading solar sites
which is due to lower temperatures but still we can conclude that it fails to get the maximum power at South Pole
too. Varying temperature has drastic effect on P&O based MPPT controller at South Pole as it fails to provide
constant power even if the temperature is kept constant for a period. With partial shading effect, it fails to get the
same power it gets for the same irradiance before.

Performance of ANN based MPPT Controller:

Fig. 21 and 22 show the performance of ANN based controller at leading solar sites with varying solar
irradiation abruptly (for partial shading effect) and variable temperatures respectively.

3.5 = 10° MPPT with ANN based controller with variable solar irradiation at leading solar sites
. T T T T T T T T T

3 |

25 =
&
2
o

o 15§ -

1 L —

0.5 -

0 | | | 1 | | | | 1
0 1 2 3 4 5 6 7 8 9 10

Time (s)

Fig. 21. MPPT with ANN based controller with variable solar irradiation at leading solar sites
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«10® MPPT with ANN based controller with variable temperature at leading solar sites
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Fig. 22. MPPT with ANN based controller with variable temperature at leading solar sites

Similarly, the performance of ANN based controller at South pole with varying solar irradiation abruptly
(for partial shading effect) and variable temperatures are shown in Fig. 23 and 24 respectively.

4 «10% MPPT with ANN based controller with variable solar irradiation at South Pole
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Fig. 23. MPPT with ANN based controller with variable solar irradiation at South Pole
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.58 108 MPPT with ANN controller with variable temperature South Pole
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Fig. 24. MPPT with ANN based controller with variable temperature at South Pole

These results can be shown in the form of tables for easy evaluation. Table 11 and 12 summarize the
performance of ANN based MPPT controller with varying irradiance and varying temperature both at leading
solar sites and South Pole respectively.

Table 11. Power obtained by ANN based MPPT controller with varying irradiance

Location 1000 W/m? | 800 W/m? 600 W/m? 400 W/m? 600 W/m? 800 W/m?
Leading Solar 3 MW 2.3973 MW | 1.7899 MW | 1.1828 MW | 1.7899 MW | 2.3973 MW
Site

South Pole 3.2265MW | 2.5816 MW | 1.9366 MW | 1.2766 MW | 1.9365 MW | 2.5815 MW

The upper temperature in table below is for leading solar sites and lower is for South Pole.

Table 12. Power obtained by ANN based MPPT controller with varying temperature

Location 45°C 35°C 30°C 25°C 15°C
-20°C -25°C -35°C -45°C -55°C
Leading Solar Site 2.6357 MW 2.8593 MW 2.9383 MW 3 MW 3.0875 MW
South Pole 3.2156 MW 3.2264 MW 3.2464 MW 3.2652 MW 3.2835 MW

Artificial Neural Network (ANN) based MPPT controller is clearly performing better than P&O based
MPPT controller in obtaining maximum power from the PV array both at leading solar sites and South Pole. It
attains steady state more rapidly than P&O based controller and partial shading also has minimum effect as
same power is obtained for same value of irradiation.

Performance of ANFIS based MPPT controller:

Fig. 25 and 26 show the performance of ANFIS based controller at leading solar sites with varying solar
irradiation abruptly (for partial shading effect) and variable temperatures respectively.
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a5 X 10° MPPT with ANFIS controller with variable solar irradiation at leading solar sites
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Fig. 25. MPPT with ANFIS based controller with variable solar irradiation at leading solar sites

«10®  MPPT with ANFIS controller with variable temperature at leading solar sites
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Fig. 26. MPPT with ANFIS based controller with variable temperature at leading solar sites

Similarly, the performance of ANN based controller at South pole with varying solar irradiation abruptly
(for partial shading effect) and variable temperatures are shown in Fig. 27 and 28 respectively.

1061



J. Electrical Systems 21-1 (2025): 1044 - 1064

4 10° MPPT with ANFIS controller with variable solar irradiation South Pole
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Fig. 27. MPPT with ANFIS based controller with variable solar irradiation South Pole

3,585 108 MPPT with ANFIS controller with variable temperature South Pole
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Fig. 28. MPPT with ANFIS based controller with variable temperature at South Pole

These results can be shown in the form of tables for easy evaluation. Table 13 and 14 summarize the
performance of ANN based MPPT controller with varying irradiance and varying temperature both at leading
solar sites and South Pole respectively.
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Table 13. Power obtained by ANFIS based MPPT controller with varying irradiance

Location 1000 W/m? | 800 W/m? | 600 W/m? | 400 W/m? | 600 W/m? | 800 W/m?
Leading Solar 3 MW 2.3974 MW | 1.7899 MW | 1.1828 MW | 1.7899 MW | 2.3973 MW
Site

South Pole 3226 MW | 2582 MW | 1.937MW | 1277TMW | 1.937MW | 2.582 MW

The upper temperature in table below is for leading solar sites and lower is for South Pole.

Table 14. Power obtained by ANFIS based MPPT controller with varying temperature

Location 45°C 35°C 30°C 25°C 15°C
-20°C -25°C -35°C -45°C -55°C

Leading Solar Site | 2.636 MW | 2.8591 MW | 2.9383 MW 3 MW 3.0876 MW

South Pole 32156 MW | 32265MW | 32463 MW | 32653 MW | 3.2835 MW

The results obtained from ANFIS based MPPT controller are very much like those obtained from ANN based
MPPT controller. Both attain steady state more rapidly than P&O based controller and partial shading also has
minimum effect as same power is obtained for same value of irradiation.

V. CONCLUSION

This paper evaluates the performance of Perturb and Observe (P&O) based MPPT techniques with Artificial Neural
Network (ANN) and Adaptive Neuro-Fuzzy Inference System (ANFIS) based MPPT techniques in leading solar
sites and South Pole. In the presence of rapidly changing sun irradiation or temperature, the ANN and ANFIS
algorithms are extremely fast and precise in locating and monitoring the MPP at both locations. On the contrary,
when irradiation changes rapidly in a short period of time, the P&O approach fails to detect the MPP. Furthermore,
this approach exhibits substantial oscillation around MPP resulting in significant power loss over time.
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