
Design and Performance Analysis of Robust 
Adaptive Neuro-Fuzzy Inference System-Based 

Modified P&O Algorithm of MPPT Controller for a 
Solar PV System 

Arnob Chandra Dafader, Md. Rifat Hazari, Shameem Ahmad and Mohammad Abdul Mannan 

Abstract- Perturb and observe (P&O) is a well-known 
maximum power point tracking (MPPT) algorithm that is 
used in solar photovoltaic (PV) systems to increase its 
efficiency. However, as the PV system uses solar 
irradiance and temperature for making electric power, 
the fast change of these two affects the performance of 
P&O and the efficiency of the PV system. Thus, the P&O 
algorithm fails to detect maximum power point (MPP) if 
temperature and irradiance change quickly. Therefore, 
this paper presents an adaptive neuro-fuzzy inference 
system (ANFIS) based P&O algorithm of MPPT 
controller for a solar PV system to solve the issues 
mentioned earlier. The utilization of the proposed ANFIS 
in the P&O algorithm can track the fast changes in solar 
irradiance and temperature to extract the maximum 
power from the solar PV panel. Comparative analysis has 
been done on MATLAB/Simulink software for both the 
traditional P&O and the proposed ANFIS-based P&O 
algorithm to show the effectiveness of the proposed MPPT 
controller. 

Keywords:  Perturb and observe (P&O), adaptive neuro-

fuzzy inference system (ANFIS), maximum power point 

tracking (MPPT), fuzzy logic controller (FLC), artificial 

neural network (ANN). 

I. Introduction
Seven nations have chosen to outlaw fossil fuels, 
particularly coal because it releases CO2 and causes 
global warming. Sustainable energy comes from 
renewable sources. Solar energy is one of the 
renewable energy sources and can be used using PV 
panels. PV panels must be installed on the rooftops of 
50% of government buildings, 20% of homes, 30% of 
commercial buildings, and 40% of community services 
buildings in China. In the USA, a solar farm with four 
pilot systems that has a 2.3 MW capacity has been 
erected as of 2021 [1]. The use of large-scale renewable 
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energy sources (RESs) has expanded over the past ten 
years because of the problem of global warming caused 
by fossil fuel-based power plants and the rising expense 
of those plants. The popularity of PV panels is the 
highest among all RESs as their cost is falling [2].  
By examining historical growth statistics, it is possible 
to predict that the annual market will reach 200 GW by 
2025 [3]. By the year 2100, it is predicted that 70% of 
the world's energy will be produced using solar 
technology, making it one of the most prominent 
renewable resources in recent years [4]. 
Solar energy is abundant on earth, and PV panels are 
simple to install and require little maintenance. Solar 
energy is also favorable to the environment. The main 
factor causing the voltage variation of the PV terminal 
is the nonlinear influence of solar irradiation. The 
variation in solar irradiation caused a percentage 
variation in the rated output capacity of a single PV 
power plant in Portugal between 45 and 90%, 
according to research [5]. This system, however, has 
poor efficiency. To address the efficiency issue, the 
MPPT controller is an integral part of PV systems 
nowadays [6-8]. 
PV systems generate power by utilizing temperature 
and solar radiation. These two factors have an impact 
on MPP. Maximum power can alter with changes in 
temperature and irradiation. Therefore, MPPT 
algorithms are utilized to maintain the PV system's 
higher efficiency. MPP is detectable by MPPT. If 
temperature and irradiance are not changed, MPPT 
should keep MPP constant; if temperature and 
irradiance are changed, MPPT should find accurate 
MPP. This will boost the efficiency of the PV system. 
PV voltage is maintained at a level known as MPP, 
which is the maximum possible multiplication of PV 
voltage and current [6]. A well-known MPPT algorithm 
is P&O. It is simple to use and requires little money to 
set up [6]. This method, however, struggles to track 
precise power latency and encounters a steady-state 
problem with changes in temperature and irradiance. 
Numerous authors have offered numerous solutions to 
this problem.  
Characteristics of PV systems are nonlinear. Since 
fuzzy logic control (FLC) has knowledge-based 
nonlinear structural properties, it is useful for nonlinear 
systems. Some literature has only mentioned the FLC 
as a possible way to improve MPPT [6–13] and 
frequently employed twenty-five rules in the FLC. The 
authors of [6–9] used five membership functions (MFs) 
with twenty-five rules, two inputs, and one output. Few 
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Fig. 1: Single-diode model of PV cell. 

authors in a few works of literature use seven MFs with 
forty-nine rules [10], [11].  
Three MFs with nine rules were also used by certain 
authors [12]. The authors of Ref. [13] used two MFs 
with two rules and the PV current “I” as the input for 
the FLC to achieve their best result. Despite producing 
better results, FLC-based MPPT has a major flaw in the 
architecture of its MFs, and creating rules is a difficult 
task. The layout of the MFs and rules determines how 
effective the system is. Artificial neural networks 
(ANN), on the other hand, are appropriate for nonlinear 
systems because of their capacity for universal 
approximation and their adaptable structure, which 
enables the capture of complicated nonlinear 
phenomena. Authors [14–18] have used ANN-based 
MPPT. The way ANNs are trained influences how well 
they perform. Nodes of ANN must be tuned regularly 
as they get older. An ANN that has been trained for one 
capacity of a PV system cannot be used for another 
capacity. ANFIS combines FLC with neural networks 
and is also utilized for nonlinear systems [19].  
The ANFIS-based P&O method is proposed in this 
research. The proposed system's contribution gets 
around P&O's drawbacks. P&O's primary drawback is 
that it takes a long time to identify MPP when 
temperature and irradiance change rapidly [6]. The 
proposed technique is more efficient than traditional 
P&O and other systems already in use. Its performance 
is evaluated using actual temperature and irradiance 
numbers as well as uniform and nonuniform values. 
Comparisons were made between the suggested 
method's performance and that of other currently used 
methods and the traditional P&O algorithm. The 
suggested ANFIS-based P&O outperformed the others. 
A detailed presentation of the suggested ANFIS-based 
P&O design methodology is also made.  
In section II the PV model is shown. In section III, DC-
DC boost converter is discussed. Traditional P&O is 
reviewed in section IV. Section V is based on ANFIS.  

In sections VI and VII, the proposed method and result 
were discussed, respectively. 

II. PV Model
PV models come in single-diode and double-diode 
varieties. The single-diode model is more accurate and  
less complex than the double-diode model [20]. Fig. 1 
shows the single-diode PV model. 
Being a photodiode, the solar cell produces an electron-
hole pair when exposed to sunlight, which causes 
current to flow. KCL was used to discover this in the 
following equation [7]. 

𝐼=𝐼𝑝ℎ−𝐼𝐷−𝐼𝑠ℎ  (1) 
𝐼 = 𝐼𝑝ℎ − 𝐼0 {exp [

(𝑉−𝑅𝑠𝐼)

𝑉𝑇𝑎
] − 1} −

𝑉+𝑅𝑠𝐼

𝑅𝑠h
 (2) 

It is discovered in equations (1) and (2) that output 
power is influenced by temperature and irradiance.  
The PV system's current, Iph, is being discussed here. 
The reverse saturation current is indicated by I0. Rs is a 
series-connected resistor, and Rsh is a parallel resistor. 
The term VT stands for thermal voltage. 

𝑉𝑇 =
𝑁𝑠𝐾𝑇

𝑞
         (3) 

Here, Ns is the number of series-connected cells, q is 
the charge of the electrons, T is the temperature in 
Kelvin, and K stands for the Boltzmann constant. Fig. 
2 represents the I-V & P-V characteristics of the PV 
system. The I-V & P-V characteristics for varying 
irradiance are shown in Fig. 3. It is discovered that MPP 
is rising as irradiance rises. Short circuit current (Isc), 
which similarly rises with an increase in irradiance, 
causes power to rise as well. MPP also rises as a result. 
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Fig. 2: I-V & P-V characteristics for changing irradiance. 

 

  
Fig. 3: I-V & PV characteristics for changing temperature. 

 
Fig. 3 shows that whereas open circuit voltage (Voc) 
changes significantly with temperature, Isc changes just 
slightly. Voc lowers as the temperature rises. 
Consequently, the fill factor likewise drops, and 
efficiency suffers as a result. 

III. DC-DC Converter 
In the proposed method, the DC-DC boost converter is 
used to transfer power to the load which is shown in 
Fig. 4. A duty cycle signal (0<D<1) is generated by 

pulse width modulation (PWM) and the generated 
signal controls the IGBT. 

 

 
 

Fig. 4: DC-DC boost converter. 
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The input and output variables relationship are given 
below [10]: 
 
𝑉𝑜 = 𝑉𝑖𝑛/(1 − 𝐷)               (4) 
𝐼out = (1 − 𝐷)𝐼in                (5) 
 
Equivalent resistance (Req) is represented in equation 6. 
 
Req = Rin (1 −D)2                (6) 
 
The duty cycle can be obtained according to the 
maximum power transfer theorem as below: 

 

𝑅𝑖𝑛 = 𝑉𝑖𝑛/𝐼𝑖𝑛 = 𝑅𝑜(1 − 𝐷)2 ⟹𝐷 = 1 − √
𝑅𝑖𝑛

𝑅𝑜
       (7) 

 
When Req is equal to output resistance (Ro) the 
maximum power transfer happens. 

 
𝐿 =

(𝑉𝑜−𝑉𝑖𝑛)𝑉𝑖𝑛

𝑓(△𝐼)𝑉𝑜
                               (8) 

 
𝐶 =

(𝑉𝑜−𝑉in )𝐼out 
𝑓(Δ𝑉)𝑉𝑜

                                (9) 

Equations 8 and 9 illustrate the functions of the 
inductor (L) and capacitor (C). 

IV. Traditional Perturb and Observe 
(P&O) Algorithm 

The algorithm P&O is used to find MPP. The P&O 
algorithm is displayed in Fig. 5 and in Fig. 6 tracking 
of MPP is shown.  
This algorithm begins by obtaining the PV system's 
voltage and current values. It then observes the power 
shift. The duty cycle remains unchanged if the change 
in power, DP = 0, remains constant. But if not, it then 
determines whether DP>0. By varying the duty cycle, 
it can raise or lower the value of DV depending on the 
value of DP.  
The duty cycle is indicated as "D" in Fig. 5. The duty 
cycle is increased or decreased by adding or removing 
a fixed step size, deltaD. Here, deltaD is a fixed 
amount. The drawback of P&O is that oscillation will 
occur around MPP if the step size is big. The 
identification of MPP will take longer, however, if the 
step size is fixed [6]. 

 

 
Fig. 5: Perturb and observe (P&O) algorithm. 

 
Fig. 6: Tracking of MPP. 
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Fig. 7: ANFIS structure. 

V. Adaptive Neuro-Fuzzy Inference 
System (ANFIS) 

In 1993 Jang developed ANFIS. Its method for learning 
data is straightforward. This method is simple to use 
and doesn't require the assistance of a professional 
human. Additionally, it learns quickly and with great 
accuracy. ANFIS solves issues by fusing language and 
numerical techniques. It describes a complex sort of 
system and applies fuzzy IF-THEN logic. ANFIS 
makes use of fuzzy logic (FL) and a neural network to 
translate provided input into the desired output. Thus, 
it is an FL and neural network combo [19]. In general, 
ANFIS has the same components as FL and neural 
networks. Fuzzification, knowledge bases, neural 
networks, and defuzzification are the components of 
these layers. Layer 1 accepts input values or MFs. The 
weights of each MF are checked in Layer 2, which is 
referred to as the MFs layer. It receives input from 
Layer 1 and outputs all inputs as fuzzy sets. The ruling 
layer is referred to as layer 3. The nodes of neurons 
make up this layer. In this layer, each rule's activation 
level is compared, and each node in this layer matches 
fuzzy rules' preconditions. The defuzzification layer is 
located at Layer 4. This layer provides the output values  
that result from the inference of rules. The output layer 
is layer 5. It resolves a fuzzy classification into a clear 
value [21]. The rules are presented below: 
Rule 1: IF X is A1 and Y is B1, then F1 = P1X+ Q1Y 

+ r1 
Rule 2: IF X is A2 and Y is B2, then F2 = P2X+ Q2Y 

+ r2 
Fig. 7 represents the ANFIS structure. Fixed nodes are 
represented by circular blocks, while adaptive nodes 
are represented by square blocks. In this case, X and Y 
stand for input. Ai and Bi are the representations of 
fuzzy sets. Here, Pi, Qi, and ri are used to display the 
design parameter. 
Fig. 7 depicts Layer 1 as being represented by square 
blocks. It is an adaptable node, then. Layer 1's output is 
the FL membership function. The output of Layer 1 is 
shown in the following equation. 

 

𝜃𝑖
1 = 𝜇𝐴𝑖(X)             (10) 

 
𝜃𝑖
1 = 𝜇Bi(Y)             (11) 

 
Here Ai and Bi are linguistic variables of input X and Y. 
𝜇𝐴𝑖 and 𝜇B𝑖 can take any type of FL membership 
function. 

𝜇𝐴𝑖(𝑥) = exp {− (
𝑥−𝑐𝑖

𝑎𝑖
)
2

}             (12) 
 
Layer 2 is represented by circular blocks in Fig. 7 and 
is a fixed node. It is indicated by π. This layer fuzzifies 
input using the fuzzy AND operator. The following 
equation illustrates how it works. 

 
𝜃𝑖
2 = W𝑖 = 𝜇𝐴𝑖(X) × 𝜇𝐵𝑖(Y), 𝑖 = 1,2           (13) 

 
Here, Wi denotes the output of Layer 2. 
Layer 3 also includes fixed nodes. N indicates that it. 
These nodes play a part in normalizing the firing 
strengths that are obtained from the preceding layer. 

 
𝜃𝑖
3 = 𝑊𝑖𝑖 =

𝑊𝑖

𝑊1+𝑊2
                                      (14) 

 
Here, Wii is the output of Layer 3. 
Fig. 7 shows that Layer 4 is denoted by a square layer 
and that it is an adaptive layer. Its primary function is 
to do the product of first-order polynomials with 
normalized firing strengths. 

 
𝜃𝑖
4 = W𝑖𝑖F𝑖 = W𝑖𝑖(𝑃𝑖𝑋 + 𝑄𝑖𝑌 + r𝑖)           (15) 

 
In Layer 5, there is one node only and it is a fixed node. 
It is denoted by ∑. The task of this node is to make a 
summation of all input signals. The equation of Layer 
5 is given below. 

 
𝜃𝑖
5 =  overall −  output = ∑  𝑖 𝑊𝑖𝑖𝐹𝑖 =

∑  𝑖𝑊𝑖𝐹𝑖

∑  𝑖𝑊𝑖
      (16) 

VI. Proposed ANFIS-based Modified 
P&O Algorithm 

The ANFIS-based P&O model suggested in the article 
is shown in Fig. 8.  The ANFIS  will  use  temperature  
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Fig. 8: Block diagram of the proposed method. 
 

 
Fig. 9: Proposed ANFIS-based P&O algorithm flowchart. 

 

 
 

Fig. 10: Training output of ANFIS. 
 

and irradiance as inputs and provide a changeable step 
size d as an output. This output will be sent to P&O and 

it provides an efficient duty cycle that provides a useful 
switching frequency for the DC-DC converter. 
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Fig. 11: Membership function for temperature. 

 

 
Fig. 12: Membership function for irradiance. 

 
A hybrid approach using nonlinear and linear Layer 2 
and Layer 4 parameters is employed for updating. The 
hybrid ANFIS algorithm combines the Least-square 
approach and the steepest descent method. The hybrid 
algorithm exhibits both forward propagation and back-
propagation kinds of propagation. During forward 
propagation, the output of the node is forwarded up to 
Layer 4, and liner parameters are changed using the 
least-squares method. The gradient descent method 
adjusts the linear parameters while the erroneous signal 
propagates backward. The efficient decrease of search 
space dimensions during training gives the hybrid 
algorithm a faster rate of convergence than traditional 
back-propagation methods. The datasets were 
constructed by simulating the solar PV array under 
various situations by varying irradiance and 
temperature values, and ANFIS was trained using these 
datasets [22][23]. 
Short circuit current, maximum current at MPP, open 
circuit voltage, maximum voltage at MPP, temperature 

and voltage coefficients, standard irradiance, and 
standard temperature have all been initialized in the 
code for training the ANFIS. The code has received the 
temperature and irradiance data for training. Variable 
step sizes have been created in the code using these 
solar panel-related metrics as well as temperature and 
irradiance data. After training of ANFIS, the block is 
implemented in the main model in Simulink. 
The flowchart of the proposed approach is shown in 
Fig. 9. ANFIS is initially trained using various 
temperature and irradiance parameters. The ANFIS, 
which plots MFs and generates appropriate rules, has 
been trained using 2000 data. It was demonstrated in 
Section 4 that the P&O algorithm determines the duty 
cycle based on the PV voltage and current readings. 
This algorithm's fixed step size for changing the duty 
cycle has some downsides, including a longer detection 
time for MPP and oscillation near MPP. By measuring 
temperature and irradiance, ANFIS will generate 
variable step size d in the described approach. The P&O 
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algorithm will then receive it. The duty cycle is then 
modified in the P&O method by adding or subtracting 
by the configurable step size d. Fig. 6 illustrates how 
DV changed along with the duty cycle change. The 
shortcomings of conventional P&O have been 
successfully solved since variable step size has been 
used, as in the suggested method. 
Fig. 10 shows the training output of ANFIS. For 
training ANFIS at the very beginning temperature and 
irradiance data were collected. In the collected data, the 
chosen temperature range was -15 °C to 45 °C, and the 
irradiance range was 0 W/m2 to 1050 W/m2. The 
developed ANFIS can operate effectively under a 
variety of operating situations because of these 
parameters' wide and dynamic range for temperature 
and irradiation and can produce effective variable step 
size d for the operation of P&O perfectly. 100 epoch is 
used here. The root means square error (RMSE) of 
ANFIS 0.048992. After completing training, ANFIS 
produces MFs and Sugeno fuzzy model. The main task 
of this rule is creating perfect variable step size d. Five 
MFs is used for temperature and irradiance and for this 
reason RMSE is low. 
Fig. 11 and Fig. 12 represent MFs for temperature and 
irradiance respectively. Here, the range of temperature 
is -15 °C to 45 °C.  and the range of irradiance is 0 
W/m2 to 1050 W/m2. Triangle MFs are used for both 
irradiance and temperature. 25 rules are used in this 
model. 
A fixed step size is used to adjust the duty cycle in the 
classic P&O technique, which has issues with 
oscillation around MPP and current MPP detection.  

The ANFIS will produce varied step sizes for the 
suggested approach to solve these problems as a 
function of temperature and irradiance changes. The 
Boost Converter will use the new duty cycle produced 
by the P&O MPPT algorithm to generate a new 
switching frequency. 

VII. Simulation Results and Analysis 
The work has been simulated in MATLAB/Simulink 
software. This work makes use of the Soltech 1STH-
215-P module. There are 40 parallel strings and 30 
modules per string that are connected in series. A DC-
DC converter has been employed with the boost 
converter. Figs. 13 and 14 show the real value of solar 
irradiance and temperature, respectively. 
The output voltage for a real value for temperature and 
irradiance is shown in Fig. 15. Traditional P&O alters 
the duty cycle with a set step size, as described in 
section 4. As a result, if the step size is small, MPP will 
take a long time to detect and will oscillate. On the 
other side, if the step size is large, MPP will be detected 
more quickly, but oscillation around MPP will become 
an issue. In Fig. 15, because the step size was large, it 
detected a higher voltage value than the suggested way. 
The excessive step size caused the duty cycle to change 
more frequently than was necessary. The output current 
for real values of temperature and irradiance is shown 
in Fig. 16. The figure makes it obvious that irradiance 
has an impact on how the PV current changes. Isc 
changes significantly with changes in irradiance, as 
demonstrated in Fig. 2. 
 

 
Fig. 13: Real value of irradiance for January. 
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Fig. 14: Real value of temperature for January. 

 

  
Fig. 15: Output voltage for real value of temperature and irradiance. 

  

 
Fig. 16: Output current for real value of temperature and irradiance. 
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Fig. 17: Output power for real value of temperature and irradiance. 

 

 
Fig. 18: Output voltage of ANFIS-based P&O and P&O for constant temperature and varying irradiance. 

 
Fig. 19: Output current of ANFIS-based P&O and P&O for constant temperature and varying irradiance. 

 
The output power for real values of temperature and 
irradiance is shown in Fig. 17. According to Fig. 15, the 

excessive step size caused  P&O to  modify  the duty  
cycle   more   than   was   necessary  and  utilize  more  
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Fig. 20. Output power of ANFIS-based P&O and P&O for constant temperature and varying irradiance. 

 
voltage than was required. As a result, classic P&O 
took longer to detect MPP when input irradiance and 
temperature changed rapidly because oscillation 
occurred near MPP during that time. Conventional 
P&O was unable to identify MPP in time as a result, 
and power loss resulted. The proposed ANFIS-based 
P&O method, on the other hand, offered changeable 
step size to P&O with the change in temperature and 
irradiance. So, the suggested method has identified 
MPP successfully. As a result, the power loss is less 
than conventional P&O. 
Fig. 18 shows the output voltage and Fig. 19 shows the 
output current of ANFIS-based P&O and P&O for 
constant temperature and varying irradiance. As 
mentioned earlier in Fig. 15, in Fig. 18, because of the 
large step size P&O is detecting a larger voltage value 
than the suggested method. 
Fig. 20 shows the output power of ANFIS-based P&O 
and P&O for constant temperature and varying 
irradiance. It shows that ANFIS-based P&O can detect 
MPP faster than traditional P&O. As previously stated, 
P&O has poor accuracy for detecting rapid changes in 
temperature and irradiance. Additionally, it takes a long 
time to identify MPP due to the set step size. However, 
the proposed method uses variable step sizes, which 
allows it to detect MPP more quickly than the 
conventional P&O algorithm. Moreover, the proposed 
system is more efficient than traditional P&O. Here, the 
temperature is maintained at 25°C while the irradiance 
is varied between 400, 600, 800, and 1000 W/m2. It 
took 0.7 s for conventional P&O to detect MPP at 400 
W/m2. On the other hand, ANFIS-based P&O 
accurately and immediately detected the MPP. The 
irradiance changed to 600 W/m2 at 1 s, and the 
suggested approach simultaneously recognized MPP 
with 100% accuracy while standard P&O was unable to 
do so. Irradiance adjusted to 800 W/m2 in 2 s. 
Additionally, in this instance, traditional P&O failed to 
detect MPP at 2 s, but the suggested technique did it 
with 100% accuracy. Irradiance increases to 1000 
W/m2 in 3 s. In this instance, traditional P&O 
recognized MPP in 4.1 s while ANFIS-based P&O did 

so at 3 s with an accuracy of 99.92%. As a result, it has 
been determined that ANFIS-based P&O has 
performed better than traditional P&O. 

Table 1. Efficiency of ANFIS-based P&O. 

Irradiance 
(W/m2) 

Temp. 
(℃) 

Ref. 
Power 
(W) 

Output 
Power 
(W) 

Efficiency 

400 25 103500 103500 100% 
600 25 155400 155400 100% 
800 25 206100 206100 100% 

1000 25 255800 255600 99.92% 
                                                 Average  99.98% 

 
Table 1 shows that the efficiency of ANFIS-based P&O 
is 99.98% and the error is 0.02. 

Table 2. Comparison of ANFIS-based P&O and 
other algorithms. 

Method Efficiency 
ANFIS-based P&O [Proposed 

Model] 
99.98% 

FIS [13]  99.12% 
ANN [14] Up to 99.68% 
ANN [18] Above 90% 

 
Table 2 shows that the ANFIS-based P&O is showing 
better results than other existing methods. As it is using 
variable step sizes for detecting MPP with the change 
of temperature and irradiance so that it can track it 
faster and accurately with better efficiency. 

VIII. Conclusions 
This paper suggests a robust method for getting around 
the P&O algorithm's constraints. The old P&O MPPT 
algorithm's fundamental drawback was its set step size, 
which makes it difficult to detect MPP. The proposed 
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approach has, however, circumvented the issue by 
generating variable step sizes. The effectiveness of the 
suggested strategy has been evaluated under a variety 
of circumstances and using actual temperature and 
irradiance data. With an efficiency of 99.98%, this 
ANFIS-based P&O MPPT algorithm has demonstrated 
superior performance than existing MPPT algorithms. 
Thus, this suggested system has minimal power loss. 
The future plan of this work is to connect the genetic 
algorithm (GA) with this ANFIS-based P&O. 
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