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ABSTRACT: Rapid and abrupt changes in climatic conditions present a challenge to classical MPPT 

techniques as they drift from the MPP, resulting in loss of power. This paper presents a new MPPT technique 

based on a feed-forward artificial neural network (FFANN) and a direct control technique. In the proposed 

approach, FFAAN estimates the optimum value of the PV output voltage 𝑉𝑀𝑃𝑃, while the direct control 

technique achieves an optimal adjustment of the duty cycle making the operating point at MPP. To evaluate 

the performance of the proposed technique, the accurate electrical model of the system parts was built and 

simulated in MATLAB/Simulink environment. The simulation results are collected under rapidly changing 

climatic conditions. Simulation results show that the proposed MPPT technique achieves higher performance 

in terms of tracking efficiency and convergence speed compared to both the IC-based MPPT and FL-based 

MPPT systems. The results show that the proposed technique accurately estimates 𝑉𝑀𝑃𝑃, achieving a tracking 

efficiency of 99.9%, while the tracking efficiency is 94% when using FL-based MPPT and 91.5% when using 

IC-based MPPT. This demonstrates that the proposed technique exhibits superior performance under rapidly 

changing climatic conditions and increases energy production efficiency compared to classical techniques. 

 
Keywords: Photovoltaic, MPPT, Artificial Neural Network, Fuzzy Logic, Incremental Conductance 

1. INTRODUCTION 

The electricity demand is increasing dramatically since it has become an essential factor for social welfare 

and economic development [1]. To meet this need, most traditional energy sources, such as fossil fuels, have 

been exhausted. Unfortunately, excessive use of fossil fuels has caused air pollution and global warming due 

to carbon dioxide emissions. For these reasons, most countries seek to switch to new forms of energy called 

"renewable energies", which are relatively efficient even though they are expensive. Since renewable energies 

come from natural resources such as sunlight, wind, geothermal heat, tides, etc., they can be regenerated 

naturally. Many remote and rural areas around the world use renewable energy sources to generate electricity. 

They use photovoltaic panels, wind turbines, geothermal energy, biomass, and others [2, 3]. The electricity 

generated from renewable energy systems is intermittent because it depends on climatic conditions and 

geographical location, so they are usually combined with a storage system to ensure the continuous 

availability of electricity [4, 5]. Among the renewable energy sources, solar energy has proven its efficiency 

because it is abundant, free and environment friendly. Therefore, solar PV systems have become an essential 

component and integral part of renewable energy networks [6-8].  

In recent years, solar PV energy systems have experienced rapid growth and remarkable development. 

They are used in many applications such as rural water supply, light sources, traffic systems, water pumping, 

battery charging, meteorological systems, and satellite power systems [9, 10]. Although the widespread use 

of solar PV systems, they still face efficiency limitations. Many factors directly affect the performance of solar 

PV systems, such as nonlinear characteristics, irradiance, temperature, weather conditions, and properties of 

the solar cell material [11, 12]. Thus, to improve the PV systems' efficiency, control techniques called the 

mailto:fuad.a@beun.edu.tr
https://orcid.org/0000-0001-5969-2513


72 F. ALHAJ OMAR 

maximum power point tracking (MPPT) systems have been proposed. They are designed to extract the 

maximum available power from the PV panel under various atmospheric conditions [13, 14]. The basic 

working principle of the MPPT is that it generates an appropriate duty cycle to switch the DC-DC converter, 

which in turn matches the resistance of the solar panels with the resistance of the load, thus achieving 

maximum energy transfer from input to output [15, 16]. In recent years, many MPPT techniques have been 

proposed. The proposed MPPT techniques differ in many aspects such as working principle, efficiency, 

convergence speed, sensors requirements and implementation complexity [17, 18]. The MPPT techniques are 

divided into two main types [19, 20]: classic techniques, such as Hill Climbing (HC) [21], Perturbation and 

Observation (P&O) [22], Incremental Conductance (IC) [23], Fractional open-circuit voltage [24], and 

Fractional short-circuit current [25]; and artificial intelligence-based techniques, such as Fuzzy Logic 

Controller (FLC) and Artificial Neural Network (ANN) [26]. Classical techniques are widely used since they 

are simple, easy to implement, and cost-effective. However, their efficiency and convergence speed are low, 

and they suffer from oscillation around the MPP. Therefore, artificial intelligence-based techniques have been 

used to address these problems [27, 28]. The FL technique is attractive in PV systems because it does not 

require complex mathematics, its efficiency and convergence speed are higher than the classic techniques, and 

less oscillation around the MPP [29, 30]. However, this technique still suffers from the problem of drifting 

from the MPP under sudden changes in climatic conditions. This is due to the need for good knowledge of 

the solar systems in order to accurately determine the relationship function of the model [1].  

Recently there has been a great interest in using ANN in PV systems, as many ANN-based MPPT 

controllers have been developed [2, 31]. The main advantages of ANN are that good knowledge of 

photovoltaic system parameters is not required for MPPT design, and it can handle complex nonlinear 

relationships without the need for an accurate mathematical model. However, the critical weak point of this 

technique in its training strategy when used as a prediction model [1].  

The current study presents a new MPPT system based on the feed-forward artificial neural networks 

(FFANN) and a direct control method. The proposed technique improves the efficiency of solar PV systems 

under rapid climate changes. In this context, FFANN trained by a back-propagation algorithm was employed 

to estimate the optimum value of the PV output voltage VMPP. The irradiance and temperature are used as 

input variables for the proposed FFANN model, whilst the estimated voltage 𝑉𝑀𝑃�̂� is the output. The direct 

control method was used to achieve the optimum adjustment of the duty cycle after comparing the estimated 

voltage value (𝑉𝑀𝑃�̂�) with the theoretical voltage value (𝑉𝑀𝑃𝑃). The duty cycle is converted into a signal to 

switch the DC-DC converter using a pulse-width modulation generator (PMW). The system model was built 

in the MATLAB/Simulink environment, where simulations were performed, and results were collected. The 

results showed that the proposed method has good dynamic performance, high convergence speed, and high 

accuracy in tracking the MPP under rapid climatic changes. For validation of the results, a comparison 

between the proposed MPPT system, fuzzy logic (FL)-based MPPT system, and the incremental conductance 

(IC)-based MPPT system, was performed in terms of the tracking efficiency, convergence speed, and 

performance. The results prove that the proposed technique performs better than the other techniques. Hence, 

the proposed FFANN-MPPT technique achieves the highest efficiency under rapid climatic changes. 

The rest of this article is organized as follows: sections 2 and 3 present the structure and model of the 

proposed FFANN technique. Sections 4, 5 and 6 cover the principles of the direct control technique, fuzzy 

logic-based MPPT technique, and incremental conductance (IC)-based MPPT technique. Section 7 introduces 

the modelling of the system. In Section 8, the simulation results are provided and discussed. The last section 

contains the conclusion. 
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2. STRUCTURE OF THE PROPOSED FFANN 

An artificial neural network (ANN) is a data processing system that simulates and resembles the neural 

networks in humans. An artificial neural network is similar to the human brain in that it acquires knowledge 

by training and retains it using neurons’ connecting forces called synaptic weights. The weights link the 

neurons in each layer with all the neurons in the next layer. The network is trained to perform certain functions 

by adjusting the values of the synaptic weights.  

The proposed FFANN architecture consists of three layers: an input layer, a hidden layer and an output 

layer, as shown in Figure 1. The input layer contains two input variables. The first variable is the solar 

irradiance G [W/m2], while the second variable is the temperature of the solar cell T [oC]. Whereas the output 

layer contains a single neuron representing the optimal PV output voltage (VMPP). The number of neurons 

in the hidden layer is determined during the training process. 

To evaluate the accuracy of the proposed neural network in estimating the VMPP, we will rely on the 

performance index representing the mean squared error (MSE) and the correlation coefficient (R), which are 

given as follows: 

𝑀𝑆𝐸 =
1

𝑁
∑(�̃�𝑀𝑃𝑃 − 𝑉𝑀𝑃𝑃)

2
𝑁

𝐾=1

                      (1) 

𝑅 = √1 −
∑ (𝑉𝑀𝑃𝑃 − �̃�𝑀𝑃𝑃)

2𝑁
𝐾=1

∑ (𝑉𝑀𝑃𝑃 − �̅�𝑀𝑃𝑃)2𝑁
𝐾=1

                 (2) 

𝑉𝑀𝑃𝑃: represents the real values. 

�̃�𝑀𝑃𝑃: represents the estimated values generated from the neural model. 

The ideal performance of a trained neural network corresponds to a minimum MSE value and an R-value 

close to 1. 

 
Figure 1. The general structure of the ANN 

 

3. MODELLING THE PROPOSED FFANN 

To model the proposed network in MATLAB, the following procedures were implemented: 

1. The "newff" function was adopted for the proposed network modelling as it is used to model the 

FFANN networks. 

2. Entering the input data representing different values of solar cell temperature ranging [0-60 oC] and 

solar irradiance ranging [300- 1000 W/m2]. The input data size was 400 samples arranged in a matrix. 
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In addition, network output data representing VMPP has been extracted. Where the values of VMPP 

were obtained since they are considered solutions to the following equation: 

 

𝐴𝑡 𝑀𝑃𝑃:           
𝑑𝑃𝑃𝑉

𝑑𝑉𝑃𝑉
= 0                    (3) 

 
3. The entered data were randomly divided into three groups: the training set, the validation set and the 

testing set, with 70% for the training set and 15% for each of the validation and testing sets. 

4. The training function "trainlm" representing the "Marquardt Levenberg" algorithm was chosen. This 

algorithm is widely used in training the FFANN because it has a high speed to reach the optimal 

solution. The "tansig" activation function in the hidden layer and the "purelin" linear activation 

function in the output layer are also adopted. 

5. Determining the number of neurons in the hidden layer experimentally by changing the number of 

these neurons and training the network until the optimal performance index is obtained. 

Three scenarios are adopted to build FFANN, all of which contain an input layer with two neurons and 

an output layer with one neuron, while the number of neurons in the hidden layer varies from two to three to 

four, as shown in Table 1. The values of MSE and R were also relied upon in the training, validation and 

testing phase to approve the final network architecture. 

 

Table (1): the network training scenarios with MES and R values in the training, validation, and testing 

phases. 

Network architecture 

(# of neurons in layers) 

Training phase Validation phase Testing phase 

R MSE R MSE R MSE 

2- 2- 1 0,99993 7,6812 ×10-4 0,99996 3,5487 ×10-4 0,99994 6,2407 ×10-4 

2- 3- 1 0,99997 1,2547 ×10-5 0,99998 1,5025 ×10-5 0,99997 1,3964 ×10-5 

2- 4- 1 1,000 1,9736 ×10-6 1,000 2,8671 ×10-6 1,000 3,0572 ×10-6 

 

From Table 1, it is clear that increasing the number of hidden layer neurons minimizes the value of MSE 

but increases the size and complexity of the network, so the last scenario (4 neurons in the hidden layer) is 

adopted since it gives the optimal performance index. The figure 2 shows FFANN architecture used in the 

study. 

 
Figure 2. The proposed FFANN technique structure 

Figure 3 shows the performance curve of the FFANN model corresponding to the approved training 

scenario. It includes the training process curve, validation process curve, testing process curve, and the best 

values curve. It is clear from Figure 3 that all the curves converged to the MSE value equal to (MSE=1.896×10-

5) under 1000 epochs.  
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Figure 3. The neural network performance curve for the three groups (training-validation-testing). 

 

Figure 4 shows the value of the correlation coefficients for the three groups (training-validation-testing) 

equal to one, which proves the accuracy of the proposed FFANN model. 

After the training process and obtaining the optimal FFANN model, the weights and offsets obtained in 

training stage were adopted and used in the model simulation in the MATLAB/ Simulink environment. The 

final approved FFANN model is shown in Figure 5.  

 
Figure 4.  Correlation coefficients for the three groups (training-validation-testing). 
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Figure 5. The FFANN model adopted in MATLAB 

 

4. DIRECT CONTROL TECHNIQUE 

To achieve the MPP under rapid climate changes, the duty cycle used to control the DC-DC converter 

must be precisely determined. For this purpose, the direct control technique is used to determine the optimal 

value of the duty cycle based on comparing the output voltage of the PV system (VPV) with the optimum 

voltage produced by the FFANN model (VMPP). Based on the difference between the two values, the duty cycle 

is changed, increasing or decreasing by a fixed step. Figure 6 shows the flowchart of this technique and its 

work principle. 

 
Figure 6. The flowchart of the direct control technique. 

 

5. FUZZY LOGIC-BASED MPPT TECHNIQUE 

This controller operates in three phases: fuzzification, rule base table lookup, and defuzzification [32-33]. 

In the fuzzification phase the numerical input variables are converted into linguistic variables based on a 

membership function, as shown in Figure 7. In this study, five fuzzy levels are used: PS (Positive Small), NS 
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(Negative Small), PB (Positive Big), NB (Negative Big), and ZE (Zero). To increase the accuracy, more fuzzy 

levels can be used, but this will increase the processing time.  

 
Figure 7. The Membership function for inputs and output of the fuzzy logic algorithm. 

 

The a & b in Figure 7 represent the range of the numeric variables. The inputs of the fuzzy logic-based 

MPPT controller are error (E) and change in error (ΔE). Where E and ΔE are calculated based on expert 

experience. 

𝐸(𝑛) =
𝑃(𝑛) − 𝑃(𝑛 − 1)

𝑉(𝑛) − 𝑉(𝑛 − 1)
 

And 

∆𝐸 = 𝐸(𝑛) − 𝐸(𝑛 − 1) 

After calculating E and ΔE they will be converted into language variables. The changes in duty cycle ΔD 

which represent the output of the fuzzy controller can be obtained from the rule base shown in Table 2. 

According to the knowledge of the user and converter used, the change in duty cycle ΔD is determined 

for the different combinations of E and E. Depending on the proposed membership function shown in Figure 

7, the linguistic variables are converted into numerical variables during the defuzzification phase. The 

generated PWM signal will control the power converter to achieve the MPP. 

Table (2): The fuzzy logic algorithm rule base. 

        ΔE         

E 
NB NS ZE PS PB 

NB ZE ZE NB NB NB 

NS ZE ZE NS NS NS 

ZE NS ZE ZE ZE PS 

PS PS PS PS ZE ZE 

PB PB PB PB ZE ZE 

 

6. INCREMENTAL CONDUCTANCE (IC)-BASED MPPT TECHNIQUE 

The basic principle of this technique is based on the fact that the differential of the PPV with respect to VPV 

is zero at the MPP, negative on the right of the MPP, and positive on the left of the MPP, as follows: [34]  
𝑑𝑃𝑃𝑉

𝑑𝑉𝑃𝑉
= 0, 𝑎𝑡 𝑀𝑃𝑃. 

𝑑𝑃𝑃𝑉

𝑑𝑉𝑃𝑉
> 0, 𝑙𝑒𝑓𝑡 𝑜𝑓 𝑀𝑃𝑃. 
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𝑑𝑃𝑃𝑉

𝑑𝑉𝑃𝑉
< 0, 𝑟𝑖𝑔ℎ𝑡 𝑜𝑓 𝑀𝑃𝑃. 

 
By calculating the differential at different instants, the MPP can be achieved as shown in Figure 8. 

 
Figure 8. The work principle of IC algorithm 

 

7. MODEL OF THE SYSTEM 

The schematic diagram of the system to be modelled in the MATLAB environment is shown in Figure 9. 

The DC/DC boost converter is inserted between the PV modules and the load to perform an adaptation 

between them. By controlling the duty cycle of the switching elements, the operating point of the system can 

be kept at the MPP. The input-output equation of the DC-DC boost converter is: 

𝑉𝑃𝑉 = (1 − 𝐷) × 𝑉𝑂 

Here, 𝑉𝑃𝑉 is the PV panel output voltage, 𝑉𝑂 is the DC-DC boost converter output voltage, and 𝐷 is the 

duty cycle. 

 
Figure 9. Schematic diagram of the MPPT system 

 

Using the general mathematical equation for the photovoltaic cell, the photovoltaic panel was modelled 

in MATLAB/Simulink. The studied PV system consists of 74 solar cells connected in series. The maximum 

power generated by the PV system under standard climatic conditions (irradiance= 1000W/m2 and 

Temperature = 25oC) was 150 W. To test the proposed system under rapidly changing climatic conditions and 

compare it with IC-based MPPT and FL-based MPPT systems, the characteristics of the PV panel are drawn 

out in two cases. The first case is under constant temperature (25oC) and variable irradiance levels (400, 600, 

700, 800, 900, and 1000W/m2), while the second case is under constant irradiance (850 W/m2) and variable 

temperature levels (25, 35, 45, and 55oC) as shown in Figures 10 and 11 respectively. The different levels of 

temperature and solar radiation were applied for 12 secs., as shown in Figures 12 and 13, respectively. 



Comparative Performance Analysis of a Feed-Forward Neural Network-Based Mppt for Rapidly Changing Climatic Conditions 79 

   

 
Figure 10. The P-V characteristics of the modelled PV panel under variable irradiance levels 

 

 
Figure 11. The P-V characteristics of the modelled PV panel under variable temperature levels 

 

 
Figure 12. The applied different levels of solar irradiance. 
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Figure 13. The applied different levels of temperature 

 
The whole system was modelled and simulated using MATLAB/Simulink. In the simulation phase, the 

three MPPT techniques were tested and evaluated under the two cases mentioned. 

8. SIMULATION RESULTS AND DISCUSSION 

Before presenting the simulation results of the three controllers, the ability of the FFANN model to 

estimate the VMPP under rapidly changing climatic conditions will be introduced. The estimated voltage 

(𝑉𝑀𝑃�̂�) was measured by the FFANN model and compared with the theoretical value (𝑉𝑀𝑃𝑃), and then the 

MSE was calculated. Table 3 shows a comparison between the 𝑉𝑀𝑃�̂� and the 𝑉𝑀𝑃𝑃 under variable irradiance 

levels and constant temperature T= 25OC. While Table 4 shows the comparison under variable temperature 

and constant irradiance (850 W/m2). The results showed that the MSE values are close to zero, which means 

that the 𝑉𝑀𝑃�̂� values measured by the FFANN model are almost identical to the theoretical values, which 

reflects the high accuracy of the FFAAN model in estimating the VMMP under rapid climate changes. 

 

Table 3: Values of the 𝑉𝑀𝑃�̂� and the 𝑉𝑀𝑃𝑃 under variable irradiance levels and constant temperature (T= 

25OC) 

Irradiance (W/m2) Theoretical values (𝑉𝑀𝑃𝑃) Estimated values 𝑉𝑀𝑃�̂� (𝑉𝑀𝑃�̂� - 𝑉𝑀𝑃𝑃)2 

400 37.4051 37.3984 0.04489×10-3 

600 37.3948 37.4014 0.04356×10-3 

700 37.3929 37.3989 0.036×10-3 

800 37.4102 37.4093 0.00081×10-3 

900 37.3986 37.4016 0.009×10-3 

1000 37.4026 37.3976 0.025×10-3 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑉𝑀𝑃�̂�  −  𝑉𝑀𝑃𝑃)2

𝑁

1

= 0.02654 × 10−3 
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Table 4: Values of the 𝑉𝑀𝑃�̂� and the 𝑉𝑀𝑃𝑃 under variable temperature and constant irradiance (850 W/m2) 

Temperature (oC) Theoretical values (𝑉𝑀𝑃𝑃) Estimated values 𝑉𝑀𝑃�̂� (𝑉𝑀𝑃�̂� - 𝑉𝑀𝑃𝑃)2 

25 37.4161 37.4019 0.20164×10-3 
35 36.3894 36.3906 0.00144×10-3 
45 35.2709 35.2651 0.03364×10-3 
55 34.1069 34.0948 0.14641×10-3 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑉𝑀𝑃�̂�  −  𝑉𝑀𝑃𝑃)2

𝑁

1

= 0.09578 × 10−3 

 

The significant aim of this study is to investigate an efficient and high-performance MPPT system under 

rapid climate change to optimize the use of the solar energy system. To evaluate and analyze the proposed 

FFANN technique and compare it with IC-based MPPT and FL-based MPPT, an offline simulation was 

performed in MATLAB/Simulink for each technique. 

Figure 14 shows the simulation results for the three systems under constant temperature (T = 25 °C) and 

different irradiance changes according to the following values (400, 600, 700, 800, 900, 1000 W/m2) for 12 

seconds. It can be seen that the FFANN technique was able to detect and track MPP despite the instantaneous 

change in irradiance. In addition, the energy extracted from solar panels is greater when using FFANN than 

with other techniques. The simulation results indicate that the steady-state oscillation at the MPP was less 

when using the FFANN technique, resulting in lower energy loss and increased system efficiency. 

Furthermore, the proposed FFANN technique achieves better transient state behavior for the PV system, as 

its convergence speed to the MPP was higher compared to the IC-based MPPT and FL-based MPPT 

techniques. This is due to the accuracy and speed of the FFANN technique in determining an appropriate 

duty cycle as shown in Figure 15. This in turn leads to effective control of the DC-DC converter and making 

the operating point precisely at MPP regardless of rapid changes in irradiance. 

 
Figure 14.  The produced power under variable irradiance levels and constant temperature (T = 25 °C). 
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Figure 15. Changing the duty cycle under variable irradiance and constant temperature. 

 

In other atmospheric conditions corresponding to the temperature changes of the solar cell according to 

the values (25, 35, 45, 55 oC) with constant irradiance (850 W/m2), as shown in Figure 16, the proposed FFAAN 

technique achieves better dynamic performance, as the working point converges to the MPP in less time 

compared to the IC-based MPPT and FL-based MPPT. Moreover, the proposed technique showed a better 

response speed to sudden changes in temperature and its ability to quickly achieve the optimum duty cycle, 

as shown in Figure 17. 

 
Figure 16.  The produced power under variable temperature and constant irradiance (850 W/m2). 
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Figure 17. Changing the duty cycle under variable temperature and constant irradiance. 

 

A comparison between the three techniques in terms of tracking efficiency and convergence speed is 

presented in Table 5. Where the proposed technique shows better results in terms of tracking efficiency and 

convergence speed. 

Table 5: Comparison of the three techniques in terms of tracking efficiency and convergence speed. 

Technique Tracking efficiency Convergence speed 

FFANN 99.9 % 0.15 sec 

Fuzzy logic  94 % 0.45 sec 

Incremental conductance 91.5 % 1 sec 

 

Finally, although the IC-based MPPT and FL-based MPPT techniques were somewhat capable of 

capturing and tracking MPP under variable atmospheric conditions, the results showed that the proposed 

FFANN technique has better performance in terms of tracking efficiency and convergence speed. In this 

regard, the oscillations present in the FFANN were also less than in the other techniques. Moreover, the 

response to the rapid changes in climatic conditions was better. 

9. CONCLUSION  

In this research work, a new MPPT technique based on a feed-forward artificial neural network (FFANN) 

and a direct control technique is proposed to predict and track the maximum power point of the PV panel 

under rapidly changing climatic conditions. Using the accurate element models, the system was simulated in 

MATLAB/Simulink environment and the results were collected. The FFANN model is trained to estimate the 

optimum value of the PV output voltage (𝑉𝑀𝑃𝑃). Through the training, the FFANN model exhibited a high 

accuracy in predicting the 𝑉𝑀𝑃𝑃. Using The direct control technique, the optimal adjustment of the duty cycle 

was achieved, therefore, the dynamic performance of the MPPT system improved. The outcome indicates that 

the proposed method exhibited superiority in extracting the maximum available power from the PV panel. A 

comparison is made between the proposed method and the FL-based MPPT and IC-based MPPT methods. 

According to the obtained simulation results, the tracking accuracy of the FFANN technique was robust under 

different atmospheric conditions compared to conventional FL and IC methods. As a result, the tracking 
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efficiency of the new method is 99.9%, while it is 94% and 91.5% for FL and IC methods, respectively. In 

addition, the converging speed of the proposed method has been enhanced compared to FL and IC methods. 

Finally, optimizations are proven to be easy to design. Future efforts will be directed towards experimental 

implementing of the proposed method. Experimental results will be obtained to demonstrate the accuracy 

and effectiveness of the new method to increase the efficiency and yield of the solar generation system. 
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