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Artifi cial Neural Network based Maximum 
Powerpoint Tracking of Solar Panel
C. Anil Kumar* and N. Surekha**

Abstract : Maximum Power Point Tracking (MPPT) is necessary for Solar Photo Voltaic (SPV) system. Many 
algorithms such as Perturb and Observe, Incremental conductance and hill climbing are available to track the 
maximum power. But they have disadvantages such as high cost, diffi cult to implement and instable. Artifi cial 
Neural Network (ANN) is suitable for handling non-linearites, uncertainties and parameter variations in a 
controlled environment. The data for training neural network is determined from the simulation result of SPV 
array. The temperature (T) and insolation (G) are input variables to ANN and the output variable is the voltage 
(V) corresponding to the maximum power. This technique is implemented in the MATLAB environment.
Keywords: Maximum PowerPoint Tracking (MPPT), Artifi cial Neural Network (ANN), Photovoltaic Power 
System, Boost converter, Matlab/Simulink.

1. INTRODUCTION

 Solar cell is a p-n junction fabricated in a thin wafer or layer of silicon, which converts the solar energy 
into electricity [1]. Photovoltaic (PV) cells have a nonlinear relationship between the current and the 
voltage, and the maximum power point of PV cells changes with environmental conditions such as solar 
irradiance and ambient temperature. Further maximum power from the photovoltaic panel is necessary to 
improve the effi ciency.

 Many techniques have been developed to provide maximum PV power. Enslin employed an 
integrated PV maximum-power-point tracker with soft switching to obtain the optimum effi ciency [2]. 
Some researchers control photovoltaic characteristics to match load conditions [3]–[5]. Some systems use 
an online maximum power point tracking (MPPT) algorithm to obtain the maximum power point [6]–[9].

 The most commonly used MPPT algorithm is Perturb & Observe (P&O) due to its simplicity. Three 
techniques have been proposed in the literature for implementing the P&O algorithm: reference voltage 
perturbation [10], [11], reference current perturbation [12], [13], and direct duty ratio perturbation [14]. 
The algorithm operates periodically by comparing the present value of the power output with the previous 
value to determine the change on the solar array voltage or current. If the magnitude of power is increasing, 
the perturbation will continue in the same direction in the next cycle, otherwise the perturbation direction 
is reversed. But this algorithm suffers from oscillations that occur around the MPP in steady state operation 
and also slow response speed at rapidly changing atmospheric conditions.

 Hill climbing [15] operates by perturbing the system by changing the power converter duty cycle and 
observing its impact on the array output power. It has three major drawbacks.
 (a) Slow converging to the optimum operating point.
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 (b) At steady-state condition, the amplitude of the PV power is oscillates around the maximum point 
that causes system power losses.

 (c) During cloudy days when the irradiance varies quickly the operating point moves away from the 
maximum optimum point.

 The incremental conductance method is based on the principle that the slope of the PV array curve is 
zero at the maximum power point [16]. This method requires high sampling rates and fast calculation of 
the power slope.

 Artifi cial Neural Network is suitable for handling non-linearites, uncertainties and parameter variations 
in a controlled environment, which has been proposed in this thesis. The main objective of this thesis is 
to develop ANN based MPP tracking scheme for Solar PV system with varying environmental conditions 
and also to extract maximum power from the panel.

2. MODELING OF PV ARRAY

 Under clean environment, Photovoltaic cells convert sunlight directly to electricity. When sunlight 
hits the cell, the photons are absorbed by the semiconductor atoms, freeing electrons from the negative 
layer. This free electron fi nds its path through an external circuit toward the positive layer resulting in 
an electric current from the positive layer to the negative layer. The equivalent circuit of the PV cell 
is shown in Fig. 1.
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Figure 1: Equivalent circuit of PV cell

 The voltage-current characteristic equation of a solar cell [18] is given as
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Where I – Solar cell current (A)
 V – Solar cell voltage (V)
 Iph – Light generated current (A)
 Is – Cell saturation current (A)  

 q – Electron charge; 1.602x10–19 J/V
 Rs – Series resistance (ohm) 
 Rsh – Shunt resistance (ohm)
 k – Boltzman’s constant; 1.38x10-23 J/K
 A – Diode ideality factor
 Tc –  Cell temperature (K)
 G  – Insolation (W/m²)
 The light generated current or photocurrent mainly depends on the solar insolation and cell’s working 

temperature. The intensity and spectral distribution of the solar radiation depend on the geographic position, 
time, day of the year, climate conditions, composition of the atmosphere, altitude, and many other factors [17].
The photocurrent is given as

 Iph = [Isc + K1 (Tc – Tref )]G (2)
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Where ISC – Cell’s short-circuit current at 298 K and 1 kW/m2

 Tref – Reference temperature of the cell; 298K
 K1 – Short circuit temperature coeffi cient; 0.0017 (A/ºC)
 The cell’s saturation current varies as a cubic function of the temperature and it can be expressed as
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 IRS – Cell’s reverse saturation current at a reference temperature and solar radiation
 Eg – Band-gap energy
 A generalized PV model is built using Matlab/Simulink according to equation (1), (2) and (3). The 

model is designed and shown in Figs. 2 and 3. 
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Figure 2: Masked PV model for various Insolation

Figure 3: Simulation Diagram of PV Array model
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To verify the nonlinear V-I and P-V output characteristics of the modeled PV array, the model is 
simulated for different insolation and temperature and is shown in Figs. 4, 5, 6 and 7.
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Figure 4: P -V Characteristics at different Insolation
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Figure 5: V-I Characteristics at different Insolation

 This solar model is simulated for temperature ranging from 25°C to 75°C and for insolation from 50 
W/m2 to 1000 W/m2 and the output voltage and current corresponding to maximum power is noted and 
tabulated in a worksheet. Nearly 1020 readings are taken by simulating the PV array. First 20 readings are 
shown in the Table 1.
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Figure 6: P-V Characteristics at different Temperature
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Figure 7: V-I Characteristics at different Temperature

Thus the training data for neural network is obtained. These data has to be normalized before given 
as input to the neural network and the output obtained will be the normalized values so they has to be 
converted into original values before given as input to the comparator to generate the necessary pulse. The 
normalized training data is given in the APPENDIX A.

3. ANN-BASED MPPT ALGORITHM

 The main objective of any MPPT controller is to draw maximum power from PV modules for changing 
solar insolation (G) and temperature (T) conditions [19], [20]. PV module voltage is used as the control 
parameter and an MPPTcontroller is implemented based on the voltage (VMPP) at which the PV modules 
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operate at the MPP. In this paper, an ANN is used to determine the reference voltage depending upon G 
and T. The dataset used to train the ANN is obtained using simulation results. The transfer function of 
the hidden layers is tangent sigmoidal and output layers is pure linear. The stopping criteria like iteration 
number is chosen as 1000 and goal as 0.0001. A multilayer structure including an input layer, 2 hidden 
layers with 8 and 10 hidden nodes are obtained based on trial-and-error method, and an output layer. The 
selection of the number of hidden layers is given in table 2.

Table 1
Train  ing data for neural network

Temperature(oc) Insolation(w/m2) Voltage (volts) Current (amps) Power (watts)

25

50 13.51 0.1041 1.40639

100 14.42 0.221 3.18682

150 14.87 0.3398 5.05282

200 15.33 0.4551 6.97668

250 15.78 0.5655 8.92359

300 15.78 0.6915 10.9118

350 16.24 0.7945 12.9026

400 16.24 0.9198 14.9375

450 16.24 1.045 16.9708

500 16.24 1.17 19.0008

550 16.69 1.261 21.046

600 16.69 1.385 23.1156

650 16.69 1.509 25.1852

700 16.69 1.633 27.2547

750 16.69 1.757 29.3243

800 16.69 1.881 31.3938

850 16.69 2.005 33.4634

900 17.15 2.072 35.5348

950 17.15 2.195 37.6442

1000 17.15 2.317 39.7365
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Figure 8: Feed Forward Neural Network for MPPT
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Table 2
Hidden layer selection

Hidden Layer 1 Hidden Layer 2 Training, R EPOCHS Time Performance

2 3 0.9987 1921 1min, 9sec 0.0001

5 5 0.9987 1089 20sec 0.0001

3 5 0.996 2000 36sec 0.000308

3 8 0.99724 2000 38sec 0.000213

8 8 0.99871 612 13sec 0.0000993

10 8 0.9987 368 8sec 0.0000999

10 10 0.99871 459 10sec 0.0000997

8 10 0.9987 402 9sec 0.0001

5 10 0.9987 1921 39sec 0.0001

2 10 0.99868 2000 38sec 0.000102

2 15 0.99508 2000 42sec 0.000379

10 15 0.9987 516 13sec 0.0001

15 20 0.99871 403 12sec 0.0000998

20 20 0.99871 449 14sec 0.0001

 The trained neural network is shown in Fig. 8 and its performance plot is shown in Fig. 9.
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4. PROPOSED SYSTEM

 In this paper, the voltage from the Solar PV array is compared with the reference voltage from the trained 
artifi cial neural network to generate the error. This difference in voltage is then given to the PI controller 
and then compared with a high frequency sine wave to generate duty cycles for the boost converter which 
then supplies the load. PI controller is used to reduce the steady state error.
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Figure 10: Block diagram of the proposed system

Figure 11: Simulation diagram of the proposed system

5. RESULTS AND DISCUSSION

 More  number of training data is used for more accurate results. In the Simulation diagram of the proposed 
system shown in Fig. 11, two manual switches, each for insolation and temperature is used. During 
simulation of the proposed system, the manual switches are operated in between and the corresponding 
change in the output voltage is seen in the Fig. 12. The difference in the solar output voltage at the end of 
PV array and the output voltage obtained using ANN at the end of boost converter is shown in Fig. 12.
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Figure 12: Simulation output voltage

6. CONCLUSION

 In th is paper modeling of SPV array has been presented. From the modeled SPV array, the voltage 
corresponding to the maximum power is determined by simulating it for various insolation and temperature. 
To extract the maximum power from the SPV source, ANN is used. The voltage corresponding to the 
maximum power for different insolation and temperature has been used for training the ANN. The 
offl ine trained ANN is used for providing reference voltage corresponding to maximum power for any 
environmental changes. The output voltage from the boost converter is similar to that of the reference 
voltage which gives maximum power. 

 The result is obtained by training the Neural Network with 1020 data sets. The data variables needed for 
training the ANN can also be obtained by optimizing values of power using Particle Swarm Optimization 
(PSO) technique. 

7.  APPENDIX A DATA FOR TRAINING NEURAL NETWORK

Table 1

Normalised Values

Temperature Insolation Voltage Power

0.46130031 0.047619048 0.491809246 0.03443159

0.46130031 0.095238095 0.524936294 0.078020465

0.46130031 0.142857143 0.541317801 0.123704455

0.46130031 0.19047619 0.558063342 0.170804768

0.46130031 0.238095238 0.574444849 0.218469395

0.46130031 0.285714286 0.574444849 0.267146926

0.46130031 0.333333333 0.59119039 0.315886398

0.46130031 0.380952381 0.59119039 0.365704605

0.46130031 0.428571429 0.59119039 0.415483053

0.46130031 0.476190476 0.59119039 0.465181983

0.46130031 0.523809524 0.607571897 0.515255246

0.46130031 0.571428571 0.607571897 0.565922692
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0.46130031 0.619047619 0.607571897 0.616590139

0.46130031 0.666666667 0.607571897 0.667257586

0.46130031 0.714285714 0.607571897 0.717925033

0.46130031 0.761904762 0.607571897 0.76859248

0.46130031 0.80952381 0.607571897 0.819259927

0.46130031 0.857142857 0.624317437 0.869971197

0.46130031 0.904761905 0.624317437 0.92161524

0.46130031 0.952380952 0.624317437 0.972839412

0.462848297 0.047619048 0.491809246 0.034266212

0.462848297 0.095238095 0.524936294 0.077702734

0.462848297 0.142857143 0.541317801 0.123267594

0.462848297 0.19047619 0.558063342 0.170166736

0.462848297 0.238095238 0.574444849 0.217580837

0.462848297 0.285714286 0.574444849 0.266258368

0.462848297 0.333333333 0.574444849 0.314935899

0.462848297 0.380952381 0.59119039 0.364392553

0.462848297 0.428571429 0.59119039 0.414290278

0.462848297 0.476190476 0.59119039 0.463989208

0.462848297 0.523809524 0.59119039 0.513688138
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