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Abstract: Solar energy is the most valuable renewable energy source due to its abundant storage and
is pollution-free. The output power of photovoltaic (PV) arrays will vary with external conditions,
such as irradiance and temperature fluctuations. Therefore, an increase in the energy conversion rate
is inseparable from maximum power point tracking (MPPT). The existing MPPT technology cannot
either balance the tracking speed and tracking accuracy, or the implementation cost is too high due to
the complexity of the calculation. In this paper, a new maximum power point tracking (MPPT) method
was proposed. It improves the traditional perturb and observation (P&O) method by introducing
the support vector regression (SVR) algorithm. In this method, the current maximum power point
voltage is predicted by the trained model and compared with the current operating voltage to
predict a reasonable step size. The boost DC/ DC (Direct current-Direct current converter) convert
system applying the improved method and the traditional P&O was simulated in MATLAB-Simulink,
respectively. The results of the simulation show that compared with the traditional P&O method,
the proposed new method both improves the convergence time and tracking accuracy.

Keywords: maximum power point tracking (MPPT); perturb and observation (P&O); support vector
regression (SVR)

1. Introduction

Solar energy is the most valuable renewable energy source due to its abundant storage and is
pollution-free. PV technology is an essential pillar for transforming our energy systems into one
based on renewable and sustainable energy sources [1]. The increase in global power generation
was driven by strong expansion in renewable energy, led by wind (17%, 163 TWh) and solar (35%,
114 TWh) sources. Although wind has maintained its role as the more established sustainable energy
source, solar energy has recently has much impact. PV systems have largely penetrated the global
energy market. In particular, solar capacity increased by nearly 100 GW in 2017, with China increasing
by over 50 GW [2]. In 2017, the global solar PV capacity was 402 GW, with the largest proportions
being China’s 131.1 GW, followed by the USA’s 51.0 GW, Japan’s 49 GW, and Germany’s 42.4 GW [3].
Global solar generation increased by more than a third last year. Much of this growth continues to
be underpinned by policy support. However, it has been aided by continuing falls in solar costs,
with auction bids of less than 5 cents/KWh—which would have been unthinkable for most projects
even just a few years ago—now almost common place. However, photovoltaic power generation still
faces the problem of low energy conversion rates. The output power of photovoltaic (PV) arrays vary
with external conditions, such as irradiance and temperature fluctuations. Therefore, an increase in the
energy conversion rate is inseparable from maximum power point tracking (MPPT).
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At present, much research has focused on improving the tracking performance of MPPT. Among
them, the perturb and observation (P&O) method is widely used and studied due to its simple
implementation and low sensor requirements [4]. The efficiency of increment conductance (INC)
is roughly the same as that of the P&O [5]. However, the common disadvantage of P&O and INC
is that both the tracking speed and tracking accuracy cannot be achieved at the same time with a
fixed step size. Fuzzy logic control (FLC) can use inaccurate inputs without an accurate mathematical
model [6], but its effectiveness depends very much on the selection of the correct error calculation
and the proposed rule base [7,8], which means that the implementation cost is large. In recent
years, swarm-based randomness algorithms, such as the gray wolf optimization algorithm (GWO)
and artificial fish swarm algorithm (AFSA), have also been proposed [9,10]. Although techniques
developed based on randomness can guarantee successful tracking of the global maximum power
point (MPP) under partial shading conditions, they require a large number of iterations to locate the
maximum power point, which greatly increases computational complexity and requires more memory.
The main challenges of all swarm-based technologies are the search space selection, swarm size,
initial conditions, and control parameters. The choice of control parameters is related to the specific
problem and affects the computational behavior of the optimization algorithm [11]. Furthermore,
neural networks and artificial neural networks (ANNSs) based on artificial intelligence methods have
been developed for tracking under minimal oscillations near MPP [12]. ANNs can provide accurate
MPPT at a faster rate of convergence [13,14]. Nevertheless, the parameters of ANNs need to be tested
and recorded over the years, and along with strong data dependencies, high computational complexity,
and long computational time, the high implementation cost of ANN has followed [15]. Furthermore,
many large inverter manufacturers currently have some efficient solutions in the MPPT control scheme.
For example, the dynamic peak manager applied to Fronius Symo is a new MPP tracking algorithm
that dynamically adapts its behavior when searching for the optimal operating point. Its special
feature is that the dynamic peak manager automatically checks the entire characteristic curve on a
regular basis and finds the global maximum power point (GMPP), even in partial shade. Additionally,
the MPP adaptation efficiency of the Fronius Symo series is greater than 99.9% [16].

As the performance requirements of MPPT have increased, improvements based on traditional
methods have also emerged. Many of these are improvements based on the P&O method. Some studies
focus on the problem of convergence speed when climatic conditions change rapidly. For example,
Rana Ahmed et al. used state flow as a control tool to improve the P&O method, and the state of the
system changes according to the authenticity of the defined conditions. Similar to fuzzy logic control,
this method requires the utilization of a truth table to specify the relationship between the input/output
and the state of a finite state, which is highly dependent on the truth table [17]. There are also some
efforts to reduce the oscillation near the MPP by developing a variable step size [18]. Based on this
idea, Al-Amoudi et al. proposed a method of adjusting the step size according to the open-circuit
voltage: Setting the initial step size to 10% of the open-circuit voltage, and then halved one by one
until the step size reaches 0.5% of the open-circuit voltage [19]. Obviously, this adjustment of the step
size relies heavily on a fixed open circuit voltage, which makes it prone to misjudgment when the
external illumination changes rapidly.

Support vector regression (SVR) is a type of support vector machine (SVM) algorithm, which was
first proposed by Vapnik et al., belonging to supervised learning algorithms [20,21]. SVR can be used
to solve regression problems. One of the most significant advantages of SVR is the ability to achieve a
good estimate of statistical laws based on a small number of statistical samples. Compared with FLC
and ANNSs, SVR has a shorter learning time, lower data dependence, and easier implementation.

The work of this article will focus on the improvement of traditional P&O. The SVR algorithm
was applied to quickly and accurately predict the step size of the perturbation, improving the tracking
performance of MPPT with limited computational complexity.

The main contents of the article are as follows: In Section 2, an 854P (four parallel paths, consisting
of eight series connected cells) PV array circuit is designed, and an SVR model is trained and tested
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through the training and testing data set obtained by simulating the PV array, then, the modified
P&O MPPT algorithm, including its principles and simulation module, is introduced in this section.
In Section 3, the simulation results about the tracking performance of the fixed and modified P&O
MPPT method are presented. Finally, Section 4 provides a discussion about the simulation results in
Section 3.

2. Materials and Methods

2.1. PV Array Modeling

A PV array is a combination of a series of PV cells. The simplest equivalent circuit of a PV cell is
shown in Figure 1. The equivalent circuit includes a photocurrent, Iph, and a diode [22]. The diode
indicates the nonlinear relationship between the voltage and current of the PV cell. In addition,
to simulate the internal loss of the battery, a series resistance, Rs, and a shunt resistance, Ry, are added
in the circuit [23,24].
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Figure 1. Equivalent circuit of a PV cell.

According to Figure 1, the characteristic equation describing the PV cell can be obtained:

- _ g(U + IRs) _ _U+IRS
I'=1Ty—Ip {exp(AkT 1 "R, 1)
where, Iph is photocurrent, which is related to the irradiance intensity, S, and temperatures, T:
S
Iph = (Sref> |:Iph,ref +Cr (T - Tref)} (2)

In addition, Ij is the reverse saturation current of the diode; A is the diode ideality factor usually
between 1 and 2, indicating the electron carrying capacity of the p-n junction; k is the Boltzmann
constant, 1.38 x 1072 J/K; T is the PV cell temperature in Celsius; g is an electron charge 1.6 x 1070 C;
Sref 1s the reference irradiance intensity at 1000 W/ m?; and T,,  is the reference PV cell temperature
at 25 °C. Iy, ref is the photocurrent under standard test conditions (STC), and Cr is the temperature
coefficient, here taken as 0.00255 °C~L.

Considering that the value of Ry, is usually much larger than Rs in practical applications,

Equation (1) is simplified to:
u
I—Isc{l—Cl {exp<czuoc) —1]} 3)

C = (1 - %) exp(— u”‘oc)
o= (1) /m(1- o)

In Equation (3):

(4)

where among them, I, and U}, are the current and voltage corresponding to the maximum power
point, Uy and I are the open-circuit voltage and short-circuit current of the photovoltaic cell.



Energies 2019, 12, 1151 40f 11

An 854P PV array circuit mainly composed of function modules is shown in Figure 2. Thirty-two
PV cells connected in four parallel paths, each path consisting of eight series connected cells. Where,
Ly, Uy, Uye, and I are corrected considering that the PV array typically operates under non-standard
test conditions.
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Figure 2. 854P (four parallel paths consisting of eight series connected cells) PV array circuit.
2.2. Training and Testing SVR Model

After simulating the constructed PV array, nonlinear power-voltage (P-V) characteristics are
obtained as shown in Figure 3.
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Figure 3. P-V (power-voltage) curve characteristics for four different irradiance intensities and temperatures:
(a) Varying irradiance and constant temperature; (b) varying temperature and constant irradiance.

It can be seen from Figure 3 that when the temperature is a particular value, the open-circuit
voltage and short-circuit current of the output curves are different; that is, each group of the open-circuit
voltage and short-circuit current have a one-to-one correspondence, and the corresponding maximum
power point voltage is also unique. According to this characteristic, the current open-circuit voltage
and the short-circuit current value can be obtained to judge the output characteristic curves of the
PV array in the current environment, and the maximum power point voltage can be quickly found
without using the irradiance and the temperature sensor, thereby determining the step size of the
P&O method. Therefore, the open-circuit voltage, short-circuit current, and maximum power point
voltage can constitute the training set and testing set of SVR. It is worth noting this considering that
a large amount of different actual data cannot be measured in a short time. The training and testing
of the model requires a large amount of data in various weather conditions. Due to the limitations
of the current conditions, a sufficient amount of real data cannot be obtained. To successfully verify
the proposed method, we used the data obtained from the simulation instead of the real data for the
training and testing of the model. This paper will use the results of the above PV array for simulation
instead of the actual measured data as the data set of the SVR. The simulation was done in a series of
realistic irradiance and temperature conditions.
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It is worth mentioning that the training and test data are obtained under uniform irradiation.
The peak power is uniform under uniform irradiation, which helps the modified P&O MPPT method to
track the maximum power point based on the current voltage values and current values. The multiple
peak powers will occur under non-uniform irradiation. The MPPT method used in this paper is
still a P&O method, although it realizes the intelligent prediction of the step size. Therefore, it will
be lost in one of the peak power points and fail to guarantee successful tracking of the global MPP,
resulting in a significant reduction of both the generated power and the PV energy production system
reliability [25,26]. Therefore, the simulation to verify the tracking performance of the SVR method is
also performed under uniform irradiation.

The LIBSVM package developed by the team of Lin Chih-Jen is used to train and test SVR
model. The package combines the algorithms of the SVM-light and SMO, and optimizes the shrinking
mechanism to make it not only simple, easy to use, fast, and efficient, but also provides many default
parameters [27]. The training parameters are set as shown in Table 1.

In the training process, the simulated training data set is taken as the input. After grid search and
cross-validation, the SVR model with the highest accuracy is obtained. Then, the obtained model is
tested with the test data set. An attribute matrix consisting of the open-circuit voltage and short-circuit
current is used as an input to the model. The predicted value of the output is compared with the actual
value of the test set to obtain an error rate for validating the performance of the model. The testing
results show that the prediction error rate of the model is below 0.1%, indicating that the model
fits well.

Table 1. Training parameters of the SVR (support vector regression) model.

Parameters Meaning Value
s Type of problem 3 (e-SVR)
t Type of kernel 2 (RBF kernel)
C Penalty term exp(i) i=4,5,6,7,8,9)
g gamma exp(i) i=-2,-1,0,1,2)
v n-fold cross-validation 5
p loss function 0.01

2.3. Control Strategy of Improved Algorithm

The objective of this paper is to use SVR to improve the P&O algorithm applied to track the MPP
for a PV system under varying dynamic conditions as shown in Figure 4. The control strategy of the
MPPT method combined with the SVR can be divided into three steps. In the first step, the current
working voltage and current are obtained by sampling, and the corresponding open-circuit voltage
and short-circuit current are calculated to determine the current output characteristic curve. In the
next step, the obtained open-circuit voltage and short-circuit current are taken as the input of the SVR
model, and the output is the voltage corresponding to the estimated maximum power point, thereby
calculating the corresponding optimal step size. The operations of these two steps need to be repeated
until the step size is less than a minimum number set in advance. In the last step, the tracking of the
maximum power point is continued using the P&O method with a fixed step. It is worth noting that
the step size here is a very small value, which makes the oscillation very small.
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Figure 4. Flow chart of the perturb and observation (P&O) with SVR.

2.4. Model Simulation

The trained SVR model named “predict” is packaged into the S-function module. The improved
P&O MPPT method is shown in Figure 5. Because the output voltage and current are stored in the
working area as variables, the predict module has no input signal from the Simulink module, but from
a saved variable, as shown in Figure 5. This process is done by the oscilloscopes, Uoyt and Ioyt.

Perturb and Observation MPPT
module with SVR
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Uout S-Function | Gain
|
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]
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Figure 5. P&O MPPT (maximum power point tracking) sub-module with SVR.
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To verify the performance of the proposed modified P&O MPPT algorithm, a MATLAB-Simulink
model of the PV system is used as shown in Figure 6. In this simulation, the MPPT module takes the
sampling voltage and current as inputs, controlling the output signal duty cycle through the calculated
step size. The IGBT and the capacitance and inductance are used to achieve the amplification of the
output voltage. The calculations of the open-circuit voltage, short-circuit current, maximum power
point voltage, and corresponding step size are done in the MPPT module. The output DC is converted
into AC through the VSC (voltage source converter), and the latter is sent to the AC system through
the TPT (three-phase transformer). Among them, the VSC is mainly built by a universal bridge,
discrete 3-Phase phase locked loop (PLL),active power, reactive power, and PWM. These blocks and
the TPT and AC system are from the Simulink libraries. In VSC, the minimum frequency is 45 Hz,
the fundamental frequency is 50 Hz, and the carrier frequency of PWM reaches 6000 Hz. In addition,
the nominal power and frequency of the TPT are set to 10,000 VA and 50 Hz, respectively, and the
frequency of the grid modules is 50 Hz. To compare the performance of the modified P&O MPPT
method with the ordinary fixed step size P&O MPPT method, the simulations are configured under
exactly the same conditions.
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PV Array| CCS I U j:l L1 . j: a-—LA
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TPT
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Figure 6. Model of the PV generation system used in simulation.

3. Results and Discussion

3.1. Irradiance Reduction

The simulation found that the traditional P&O method showed the best tracking performance when
the step size was 8 x 107 and 5 x 10~*: The tracking speed is the fastest when the step size is 8 x 1074,
and the tracking accuracy is the highest when the step size is 5 x 10~*. Therefore, 8 x 10~# and 5 x 10~*
are chosen as the fixed step size of the traditional P&O method to compare the tracking performance with
the modified P&O MPPT method. The irradiance was gradually reduced from 1200 W/ m? to 400 W/m?
starting at the 0.5th second, and the temperature was a constant 25 °C. The output power curve is shown
in Figure 7, where, Figure 7b is an enlarged view of a portion marked with a red ellipse in Figure 7a, P&O
(5e—4) means the P&O method with a fixed step size of 5 x 107, P&O (8e—4) means the P&O method
with a fixed step size of 8 x 1074, and P&O + SVR means the modified P&O MPPT method with SVR.
The tracking performance under both the fixed and variable P&O MPPT methods are presented in Table 2.

When the temperature is constant and the irradiance is decreased, the P&O + SVR has a shorter
convergence time and a smaller oscillation amplitude. According to the data in Table 2, compared
with the step size fixed at 8 x 107#, the convergence time of the P&O + SVR is reduced by up to
91.3%; compared with the fixed step size of, the tracking accuracy of the P&O + SVR increases by
2.02 percentage points.
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Figure 7. Output power curve when irradiance decreases: (a) Complete output curve; (b) partial
enlarged detail of (a).

Table 2. Tracking performance comparison between the fixed and modified P&O MPPT method.

Irradiance (W/m?) Average Power at Steady State (W) Method Convergence Time (s)  Tracking Efficiency (%)
P&O (5e-4) 0.4349 99.16
1200 6991 P&O (8e—4) 0.2851 97.67
P&O + SVR 0.1887 99.87
P&O (5e-4) 0.0113 99.06
1000 5623 P&O (8e—4) 0.0056 97.42
P&O + SVR 0.0013 99.80
P&O (5e—4) 0.0169 98.11
800 4329 P&O (8e—4) 0.0103 96.86
P&O + SVR 0.0009 99.45
P&O (5e—4) 0.0085 97.27
600 3116 P&O (8e—4) 0.0037 94.99
P&O + SVR 0.0005 99.29
P&O (5e—4) 0.0092 97.89
400 1986 P&O (8e—4) 0.0065 97.38
P&O + SVR 0.0013 99.50

The step size signal curves in the simulation process are shown in Figure 8. For the modified P&O
method, the initial step size is a large value, but a jump occurs very quickly, and the step size starts to
become less than 5 x 10~* after 0.1 s. Furthermore, the step size signal is suddenly increased at the
0.5th, 0.6th, 0.7th, and 0.8th s, and is immediately reduced to a very small value.

200
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|——P&o+SVR|
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=]

=]
=)

Step size*10*

N O S

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time(s)

Figure 8. Step size signal curve when irradiance decreases.

3.2. Irradiance Increase

The irradiance was gradually increased from 400 W/ m? to 1200 W/m? starting at the 0.5th s,
and the temperature was a constant 25 °C. The output power curve is shown in Figure 9, where,
Figure 9b is an enlarged view of a portion marked with a red ellipse in Figure 9a, P&O (5e—4) means
the P&O method with a fixed step size of 5 x 10~%, P&O (8e—4) means the P&O method with a fixed
step size of 8 x 10~%, and P&O + SVR means the modified P&O MPPT method with SVR. The tracking
performance under both the fixed and variable P&O MPPT methods is presented in Table 3.
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When the temperature is constant and the irradiance is increased, the P&O + SVR has a shorter
convergence time and a smaller oscillation amplitude. According to the data in Table 3, compared
with the step size fixed at 8 x 107#, the convergence time of P&O + SVR is reduced by up to 87.2%;
compared with the fixed step size of 5 x 1074, the tracking accuracy of P&O + SVR increases by 2.60
percentage points.
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Figure 9. Output power curve when irradiance increases: (a) Complete output curve; (b) partial
enlarged detail of (a).

Table 3. Tracking performance comparison between the fixed and modified P&O MPPT method.

Irradiance (W/m?)  Average Power at Steady State (W) Method Convergence Time (s)  Tracking Efficiency (%)
P&O (5e—4) 0.4277 97.48
400 1986 P&O (8e—4) 0.2907 96.27
P&O + SVR 0.0803 99.65
P&O (5e—4) 0.0132 97.34
600 3116 P&O (8e—4) 0.0061 94.32
P&O + SVR 0.0025 99.94
P&O (5e—4) 0.0088 97.97
800 4329 P&O (8e—4) 0.0053 96.14
P&O +SVR 0.0009 99.79
P&O (5e—4) 0.0111 98.65
1000 5623 P&O (8e—4) 0.0086 97.12
P&O + SVR 0.0011 99.93
P&O (5e—4) 0.0102 99.54
1200 6991 P&O (8e—4) 0.0052 98.01
P&O + SVR 0.0011 99.97

The details of the step signal change shown in Figure 10 are similar to the case when the irradiance
is reduced. For the modified P&O method, the initial step size is a large value, but a jump occurs very
quickly, and the step size starts to become less than 5 x 10~* after 0.1 s. Furthermore, the step size
signal is suddenly increased at the 0.5th, 0.6th, 0.7th, and 0.8th s, and is immediately reduced to a very
small value. It is worth mentioning that the amplitude and duration of these peak signals appear to be
within a finite range of random numbers, but there are still two characteristics of a high amplitude and
short duration as a whole.
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Figure 10. Step size signal curve when irradiance increases.
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4. Conclusions

The results of the simulation show that the modified P&O MPPT method with SVR significantly
improved the tracking performance: The tracking accuracy was improved while shortening the
convergence time. This is attributed to the fast and accurate prediction of the disturbance step size
by the SVR algorithm. It can be easily seen from the situation reflected by the step size signal curves.
The step size can be adjusted in time when the irradiance changes and can be quickly reduced
after reaching the steady state, which reduces energy loss and improves the efficiency of the PV
generation system.

Compared with other existing methods, the modified P&O MPPT method based on support
vector regression proposed in this paper has the advantages of accurate and fast judgment, short
training time, low computational complexity, and low realization cost.

However, there are still some shortcomings. Due to the limitations of current conditions, the proposed
algorithm cannot feedback to reality at present, and the practical application effect of this method needs
further testing. In addition, all the simulations in the paper were done under uniform irradiation. For the
case of non-uniform irradiation, there is still no clear and effective solution based on the method proposed
in this paper. Additionally, the model proposed in this paper cannot achieve accurate prediction of the step
signal under varying temperatures because of the limitation of the attribute matrix composed of an open
circuit voltage and short circuit current. These issues will be addressed in future research.

Furthermore, with the rapid development of the computing performance of the chip, the MPPT
algorithm may gradually be no longer limited by computational complexity. Based on this fact, a focus
on improving the tracking speed and tracking accuracy of MPPT will be the direction of future research.
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