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ABSTRACT

Photovoltaic panels are promising source for renewable energy. They serve as a clean
source of electricity by converting the radiation coming from the sun to electric energy.
However, the amount of energy produced by the photovoltaic panels is dependent on
many variables including the irradiation and the ambient temperature, leading to
nonlinear characteristics. Finding the optimal operating point in the photovoltaic
characteristic curve and operating the photovoltaic panels at that point ensures improved
system efficiency. This paper introduces a unique method to improve the efficiency of
the photovoltaic panel using Support Vector Machines. The dataset, which is obtained
from a real photovoltaic setup in Spain, include temperature, radiation, output current,
voltage and power for a period of one year. The results obtained show that the system is
capable of accurately driving the photovoltaic panel to produce optimal output power for
a given temperature and irradiation levels.
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INTRODUCTION

The overuse of fossil fuel has caused many environmental and health problems.
The combustion of fossil fuel produces carbon dioxide that is a major cause of global
warming. It also produces toxic materials that can cause serious diseases for human
beings. Besides its negative impact, the limited reserves and the expected depletion of
fossil fuel have forced researchers, governments and policy makers to look for alternative
clean and sustainable energy resources [1]. A primary alternative source for sustainable
energy is the sunlight. It can be used to generate renewable and clean electric energy by
Photovoltaic (PV) energy systems [2].

PV systems have low energy conversion efficiency [3]. Their initial implementation
costs are relatively high as well. Accordingly, it is imperative to work towards obtaining
the maximum output power in all weather conditions to improve their efficiency [3] and
ensure their economic feasibility. The nonlinear characteristics of the PV system show a
unique operating point at which the output power is at its maximum. The output power
varies with insolation and cell temperature [4]. Hence, it is difficult to obtain the
maximum power and maximum efficiency at all times. The challenge here is to get the
equilibrium operating point to coincide with the maximum power point of the PV source
to match the PV generator with the load [5]. Several Maximum Power Point Tracking
(MPPT) methods have been proposed in literature such as the Perturb and Observe
(P&O) [3] and Incremental Conductance (IC). These are easy to implement and hence are
widely used. However, the disadvantages of these methods are the uncertainty due to
their sensitivity to sudden changes in climatic conditions [3, 6]. They also suffer from the
fluctuations around the operating point [7, 8].

Various methods were proposed in literature to improve the results achieved by the
P&O algorithm. One important direction followed to improve MPPT was based on the
use of fuzzy logic. Improved transient and steady state MPPT was achieved in Chen et al.
[9] by using auto-scaling variable step functions as inputs for fuzzy-logic based
controller. In Alajmi et al. [10] fuzzy logic was used in conjunction with hill climbing
method to expedite the convergence time to the maximum operating point under varying
weather conditions. An adaptive indirect fuzzy-based MPPT scheme was proposed in
Nabipour et al. [11] to offer synchronous online tuning capability for the
antecedent-consequent-based fuzzy membership functions. A neuro-fuzzy indirect
wavelet-based adaptive MPPT that showed high efficiency in power generation and fast
response was proposed in Hassan et al. [12].

Another direction researchers followed to improve MPPT was by utilizing
bio-inspired computational optimization methods such as swarm optimization [13] and
ant colony optimization [14]. Glowworm swarm optimization algorithm was used in
Hou et al. [13] to improve the MPPT speed and accuracy as compared to the conventional
P&O method. The use of ant colony optimization in Titri et al. [14] enabled tracking the
global maximum power point under partial shading conditions.

A third direction is the use of Artificial Neural Networks (ANNs) [15] which are well
known machine learning algorithms to estimate the reference voltage at which the PV
panel operates at its maximum power. A review of various simulation and hardware
implementation of ANN for MPPT was given in Messalti et al. [16]. Other variants of
ANN based MPPT methods were discussed in Ramos-Hernanz et al. [17] and Kofinas
et al. [18]. The use of ANN estimators for sliding mode control of PV systems was
discussed in Ramos-Hernanz et al. [17] whereas a hybrid learning ANN based MPPT
controller was proposed in Kofinas et al. [18] for use in control under partially shaded
conditions. The ANN based methods showed fast response and good accuracy in
estimating the maximum power point. However, it is well known in machine learning
literature that artificial neural networks converge at local minima [19]. Support Vector
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Machines (SVM) on the other hand, are known to converge at global minima, which
makes them better alternatives to get closer estimates of the maximum power point.

A SVM is a machine learning algorithm that attracted the attention in many fields of
applications. It is a nonlinear system that takes the input data to a higher space using the
kernel-trick [20] to make it linear. It can be used for classification purposes and is then
referred to as Support Vector Classification (SVC). SVC is a learning framework availing a
high-dimensional unfamiliar space [21]. It aims to classify data into two distinctive sets.
SVM can also be used for regression and is then referred to as Support Vector Regression
(SVR). The primary idea of SVR is to map the data into a higher dimensional feature space
using nonlinear mapping and perform regression in that space [22]. The data used should be
of low range so that the precision and allocation could be made better during regression.
A usually used procedure to ensure that is to normalize the data within the range 0 to 1 so
that the regression error can be minimized. Some advantages of SVM compared to ANN are
that it has higher calculating speed, no data gets trapped into local minimum and it has better
convergence results [23]. A full mathematical description of SVR can be found Takruri
et al. [24].

In the context of renewable energy, SVM has been used for many applications [25].
These applications include modelling solar air heater systems [26], forecasting monthly
solar radiation [27], forecasting PV power output based on weather conditions [28],
predicting next day insolation [29] and forecasting short-term solar irradiance [30].
SVM algorithms have also been used for predicting short term wind power generation [31]
and predicting wind speed [32] and direction [33]. Moreover, they showed remarkable
performance in forecasting urban energy consumption [22].

This paper proposes a new method for estimating the optimal operation point of the
PV panel for variable temperature and irradiance conditions using SVMs. This point will
be used as a reference for any stable controller and will ensure maximum power transfer
from the panel. The dataset used is a one-year PV input-output measurement obtained
from a PV panel deployment in Spain. The SVM-learned model can be used for
predicting the reference voltage (Vier) that will ensure that the PV panel will produce
optimal output power for given temperature and irradiation levels.

METHODS AND MATERIALS

In this work, SVR is used to learn a model function that can be used for predicting Viet
that corresponds to the PV panel optimal output power for given temperature and
irradiation levels. This is implemented in two phases, namely, the training phase and the
running phase. During the training phase (see Figure 1), data collected from PV system in
the past (training data set) are used for function modelling. During the running phase
(testing phase) depicted in Figure 2, the trained model is used to predict the reference
voltage value (Vo). The predicted value is later compared with actual value and the
mean square error is calculated. The predicted results are considered accurate [34] if the
calculated error is small. The Root Mean Square Error (RMSE) is found by the following
formula:

n
1 -
RMSE = = (Ve = Vyer)? (1
i=1

where n denotes the number of data points, Vier denotes the reference voltage and Vo¢
denotes the predicted reference voltage. Compared to others work in terms of prediction
of optimal solar PV output, our model gives an accurate output reference voltage by
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taking the temperature and irradiation values as an input to the SVR generated model.
The predicted voltage (V..f) will be used as a reference to the controller that will push the
system to work at its optimal point on the characteristic curve and as a result, the
efficiency will be improved.

Training
Data

SVR

Testing <L/ Trained SVR ~
Data <T\4—> f(T,G)

Figure 2. Block diagram of the testing phase

PHOTOVOLTAIC PANEL

The PV panel used for this work is a Mitsubishi TD185MFS5 panel. It has 50
polycrystalline cells connected in series configuration. The PV panel has the following
specifications (Table 1).

Table 1. Mitsubishi TD185MF5 characteristic

Cell type Polycrystalline silicon
Maximum power [W] 185
Open circuit voltage (Voce) [V] 30.60
Short circuit current (/i) [A] 8.13
Voltage at max. power (Vimpp) [V] 24.40
Current at max. power (Impp) [A] 7.58
Normal operating cell temp [°C] 47.5

The nonlinear characteristics curve of the PV panel is described by eq. (2) which is
obtained from the PV equivalent circuit:

(V+Rg)q l ~ (V +IR) )

I =1, —I|e akTNs —1
ph sl Rsh

where I is the reserve saturation current, Ns is the number of cells connected in series,
Iph is the current produced by the light, Rs and Ry, are the resistances in series and parallel,
q 1s the electron charge, a is the ideality factor modified and k is the Boltzmann’s
constant [34].

Figure 3 shows the measured power-voltage curves of the PV panel for different
irradiation levels ranging from 700 to 1,225 W/m? and a fixed temperature of T = 50 °C.
The figure also shows that the maximum power for all the irradiation values is obtained
when the voltage across the PV panel is around 18 V. Based on that, it can be said that
while the voltage across the panel remains constant (as seen in the pink line in the figure),
the maximum power point is proportional to the irradiation levels.
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Figure 3. Power-voltage for different irradiations and fixed temperature 7 = 50 °C

Figure 4 and Figure 5 show respectively the measured power-voltage and
current-voltage curves for the PV panel for a constant irradiation level of 750 W/m? and
two different temperature values namely, 25 °C and 50 °C. It can be seen from the figures
that an increase in temperature leads to a decrease in the generated power as opposed to
irradiation increase effect. The voltage corresponding to the maximum power decreases
with the increase of temperature and is sensitive to the change in the value of the
PV current.
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Figure 4. Power-voltage for variable temperature and fixed irradiation
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Figure 5. Current-voltage for variable temperature and fixed irradiation
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PROPOSED MODEL

Figure 6 depicts the block diagram of the overall power control system. It consists of
a PV panel whose output is connected to a Direct Current (DC)-DC converter. The output
of the DC-DC converter is connected to a variable load. The second input of the DC-DC
converter comes from the compensator circuit. The compensator takes two inputs, a saw
tooth signal and the output of the reference voltage generator V,o¢, which was previously
modelled by the SVR algorithm during the training phase. The entire setup uses Pulse
Width Modulation (PWM) in the process to push the converter to work at the right value
of voltage to extract maximum power from the PV panel.

Y

—
PV Panel - Load

> — |—»

RN

TAA A

+

Vet Generator

A 4

Vref

Figure 6. Power control system

RESULTS AND DISCUSSION

The aim of this section is to evaluate the ability of the proposed SVR based method as
an accurate reference voltage estimator. The dataset used here, which is obtained from a
real PV setup in Spain, includes temperature, irradiation, output current, voltage and
power for a period of one year.

Data acquisition was conducted using a Daystar DS-1000 PV I-V Curve tracer.
Mitsubishi TD185MF5 panel was connected to the IV curve tracer and the software
associated with the tracer measured the current and voltage values. Temperature and
irradiation sensors were connected to the panel through the IV curve tracer. Using the
current and voltage values, power was calculated. The collected data were cleaned and
divided into a training set and a testing set. 75% of the data points were used for training
and the remaining 25% were used for testing. Referring back to Figure 1 which describes
the training phase, it can be seen that SVR is used as a supervised learning method with
irradiation (G) and temperature (7) as inputs and Vir as a target. The training phase
results in finding a function V.o = £ (G, T) that models the relationship of G, T with Vif.
In the testing phase described in Figure 2, the function constructed in the training phase is
used to estimate the reference voltage V,.¢ for new inputs G and 7. The SVR setup in this
work uses Radial Basis Function (RBF) as the Kernel function and implements the
algorithm using MatLab. 10-fold cross validation [35] over 75% of the data is used to
pick the best kernel parameters, namely, C and y.

The results of using SVR to model Vi that corresponds to the PV panel maximum
output power for different temperature and radiation conditions are shown in Figures 7
and Figure 8. It can be seen from Figure 7 that the maximum power values estimated for
a certain irradiation level (marked in red) are very close to the observed (measured)
values marked in black.

Figure 8 shows that the estimated Vier is very close to the actual one. The error
between the estimated reference voltage and the actual measured reference voltage is
shown in Figure 9. The RMSE between the actual and estimated Vit in this experiment is
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0.71 V. This highlights the impressive ability of SVR to approximate the actual data.
Thus, it can serve as a good reference for the DC-DC converter to maintain maximum
power output at all times. It is worth noting that one of the measured voltage values
(in Figure 8) at 20 °C is considerably higher than the other measurements causing high
RMSE. The reason for having such an odd measurement is a sensor overshoot caused by

Year 2020
Volume 8, Issue 3, pp 441-451

rapid change in light conditions which in turn distorted the measured signal.
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Figure 9. Error in estimating Ve for different temperature levels

Referring to Figure 3 that shows the variation in the measured PV characteristic curve
with irradiation levels and comparing it with Figure 7, it can be clearly seen that
generated power in both figures is directly proportional to irradiation level. Both the
measured and the SVR estimated power values plotted in Figure 7 match the power
values shown in Figure 3. On the other hand, comparing Figure 8 with Figure 4 that
displays the variation in the measured PV characteristic curve with temperature, it can be
clearly seen that the reference voltage Vier in both figures is inversely proportional to
temperature. Both the measured and the SVR estimated reference voltage values plotted
in Figure 8 match the reference voltage values shown in Figure 4.

As discussed earlier, Vier corresponds to the optimal operating point in the PV
characteristic curve which ensures maximum power generation out of the PV panel and
improved system efficiency. The results plotted in Figure 7 and Figure 8 show that SVR
is able to closely estimate Vier and the generated power. Hence, SVR can be used as an
effective and reliable Vier generator in the power generation system depicted in Figure 6
above. This will ensure maximum power generation out of the PV panel for a given
temperature and irradiation values and will ensure stable DC output level out of the
DC-DC converter as well. It should be noted here that other variables could affect the
amount of power generated from the PV panel such as humidity, dust and fog. Including
these variables in the SVR model is expected to give more accurate results.

CONCLUSIONS

This paper proposed an effective method for improving the efficiency of power
generation from PV panels by modelling the PV characteristics using SVM in the
regression mode. The SVM is implemented in two phases, the training phase that models
the relationship of temperature and irradiance with the reference voltage, and the testing
phase that uses the model produced in the training phase to estimate the reference voltage
for new temperature and irradiance levels. The proposed model resulted in accurate
estimation of the reference voltage values that correspond to the maximum power
generated by the PV panel for a given temperature and irradiation values. Hence, SVR
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can be used as an effective and reliable reference voltage generator for any PV based
power generation system. This will ensure optimal power generation out of the PV panel.
In addition, the system can be used to forecast PV systems output on a large scale based
on the weather forecast data. Consequently, it can be used as a planning tool for efficient
utilization of renewable energy resources in urban settings.

In future, more factors that could affect the power generation efficiency of PV panels
such as humidity, dust and fog among others can be included in the SVM model.
Considering these variables is expected to give more accurate results.
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