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Abstract

This work is devoted to the presentation and realization of a digital control card (maxi-
mum power point tracking) which serves to improve the performance of a photovoltaic
generator (GPV). This makes it possible to increase the profitability of the latter, on the one
hand, and the stability of electrical networks, on the other hand. The command card has
been developed using simple circuits, and tested on a system that includes a photovoltaic
panel powering a resistive load under changing weather conditions. The aim of this paper
is to implement three well-known MPPT algorithms (Hill-Climbing, Pertube & Observe
and Incremental Conductance), using a PIC microcontroller type 16F877A.

Keywords: photovoltaic panel, MPPT, PIC 16F877A, P&O, Hill-climbing, incremental
conductance

1. Introduction

Solar energy is among the most widely used sources of renewable energy on a global scale with an
installed global capacity of up to 100 GW [1]. This source is considered one of the most promising
and best alternative energy source because of its natural availability and cleanliness [2, 3].

It is known that photovoltaic panels have a non-linear characteristic I = f (V) with a single point
where the power generated is maximum (PPM). It is known that PV panels have a non-linear
characteristic I = f (V) with a single point where the power generated is maximum (MPP). This
maximum power strongly depends on the intensity of solar radiation and the temperature,
which changes during the day.
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Figure 1. Elementary components of a PV power system.

However, the most difficulties associated with the use of a photovoltaic panel is the perfect
non-coupling between the GPV photovoltaic generator and the load [4]. In direct connection
mode, a technological barrier that exists in this type of coupling is the problem of transfer-
ring the maximum power of the GPV to the load, which often suffers from a bad adaptation.
The resulting point of exploitation is then sometimes very far from the real MPP. In other
words, it becomes difficult under these conditions to extract the maximum output power of
PV panel in all weather conditions [5]. In order to extract at all times the maximum power
available at the GPV terminals and transfer it to the load, an MPPT strategy is necessary in
order to pursue the maximum power point of the PV panel [6]. There have been many
research methods in the literature ranging from the simplest method like Disrupt & Observer
(P & O) and IncCond to more sophisticated and complex [7-9].

Static converters, adapted to solar photovoltaic energy, are often called “solar converters” [10].
This adaptation can be achieved by inserting a series chopper controlled by a tracking mecha-
nism “maximum power point tracking” (MPPT). Figure 1 represents an elementary photovol-
taic conversion elementary chain associated with an MPPT control.

2. Modeling of a photovoltaic generator

Figure 2 shows the equivalent electrical circuit (single-diode model) of a photovoltaic genera-
tor, which is used to calculate the power supplied by this generator under all irradiation and
temperature conditions [11].

The relationship between the cell terminal current I and voltage V is given by [12, 13]:

_ V+Rsx1 V+Rsx 1
[ = Iph-ID| €xp Ko Tt -1 TRe
X aml S
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Figure 2. Equivalent circuit of the PV generator.
With:

I: output current, ID: reverse saturation diode current, Iph photovoltaic current, KB: Boltzmann
constant (1.3854 x 107 JK™ ), m: ideality factor, q: Charge of an electron (1.6021 x 107 C), Rs:
the series resistance (Q2) and Rsh: the shunt resistance (Q2).

As mentioned previously, the characteristic I = f (V) (Figure 1) of a solar cell strongly depends
on the illumination (E) and the ambient temperature (Tamb) [14]. The empirical model devel-
oped by Garcia and Balenzatgui gives the mathematical relation of the temperature of the
photovoltaic module as follows [11, 15]:

(NOCT-20)E
800

Tm = Tambt (2)

In order to calculate the solar generator power (P), we used the model developed by Skoplaki
and Palyvos [14] as follows:

P = Ex Ax7 Tref (1= Bref (Tm= 25)) (3)

3. Overview of MPPT algorithms used

In the literature, there are various examples of MPPT technologies that serve to improve
[8, 16, 17]. The Hill-Climbing, IncCond and Perturbe & Observe techniques are the most
widely used because of their simplicity and ease of implementation. The operating principle
of these three techniques is briefly summarized below:

3.1. Perturb and observe (P&O)

The principle of the P&O type MPPT commands consists in disturbing the panel voltage (Vpy) of
a small amplitude around its initial value and analyzing the behavior of the instantaneous power
variation Ppy of the photovoltaic panel before and after the disturbance [16, 18, 19]. If the change
in dPpy power increases, this implies that Vpy should be set in the same direction as in the
previous cycle. If the power of dPPV decreases, it means that the system is far from the optimal
point, so the disturbance size must be reduced in order to bring the operating point around to
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the point of maximum power [20]. In summary, if following a voltage disturbance, the PV power
increases, the disturbance direction is maintained. If not, it is reversed to resume convergence to
the new MPP. The implementation steps of the P’ & O technique are illustrated in Figure 3.

3.2. Hill-climbing method

The hill-climbing method [16, 21] consists in moving the operating point along the character-
istic I = f (V) in the direction in which the instantaneous power PPV increases. For this, the
disturbance is applied for the duty cycle D of the converter. The search stops theoretically until
the operating power oscillates at the MPP [22, 23]. The flow diagram of this method is
illustrated in Figure 4.

3.3. Incremental conductance method

To find the MPP, this other technique is based on the knowledge of the GPV conductance
variation and the consequences on the position of the operating point with respect to a PPM
[24, 25]. Thus, the conductance of the photovoltaic module is defined by the ratio between the
current and the voltage of the GPV as indicated below:

The conductance G of the PV circuit is:

G= Ipv/ va (4)

la
Measure of: Vpv and Ipv |; :

v
Calculate: Ppv,= Vpvx Ipv

Yes

No Yes
Vref= Vref-AV Vref= Vref+AV Vref= Vref-AV Vref= Vref+AV

y ¥ v Y

l:"l:“"n-l o Pp"‘n
vpvn-l = Vl“’n

Figure 3. Algorithm of an MPPT command based on the P&O method.
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Figure 4. Algorithm of an MPPT command based on the hill-climbing method.

Moreover, an elementary variation (increment) conductance can be defined by:

Figure 5 shows the position
generator.

dG = dlpv/ dev (5)

of the operating point on the power characteristic of the PV

The equation of PV panel power is:

A

Ppv = VpvX Ipv (6)
( dppv - d (vax dev)
dev dev
dev = Tovt Vi dev %
dev dev
1 dPp _ I dlpy
depv dev Vpv dev

where:

PPV = PPVD' PPVD- 1 ) dev = van- van- 1 and dlpv = lpvn- lpvn- 1
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Figure 5. PV power characteristic for different operating points.

On the other hand, the evolution of the power of the module (Ppy) with respect to the voltage
(Vpy) gives the position of the operating point relative to the PPM. When the power derivative
is zero, it means that it is on the PPM, if it is positive the operating point is to the left of the
maximum, when it is negative, it is to the right of the MPP [23]. Figure 5 allows to write the
following conditions:

dev/ dev =0 At the MPP. (9>
dPpv/ dVpv >0 (10)
dPpv/ dVpv <0 (11)

4. Design and realization of the digital MPPT algorithm

At this stage of the research, we will explain the design steps and the realization of the
electronic card based on the MPPT algorithms integrated in a microcontroller (uC) PIC. This
digital MPPT control based uC has several advantages over analog MPPT control [26, 27]. Our
control board contains three important blocks: power block, power supply, and control block.

4.1. Dimensioning of the power block

The control block consists of two essential parts: the measuring circuit is used to read the
voltage and current of our photovoltaic panel at the input of the control unit. The second part,
which is actually the brain of this block is formed by a microcontroller PIC 16F877A, to
program the various proposed MPPT algorithms, and sends the control signal (the duty cycle)
of the chopper to the power block, after isolation and amplification.

¢ Tensions measurement: So that the microcontroller can read the voltage of the photovol-
taic panel, we must perform the operation of transforming a voltage of 0-22 V into a
voltage of 0-5 V.
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Figure 6. MPPT control algorithm based on IncCond [10].

It is therefore with a simple voltage divider bridge that we perform this operation as show in
Figure 10. The voltage input to PIC (AVPIC) will be connected to pin AN1 of port A config-

ured as input:
Calculation of the resistances:

We choose Vpy = 22(Volts) (photovoltaic panel open circuit voltage) and Vpjc = 5(Volt) as the
maximum input value to the microcontroller:

R, Vpic R
‘/ — — 1 1\ . ‘/ = = 12
I (Rl + R2> v Vpy (R1 + R2> 12)

Digital application: 35 = <R113fR2) .

For: Rz=1 (KQ) —> R1 =3 .4 (KQ).
o Current measurement

For the measurement of the current derived from the PV module, an inverter amplifier based
on an operational amplifier TLO82 was chosen. This configuration allowed us to read the value
of the current of the panel, with the mass chosen on the side of the load.
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The following formulas determine the parameters of this circuit:

R
Ve — <_R_4> Ve With (Ve =Ry, - Ipy ) (13)
3

So output voltage:
R
Vs = (Ran - Ipv) - ( R_4> (14)
3
With:

Rsh =0,1 (Q) , Vs: output voltage, Vi: Tension d’entrée input voltage.

4.2. The power block

A Buck converter, or chopper, is a switching power supply that converts a DC voltage into
another DC voltage of lower value. Using this converter, the DC input voltage, which is for
example generated by the photovoltaic generator (GPV) as shown in Figure 7, can be lowered.
This serial converter can be used as a source-load adapter, when the direct-coupled operating
point is to the left of the MPP. For points to the right of the MPP point, the boost converter is
more efficient [28].

It consists of a DC-DC buck converter based on IGBT BUP 314, and ensuring the transfer of all
of the power extracted from the solar panel to a resistive load.

If switch S1 is turned on, diode D is reverse biased and a circuit current occurs, but does not
pass through this diode (Figure 8).

The current il does not increase immediately, but increases with a rate imposed by inductance
L [28]:

dic. _ Vpy =V

—_— = 15

dt L 15
Meantime, the inductor stores the energy in a magnetic form. If switch S1 is deactivated after
t=tl, the load is separated from the source (system supplied). The current is however maintained

MVel==c. Kb ==c [Ya [Ir

Figure 7. Diagram of the electrical circuit of a Buck converter.
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Figure 10. PV module employed in the experiment.

by the energy stored in the inductor L and flows by means of the freewheeling diode (Figure 9).
By neglecting the voltage drop across the diode, the current falls, however, because of the follow-
ing equation:
i .-
d L = Vc'] (16)
dt L

Capacitor C1 is used to support the supply voltage (Vpv). In principle, the switch S1 is
activated and deactivated with a switching frequency f.

The 80 Watt PV panel used in this study is shown in Figure 10.

We operate our serial converter in continuous conduction mode (CCM) and the parameters of
this circuit are C1 = 2200 uF, C2 =200 puF and L = 600 uH. This value of ‘L’ has been chosen so
that the converter operates in TLC according to the following equation [29, 30]:
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L>__YE;_ (17)

4xdlx f
4.3. The energy block

The operation of our control circuit requires a power supply at three voltage levels. For this, we
realized four power supplies based on a voltage regulator:

e  The LM 7805 voltage regulator to supply the microcontroller with a fixed voltage equal to
5V.

e The two LM 7815 and LM 7915 voltage regulators to provide power required current
sensor (—15 V and +15 V), based on an operational amplifier the TLO082.

e A second LM 7815 regulator to power the 4 N25 optocoupler with +15 V voltage. The
latter will serve as a driver for the power switch, to ensure the galvanic isolation between
the power block and the control block.

The power block RO E Title:
Inpu _ . . L Maximum Power Point
t of BU Tracker
m™ET By:

Exs

Mr. TOURQUI Djamel
Eddine
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—= -
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1 C12 e ronrors [ 22
The energy block 1 T C1 Ronpser |22 =
PIC

Figure 11. Electrical diagram of the prototype realized.
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Figure 12. Practical realization of the electronic cards.

The diagram of Figure 11, representing the prototype to be produced, was made under the
Proteus PCB design software designed by ‘Labcenter Electronics’, which makes it possible to
draw electronic diagrams, to simulate them and to produce the corresponding printed circuit.

Figure 12a and b represents the prototype, which has been realized practically for the digital
MPPT control.

5. Results obtained from the MPPT control

In this part, we present the experimental results of the three numerical MPPT algorithms:
Perturbed & Observed, Hill-Climbing, and Incremental Conductance, tested on a resistive load
(Rm = 3.1 (Q), which is lower than the load of the maximum power point (MPP) within three
(03) clear days. These experiments have been done under the following operating conditions:
(1) direct coupling of the load with the photovoltaic panel without MPPT control, (2) using
digital MPPT control (DMPPT), (3) by manual MPPT until finding a position to the MPP
(manual variation of the load value).

As a result of characteristic I = f(V), we have found that the power generated (P) by the solar
panel is related to the intensity of the radiation E and the temperature Tamb. We will take the
measurements of: E, Tamb, P and efficiency of control 1 for each of the three MPPT algorithms
studied (Perturb and Observe, Hill-climbing and Incremental Conductance). Tables 1-3 illus-
trate the results obtained from the different experiments studied.

The histograms of Figures 13-15 for these three methods show the difference between the
power in the case of direct coupling and the power recovered when applying digital MPPT
control that it is compared by the maximum power point search method manually.

Figure 16 illustrates current and voltage (Upv, Ipv) of the photovoltaic generator, current and
voltage of the resistive load (Uch, Ich) for direct coupling and MPPT cases based on the P & O
technique.

75



76  Recent Developments in Photovoltaic Materials and Devices

Time (hh:mm) P for direct coupling (watt) P for DMPPT (watt) P in MPP (watt) 7 (%) E (watt/m?) Tamb (°C)
10:10 18 43 43 100 672 35.6

11:20 25 54 54 100 809 39.3

15:45 12 40 41 975 546 39.5

16:11 9 35 35 100 466 35.5

16:30 6 31 32 96.8 404 34.5

Table 1. Experimental values identified by the P&O control

Time (hh:mm) P for direct coupling (watt) P for DMPPT (watt) P in MPP (watt) 7 (%) E (watt/m?) Tamb (°C)
09:58 14 39 42 92.8 547 415

10:55 18 48 49 979 697 44.3

11:27 22 52 52 100 749 46.5

12:10 22 52 53 98.1 774 45.5

13:50 20 47 47 100 686 45.5

Table 2. Experimental values identified by hill-climbing control

Time (hh:mm) P for direct coupling (watt) P for DMPPT (watt) P in MPP (watt) 7 (%) E (watt/m?) Tamb (°C)
13:05 27 54 54 100 774 39.3

13:55 22 53 53 100 835 41

14:25 21.5 54 54 100 772 42

14:46 18 50 50 100 715 45.5

15:12 15 45 45.5 989 645 45.5

Table 3. Experimental values identified by IncCond control

The duty cycle of the converter in the case of the P & O algorithm is illustrated in Figure 17.

The results of current and voltage of PV panel and the load obtained by Hill-climbing algo-
rithm as shown in Figure 18. Figure 19 explains the duty cycle that controlled the DC-DC

converter.

Finally, the same experiment is performed using IncCond control and the results shown in
Figure 20. Figure 21 shows the duty cycle generated by the IncCond algorithm.

Interpretation and discussion of the results

The results obtained previously in the power tables and histograms clearly show the efficiency
of the electronic control card filled for different control algorithms used. The energy extracted
from the solar panel using the digital MPPT technique is very large compared to the direct
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Figure 13. Histogram of powers to P&O algorithm.
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Figure 14. Histogram of powers to hill-climbing algorithm.

charge connection method with the panel. Therefore, in the case of a direct connection between
the generator and the load is unlikely to place the PV system at its maximum power point
PPM. However, the digital MPPT technique can automatically find the operating voltage of the
PV panel that corresponds to the PPM. However, comparing the results obtained by the three
algorithms shows the Incremental Conductance technique is the most accurate and closest to
the MPP compared to the other two methods.

In addition, the results clearly show the effectiveness of the tracking system (1)) which in many
cases reaches 100%. This efficiency represents the ratio between the maximum power obtained
manually and the other using the MPPT command as indicated in the following equation:
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Figure 15. Histogram of powers to incremental conductance algorithm.
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Figure 18. Current and voltage of the photovoltaic generator and the load. (a) (Upv, Ipv) using direct coupling, (b) (Upv,
Ipv) using digital MPPT control, (c) (Uch, Ich) using direct coupling, (d) (Uch, Ich) using digital MPPT control.
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17(%) = Poweer 00 (18)

Pmpp

where Ppyppr represent the power reached by using the proposed of DMPPT controller and
Pyppis the expected maximum power output in the MPP.

Figures 16, 18 and 20 show that the chopper operates as a voltage step-down, with a voltage of
the photovoltaic module stabilizes at Vpv = 14.5 (V). For the current of the load, it is found that
the current is in continuous conduction, with a ripple of 2 kHz.

Finally, because of the integration of the PWM control signal into PIC, the duty cycle signal
frequency generated by the MPPT command (Figures 18, 20 and 21) is of the order of 2 kHz. If
the desired maximum power point voltage (VMPP) is higher than the measured panel voltage
(Vpv), the duty cycle must be incremented; it must be decreased according to the control
technique used. This ratio is adjusted in real time, with the meteorological variations (E and
Tamb), and this to position itself on the optimum point.

6. Conclusion and future action

The paper presented a simplified design and implementation of impedance matching stage
using a DC-DC buck converter supplying a resistive load controlled by one low cost micro-
controller. This circuit allows the acquisition and processing of measured current and voltage
signals and generates the appropriate control signals for controlling the switching of the power
unit designed primarily around the buck converter. Three popular MPPT algorithms for
extracting the maximum power of the photovoltaic panel namely P&O, Hill-Climbing and
IncCond have been considered.
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MPPT control has led to improved speed of response, a better MPP search accuracy and good
control in the presence of perturbations such as sudden variations of the illumination and the
temperature.

This work enables us to increase the cost-effectiveness of solar systems as well as reduce the
cost which were imported from abroad and the worldwide costly in terms of our scientific

laboratory or sector level using this energy in sustainable development agriculture deployed
locally as photovoltaic pumping, irrigation and domestic use.

In the future, experiment of these prototypes on other PV installations (like the PV pumping
which is available in our laboratory) will be presented in future works.
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Abstract

This chapter presents a new approach to realize quick maximum power point tracking
(MPPT) for photovoltaics (PVs) bedded on roads. The MPPT device for the road photovoltaics
needs to support quick response to the shadow flickers caused by moving objects. Our
proposed MPPT device is a microconverter connected to a short PV string. For real-world
usage, several sets of PV string connected to the proposed microconverter will be connected in
parallel. Each converter uses an embedded learning algorithm inspired by the insect brain to
learn the MPPs of a single PV string. Therefore, the MPPT device tracks MPP via the perturba-
tion and observation method in normal circumstances and the learning machine learns the
relationships between the acquired MPP and the temperature and magnitude of the Sun
irradiation. Consequently, if the magnitude of the Sun beam incident on the PV panel changes
quickly, the learning machine yields the predicted MPP to control a chopper circuit. The
simulation results suggested that the proposed MPPT method can realize quick MPPT.

Keywords: photovoltaics bedded on road, embedded learning algorithm, incremental
learning, insect brain, modal regression on a fixed memory budget, maximum power
point tracking (MPPT), shadow flicker, partial shading, micro converter

1. Introduction

In recent years, renewal energy technologies have attracted considerable attention as they
prevent degradation of the environment to a large extent. Photovoltaics (PVs) are one such
technology. However, the drawbacks of photovoltaic systems are that they are unstable while
generating electricity and that they require a wide area to catch a large amount of sunlight.

© 2018 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of the Creative
InteChOpen Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,

distribution, and reproduction in any medium, provided the original work is properly cited.
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One solution is to place photovoltaics on roads. As the total area covered by roadways in the
world is extremely high, it is worth using it as PV sites. Still, objects moving on the road cause
shadows. In particular, the shadow flickers on PV systems cause power conditioners
connected to the PVs to behave in an unstable manner. Such unstable behavior forms the
origin of degradation and greatly reduces the amount of electricity generated.

As shown in Section 2, PVs demonstrate highly nonlinear characteristics and its maximum
power point cannot be analytically derived. Therefore, maximum power point tracking (MPPT)
devices track MPP using various heuristics. As mentioned in previous survey papers [1, 2], the
most preliminary technique for realizing MPPT is the perturbation and observation (P&O)
method. P&O is a type of hill-climbing algorithm. The P&O method provides a perturbation to
the current and the voltage and checks whether the output power increases. If the power has
increased, the P&O method employs the same voltage change in the next step and vice versa.
Although the P&O method is easy to implement within small embedded systems, there is no
guarantee that the perturbed voltage is suitable for obtaining MPP. The incremental conductance
(IncCond) [3] and the ripple correlation (RCC) methods [4] overcome this problem by estimating
the gradient of the power curve. These two methods can be realized in analog circuits and can
demonstrate quick convergence behaviors. Fuzzy logic control methods are also usually used for
controlling the change in duty ratio for the chopper circuit. Fuzzy logic controllers can work
appropriately even if its inputs are ambiguous, and they show a quick convergence behavior to
the MPP. For example, a previous paper [5] demonstrated the use of fuzzy logic that yielded a
change in the duty ratio from the difference between the current photovoltaic output voltage and
the predicted MPP. Neural network-based MPPT methods are also proposed (e.g., [6]). The
model predicts MPP and its corresponding maximum current using a pretrained neural net-
work. The model cannot adjust its neural network for changing environments. In our previous
study, a hybrid system involving the P&O method and an embedded learning machine was
constructed [7]. The learning machine studies the MPP acquired by the P&O method when solar
irradiation is stable. When solar irradiation changes quickly, the learning machine predicts MPP.
However, these methods do not support MPPT under an inhomogeneous isolation condition,
where the voltage-power curve has several local peaks.

Recently, a particle swarm optimization (PSO)-based MPPT method was proposed [8]. This
method can estimate all local power peak points and select the best one. However, the resul-
tant solutions are highly depending on the initial particles.

On the contrary, a previous study [9] demonstrated that a swing technique can acquire the
voltage-power curve by scanning within a certain short interval. It shorts, the series-connected
PV string and an inductor simultaneously observe the voltage and power until the output
voltage reaches zero. Therefore, the device can detect MPP during the scan. However, it needs
special hardware to realize the swing.

To overcome this problem, we use a quick converter connected to a PV string. The main
challenge here is finding the MPP from the complex power-voltage curve.

In our previous study [7], we proposed a model that uses an incremental learning method based
on general regression neural network. The method is used to obtain the magnitude of solar
irradiation s;, temperature Ty, and MPP derived by the P&O method. Although the system
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quickly detects MPPs of a single solar panel, which has a single cluster, it cannot detect the MPP
of solar panels with several clusters or solar panels connected in series.

In this chapter, we propose an MPPT converter that detects MPPs of solar panels with several
clusters using a modal regression method on a fixed memory budget. To realize quick MPPT,
the proposed method uses a learning machine on a fixed memory budget. The learning
machine on a fixed budget is a small learning machine that can continue online learning on a
fixed storage space. Therefore, it is suitable to be embedded to a small microcomputer. The
learning on a budget should be executed on a system with a small amount of storage space
with low computational power.

To this end, it is worth referencing the mechanisms of an insect’s brain. Although the precise
mechanism of an insect’s small brain that is a source of their intelligence is not known, it is true
that their sensory system is much smaller than that of humans. Therefore, the dimensions of
their sensory inputs are small. As mentioned in Section 3.2, the storage space for recording the
kernels is proportional to the number of input dimensions. From this insight, we should be
able to reduce the input dimensions to reduce the storage space for the learning machine.

The rest of the chapter is organized as follows. Section 2 describes the photovoltaic properties,
and Section 3 introduces an MPPT algorithm accelerated by a learning machine using a modal
regression on a budget. Section 4 shows computer simulation results of the new MPPT algo-
rithm, and Section 5 concludes this chapter.

2. Properties of photovoltaics

Photovoltaics are a type of current sources, whose current flow is determined by the strength of
solar irradiation. A normal solar panel comprises several photovoltaic cells. These cells are
usually connected in series, and the series-connected cells are then connected in parallel. Such
solar panels show highly nonlinear characteristics and is usually modeled by using the following
equation [10, 11]. Let us denote the output voltage and current from the photovoltaic as V', and
I 0, respectively. According to the equivalent circuit shown in Figure 1, I, is represented by (1).

Loy = Nolo () = NI Vo ) 4 (1)
v = et 100 Pl P\ kTN, /

where V,,, the terminal voltage of the photovoltaic [V]; I,,,, output current from the photovol-

taic [A]; I,, photocurrent [A]; I,, saturation current [A]; I, short-circuit current [A]; I, irradi-
ation [%]; n, ideality factor; g, charge of electron [C]; k, Boltzmann’s constant; T, junction
temperature [C; Ny, number of cells in parallel; N, number of cells in series.

In Eq. (1), I, is given by the ratio of actual strength of solar irradiation to the irradiation of
standard test condition [11]. Therefore, I, = 100G/G,,s, where G and G, are solar irradiation
(w/m?) and that of under the standard test condition: Grer = 1000(w/ m?), respectively. The
range of I, is I, € [0,100]. An example of the output voltage and current relationship is shown
in Figure 2. We can see that the solar panel is a type of current sources, but the current is
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Figure 1. Equivalent circuit of a photovoltaic.
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Figure 2. Single solar panel property. (Ir = 80%, N, = 4, Ny = 12, I,. = 1.8[A], T = 298.15,g = 1.6 x 10 ).

reduced when the voltage is higher than a certain value. The solar panel does not pass current
if the panel is covered by a shadow. If series-connected solar panels have a partial shadow, the
output current from the solar panels are down to zero even if a part of solar panels do not have
a shadow. To prevent such a situation, a bypass diode is connected to each solar panel in
parallel. Using this circuit, the solar panels can generate a certain amount of electricity even if
they are partially shadowed. Such series-connected solar panels, however, show highly nonlin-

ear characteristics (see Figure 3).

To extract maximum power, the voltage of the photovoltaic should be maximized. However, if
the voltage is too high, the current decreases. Therefore, there is an optimal voltage value that
maximizes the power. Such voltage is called the MPP and the power conditioner or converter

connected to the PV tracks the MPP.

Power
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Figure 3. An example of series-connected solar panel property. The irradiations for the four panels are 10, 80, 65, and
95%.

Another noticeable property is that the current flow of photovoltaics stops when it has a
shadow. Thus, if a photovoltaic is connected to the other photovoltaics in series and it has a
shadow, no power is outputted from the series-connected solar panels.

This problem is solved by connecting a bypass diode in parallel with each photovoltaic.
Using this architecture, we can get some amount of power even if a part of the solar panels
are under a shadow. However, in such a case, the voltage-power curve of the photovoltaics
shows a nonlinear form. As the voltage-power curve has several peaks, the power condi-
tioner cannot obtain the correct MPP only using a hill-climbing technique. The most reliable
method to solve this problem is for the power conditioner/DC converter to acquire the
current voltage-power curve and detect the global maximum point.

3. MPPT algorithm accelerated by learning machines

One way to realize a quick MPPT without involving any special device is to use a photovol-
taic model to predict the MPP. Moreover, the apparent property of photovoltaic varies due to
the accumulated dust on the solar panel surfaces. This means that the photovoltaic model is
not stable, but is valid depending on the solar panel’s situation. To adjust to such changes in
the property, an on-site learning machine should learn the MPP acquired by the P&O
method to construct the PV model and apply prediction using the learning machine. In our
previous work [7], we demonstrated that an incremental learning method on a budget on a
microcomputer can manage the learning and prediction of MPPs. The learned results were
applied only when solar irradiation changes drastically and the learning machine know the
appropriate MPP that fits the current situation.
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Figure 4. The photovoltaic circuit design bedded on road. Several solar panel strings with the MPPT converter are
connected in parallel.

The previous system, however, cannot support the MPPT for series-connected PVs with
bypass diodes, as shown in Figure 4. This is because even if the strength of solar irradiation is
a certain stable value, there are several different solutions depending on the variety of the
shadow patterns on the solar panels. To overcome this difficulty, we propose a new MPPT
method in this chapter that is based on modal regression on a budget, which is a modal
regression with a fixed number of kernels. Modal regression has the ability to approximate
multivalued functions. Modal regression on a budget continues the learning with a fixed
number of kernels so that it is suitable to be embedded in a small microcomputer. Therefore,
it is able to record several different MPPs corresponding to the strength of solar irradiation.
The proposed MPPT has a modified P&O method that enables tracking of MPPs from the
voltage-power curve having several peaks using modal regression on a budget.

During the service, the proposed MPPT tracks the peaks by changing the initial search points.
If an MPP is observed, the kernel density estimator (KDE) in the modal regression records the
peak by adding a new kernel that records the current peak (see Figure 5). However, the
microcomputer has limited storage space. Thus, if the number of kernels in the KDE equals
the budget, one of the existing kernels will be replaced by the new kernel.

3.1. A perturbation and observation (P&O) method with changing initial point

Even if the system uses modal regression, it cannot be used before learning. Thus, it needs to
obtain the MPPs first. To find several peaks, a modified P&O method is presented. The modified
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Figure 5. Outline of the MPPT accelerated by the modal regression on a budget.

one searches the peak points roughly at first. For example, if the solar panel comprises m number
of clusters, the number of peaks would be up to m. Therefore, the new P&O estimates following
C (> m) initial points. This operation concludes when irradiation is greatly changed.

Vo

v; =n pT,where n=1,--,C (2)

where V'™ denotes the open circuit voltage of the photovoltaic. To obtain this value, the circuit

should be opened for a while when the irradiation changes. The system finds the v’ that leads
to maximum MPP.

n* = argmax, {va (v;) }, 3)

where Py, (v!,) denotes the power from the solar panel for the voltage v/,. In this method, m
number of clusters are needed to be preset.

3.2. Modal regression on a budget for reasoning from too less sensory inputs

In general, if the device has too few sensors, the system cannot properly detect the current
status. The partial shadow problem is one such problem. Therefore, if the device has
illuminance sensors for each solar cell, it can accurately detect the status and can form
complete relationships between the large number of sensory inputs and MPP. However,
such strategy is impractical for real applications. Moreover, we should reduce the number
of dimensions to construct an insect’s brain like compact learning machine. From a theo-
retical viewpoint, the system having too few sensory inputs should yield several possible
solutions. Therefore, the system has to check the suitability of all possible solutions and
choose the best solution. One way to solve this problem is to employ a quick search
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algorithm such as the PSO algorithm. However, PSO searches possible solutions for
arbitrary initial setting of particles and wasted some time for the search. An alternative
way to speed up the procedure is by implementing a learning machine to quickly obtain
some good solution candidates. However, to realize such tasks, the learning machine has
to have an ability to approximate multivalued functions. Such ability cannot be served by
normal regression methods.

Modal regression approximates a multivalued function to search the local peaks of a given
sample distribution. Modal regression comprises the KDE with a partial mean shift (PMS)
method. We have already presented a minimum modal regression, which minimizes the
number of kernels for the modal regression [12].

The model, however, does not support learning on a fixed budget. In this chapter, we
propose an improved version of our previous work, which enables learning on a fixed
budget.

3.2.1. Original modal regression method

Modal regression comprises KDE followed by the PMS. KDE is a variation of the Parzen window
[13]. Let X be the set of learning samples and X = {xp emN p=1,2,...N } The estimator
approximates the probability density function using a number of kernels, namely the support
set S;. The kernels used are Gaussian kernels and

oy Sk (122) @

ieSf

where

[l — il _ Ilx — xi[®
K(T) = exp <— T) ©)

Normally, the same number of kernels as that of the dataset is required. However, if the storage
capacity of a target device is small, the number of kernels must be restricted. There are several
ways to realize density estimation using a limited number of kernels. Traditionally, self-
organizing feature maps or learning vector quantization methods approximate the distribution
using a fixed number of templates.

As mentioned in a previous study [14], the KDE used in modal regression should approxi-
mate the number of peak points of the distribution, rather than the distribution itself. Let
p(x) be

o = 3k (=) ©

i€S;

then p(x) should satisfy the following condition.
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where x* denotes a local peak point of the distribution.

Modal regression searches the peaks of the distribution model represented by the KDE. The
PMS method realizes quick convergence to the nearest peak from the initial point. Let us
denote the initial point as Xy, representing the starting point for searching the peaks. Thus,
modal regression repeats the modification of the current y as follows:

yoLiyi —Xi
ZiyaldK<| l;zy |>K<|xhxx H)

Inew = ®
zjK Ty K{ ™

3.2.2. Modal regression on a fixed budget

To embed the modal regression, we have to pay attention to how to reduce the number of
kernels for the KDE. Especially, we have to fix the upper bound for the number of kernels. In
this case, the aim of the KDE is to approximate the peaks in the distribution rather than
approximating the distribution. From this viewpoint, we should prune redundant kernels that
do not contribute to approximating the peaks.

In our previous work [12], we demonstrated that the kernel, which is linearly dependent on the
other kernels, can be removed without changing existing peaks. To this end, before pruning,
the pruned kernel should be projected to the space spanned by the other remaining kernels.
However, preparing the gram matrix wastes huge memory space.

Moreover, in this practical application, we should pay attention to the concept drift phenom-
ena, wherein the labels change over time. This is caused by environmental changes such as the
accumulation of dust on the solar panels and the changes in properties of the solar panel
materials. The learning methods should support these issues.

To overcome these difficulties, we propose a simplified version of the modal regression method
on a fixed number of kernels.

To discuss the learning rule of the KDE, let us rewrite the kernel output value as the dot
product of the two vectors of k(x;, .) and k(x, .) as follows.

(K, ), k(x, ) = K(”";”) ©)

where (-,-) denotes the dot product operator. This expression is based on the kernel method.
Fortunately, the Gaussian kernel is a type of reproducing kernel in which we can rewrite the
learning rule using the dot product of vectors. Using this representation, we can rewrite the
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learning rule in algebraic expressions, which can be very easily understood. Now, let us denote

a vector 13t as the learning result after the t-th sample presentation. Then, we obtain
Pri=) o Wik(xi), (10)

where S;_; denotes the support set after the t — 1-th presentation of a given sample. The KDE
output to an input vector x is calculated by

~

Pra() = (P, k(x, ). (11)
Eq. (10) enables us to represent the learning rule as
Py =P+ yk(xt,), S¢ = Si1U{t} (12)

However, the proposed method restricts the number of kernels to a certain number as |S¢| <B.
To overcome this problem, the proposed method replaces one of the kernels with a new kernel
whose centroid is the new input vector, or moves the nearest kernel centroid to close to the
current new input vector. Therefore, if the nearest kernel

. 2
ny = argmmj{ th — xjH }, (13)
satisfies the following condition
% — X, > < Onctvity, (14)

its kernel center is modified to be the mean vector of the original kernel center and the new
sample as follows. The extension coefficient W,, is increased by A

()
Xp, =t
(%) +1

The extension coefficient includes information on how many samples did the kernel learn. The
extension coefficient is also reflected to a weighted PMS method in Eq. (20). However, if the kernel
center does not satisfy the Eq. (14), one of the kernels should be replaced with the new tentative
kernel. Therefore, if the new sample x; is too far from the nearest kernel center, one of the kernels
should be replaced with it to adjust to the new sample. In such a case, the least recently or
frequently used (LRFU) kernel is to be replaced with the new one. The LRFU evaluation method
proposed in [15] is an improved version of the LRU page-replacement algorithm for virtual
memory systems on operating systems. Using this evaluation method, the most ineffective kernel,
which seems to be unused for a long time interval, is replaced with the new kernel. To realize this
evaluation, a variable that represents the value of each kernel is introduced. Let C; be the value of

’ Wnt ~ Wnt + A (15)

the i-th kernel. When the i-th kernel centroid is the closest to current sample x;, C; is enlarged, but s
decreased, otherwise. Therefore, for each round, the following equation is executed.
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Cit+1l i—
C = { ThorEm (16)
nCi, i # ny

where n =1 —¢, ¢<1. Then, the j* = argmin.C; kernel is to be replaced with the new kernel.
Therefore,

x]-* = Xt, w]'* = A, C]* = 1, y]* =Y (17)

hy determines the width of each kernel. The performance of the system is also sensitive to this
value, so we have to set this value carefully. In a previous study [16], the optimal value of i, for
a standard distribution was derived as

1
4 g
hx—<d+z> o, (18)

where d = dim(x;) is the dimension of the input vector and n is the number of samples. In this
study, the number of samples is unknown. However, the number of kernels are bounded to the
budget B so thatn = B. Equation (18), however, cannot be used for practical applications. Therefore,
we should consider a scaling factor for (18). To this end, in this study, we rewrite (18) as follows.

1
4 \7a
hX:vo-<—> now, (19)

where vy denotes the scaling factor and was set to 0.3 in this simulation described in Section 4.
Actually, in the simulation described in Section 4, each input dimension was normalized before
the execution of the modal regression. Concretely, each element of x; of modal regressor was

multiplied by a gain g; to make the range of the ith element of x; be |g;x;;| <1. The output from
the modal regressor (20) was divided by the corresponding gain y =y/g,. For simplicity,
however, following text omit the description of these gains.

The regression output is also delivered by the PMS method described in (8). In this model, the
PMS method should account for the extension parameter W;. To this end, this method also uses
the weighted PMS method as is done in our previous work [12]. Note that (20) includes the
extension parameter W; in both the numerator and the denominator.

j : yu yi K X—Xi
iyoldWiK(| Idy |> (H Ix H)
ynew
|yo y| X—Xj
E ]V\l]lk( ld}y : K || IX]H

The weighted PMS should be repeated by substituting derived y_ . toy , until it converges

(20)

to a certain value. In the computer simulation described in Section 4, the weighted PMS was
repeated 10 times for every initial point. This process is executed for all initial values of v, to
obtain all local peaks. The simplest way to set the initial points is choosing uniform random
initial values for y_;;. However, the random initial values usually make some unexpected
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Figure 6. The response for the third-order data. The green curve is the response of the proposed model with 50 kernels.

converged values for y. To more appropriately set up the initial value y,, the proposed
method chooses the initial value as the corresponding element of each kernel center. There-
fore, let us assume that a kernel center x; is similar to the current input. Then, the initial value
should be y, = xj;, where j is the corresponding unknown dimension. The set of such kernel
centers is

2
. — (x5 — xy
Sactive = {1]exp (Z#unknown %) > Qinit}/ (21)

X

where Ojnit denotes the threshold for choosing the kernel. The above equation does not contain
the distance calculation for the unknown dimension. The initial values for y are

Yo = Xk unknown where k € Sinit- (22)

3.2.3. An example of the modal regression outputs

The modal regression approximates multivalued functions. As an example, Figure 6 shows the
regression output for 800 sets of third-order synthetic data with 50 kernels. We can observe
that the proposed method partly approximates multivalued function.

3.3. Whole algorithm

Algorithms 1-4 are presented below. Note that S; in these algorithms shows the averaged
solar irradiation for all clusters. Therefore, solar irradiation is assumed to be sensed by a single
illuminance sensor; thus, the obtained value is the average of the values of both clusters.

The algorithm is roughly divided into two parts: one is the normal P&O part, and the other
deals with searching for the reference voltage using the proposed modal regression. The
second part is executed when the solar irradiation is changed abruptly.
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[ MPPT with modal regression ]
3
‘ Ay =01 ‘
|
el

Get AD data
Str TtrIpwVp

| I =‘rpV]";w |

P&O

‘ V'ref = V1"ef+'d'lf ‘

1

‘ i § = ShortTermAverage(Ay) i |

| E f = xgsti'm.ate(stj tO) i ‘ Detect

change
No in St'
Yes

| | Viey — GetlnitialVref (S, T;) | |
+

to =&, X
Detect
convergence

Ieaﬂ'LModalRegressor(St 1. V, Tef

Algorithm 1. Algorithm of the MPPT with modal regression. Note that V., is referenced by the proportional-integral-
derivative (PID) control thread at each time interval. GetInitialVref() is described in Algorithm 2. learnModalRegressor() is
described in Egs. (12)—(19).

To this end, the sensed solar irradiation is statistically analyzed by Xegtimate (St, fo), that is chi-
square test for Sy from the previously changed time t, till now. If it includes an obvious change,
Algorithm 2 is called to search for an appropriate initial V,,¢’s for searching the optimal value
of V,r. Algorithm 2 is the algorithm for searching initial V.. This algorithm conducts a search
using the proposed modal regressor followed by a search of the initial V,, using the proposed
modified P&O algorithm described by Eq. (2). The reason why it executes an additional search
is that there is a possibility that the modal regressor yields incomplete solution candidates.
Such a situation usually occurs when the modal regressor is in the early stage of learning.

3.4. Computational cost and required memory capacity

The computational cost for the MPPT with modal regression is mainly wasted by the modal
regressor. Hence, let us consider the computational cost for the modal regression. Now, we
assume that the number of kernels in the modal regressor is B and that the number of

dimensions is N. Note that N=3 because input vector is xt:[St, T;, V,ef]T. To calculate the
kernel outputs for current input x;, it needs (N+1)B times multiplies and B times of division
and B times of calculation of exp (). If we assume that the calculation of exp () is Ceyp, the
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[ GetInitialVref(S,T.) ]

I

| | Sacrive = ActiveKernels(S,, T,) | |

T

No
Yes

Candidates = {x;;;| i € S,ctivel
u: target dimension

3

‘ ‘ V,f;‘}n = getMPPInitVref(Candidates) ‘ ‘

)

‘ | V,f;‘}tz = ModalRegression(S,, Ty, V,f;‘;—ﬂ | ‘

Vinie = {Vi281,V,247)

=

get V™"

.

max

V.
Vinie = Vinze U [V|TLL,?1 =12, C}

C
C: Number of clusters

l

‘ ‘ Vil = getMPPInitVref (Vig) ‘ ‘

]

[ Return Vri;‘;t ]

End

Algorithm 2. Pseudo code for getting initial reference voltage. ActiveKernels() is derived by (21). getMPPInitVref() is
described in Algorithm 3. ModalRegression() is the five time repeats of the partial mean shift:(8).

computational cost is proportional to B (N +24Cexp ) Therefore, to derivate a kernel set S,qtive
in (21), it needs O(B). The partial mean shift (20) needs B(N+8+2C e )+B(N+742Ccxp )
+1=B (2N +15+4C ¢xp ) +1. Thus, if the partial mean shift is repeated for M times for each trial,
the total computational power of modal regression is proportional to MB(2N+15+4C .y, ) +1.

The computational power required for the learning of the modal-regressor is the cost of
executing (13), (14), and (16). Thus, it needs BN+N+(2N+1) multiplications. After all, the
computational complexity of the modal regression is O(B).

The required memory capacity also depends on the number of kernels. Each kernel records the
center of kernel x;, corresponding label y,, the extension parameter W; and the parameter C;
for the LRFU estimation. As each float variable requires 4 bytes, one kernel requires 4(N+2)
bytes. Thus, the total amount of memory storage for all kernels is 4B(N+2) bytes.

The boost converter step ups the voltage of the solar panel string and charges the battery. The
MPPT unit, which includes the proposed method, sends the predicted MPP: V, to the feed-
back controller. The P-type MOSFET is assumed to be used for making an open circuit in a
short-time interval to get V™ (see Algorithm 2). As shown in Figure 4, several sets of this

circuit are connected in parallel to the same rechargeable battery.
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[ getMPPInitVref(Candidates) ]

¥
Pnax = 0.0,

Vyp = 1st element of Candidates
¥

( Forallv,.r € Candidates W

Set reference voltage to vyof
!

Wait for T ms (PID control)

Get AD data
St' T}-ipv-vpv

P = IppVpo

—

Retrun Vi p ‘

End

Algorithm 3. Flowchart for getMPPInitVref().

4. Computer simulation

The performance of the proposed MPPT was evaluated via a simulation. Particularly, the con-
vergence speed to MPP is a very important property that should be evaluated. The simulated
circuit comprises a short string of solar panels connected to a boost converter (see Figure 7).

The MPPT unit sends the reference voltage V. for the feedback controller, and the boost chopper
circuit adjusts the output voltage of the PV string to V. In this simulation, we assume that the

load is a rechargeable battery, whose voltage is kept to a certain constant voltage. Using this load,
each boost converter is not affected by the change in the other converter’s output power.

For simplicity, the simulator of the boost converter simply updates V,to be V,,r and calculates
the corresponding I, by using the photovoltaic model. Therefore, the detailed transient
response of the boost converter was not realized in the simulator.

To realize the simulation, we constructed a simulator of photovoltaics and circuits as the Java
application. The solar irradiation, temperature, and the properties of the solar panels are also
represented in the thread of environment class (see Figure 8).
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end

Algorithm 4. Flowchart for getting V7. Open and close switch denote enabling and disabling the FET in Figure 7.
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Figure 7. The circuit for the simulation.
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Figure 8. Sequence diagram of the simulator.

For simplicity, the strength of solar irradiation and temperatures varies for a certain scenario,
but the effect of the specific heat of the solar panel material was not considered.

The solar panel is a homogeneous two cluster panel such that it has two peaks under partial
shadow conditions. The MPPT with modal regression is also represented by the MPPT thread
class. The chopper circuit with the feedback controller is assumed to control the output voltage
from the solar panel to V.., which is assigned by the MPPT unit, within 1 ms. Note that V., is
yielded by the modified P&O method or the modal repressor. Similar to the simulation method
proposed in [10], the chopper circuit is simulated so as to change I,,,. As a result, the series-
connected solar panel simulator yields a new V,, due to the change in I),. The new V,, is then
sent to the boost converter simulator to calculate the next step.

We have compared the proposed method with the existing models under partial shadow
conditions. For this comparison, the following three models were prepared: MPPT with the
modal regression, the P&O method by changing initial points described in Section 3.1, and
MPPT with PSO. There are various PSO-based MPPT methods [8, 17]. In this simulation, we
prepared a model that is based on the model proposed in [17] because it has a similar

Ay: Change in voltage for P&O (Algorithm 1) 0.1

Oinit in Eq. (21) 0.9

nin Eq. (16) 0.001

d in Eq. (19) 3

Time interval for changing V.t by P&O, modal regression and PSO (=7 in Algorithm 3) 1 [ms]
Time interval for changing solar irradiation 250 [ms]
Scaling factor v in (19) 0.3
Number clusters (= C in Algorithm 2). This value should be greater than the actual number of clusters. 3

Table 1. Parameters used in this simulation.
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Figure 9. An example of snapshot of the maximum power tracking of the proposed method. The green points are the
center points of the proposed modal regressor, namely the initial MPP candidates (see (21)).

architecture to ours. The PSO-based MPPT method used in this simulation executes the PSO
optimization when solar irradiation changes is occurred. The condition for detecting solar
irradiation changes was the same as the method described in Section 3.3. The detailed param-
eters used in this simulation are listed in Table 1.

We evaluated the electric power generation behavior of each model. If the generated power is
higher than the others, the model finds MPP faster than the others.

Figure 9 shows a snapshot of the behavior of our proposed MPPT. In this situation, the power-
voltage curve of the solar panel has two peak points. The activated kernel centers of the modal-
regression at this situation are shown as the two green points'. The proposed method set choose one
of them as the start point for the MPPT. After that, the modal regression output was used for the
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Figure 10. An example of V', VS time.

"The activated kernel centroids without the power element were pointed as the green points. However, the height of the
green points have been set to a certain fixed value for easy seeing.
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Figure 11. The magnified power curves. Note that the power curve has changed immediately after the change of irradiation.

initial point for starting the P&O procedure. As a result, the proposed method finds the MPP faster
than the P&O method. The quick search ability is suitable for generating electricity under changing
irradiation. In Figure 10, the green, blue, and purple curves show the V, of the proposed one, P&O-,
and PSO-based MPPT methods, respectively. The V,, of the PSO-based method changes drasti-
cally for approximately 100 ms immediately after the change in solar irradiation. Although the
proposed and P&O methods also change V,, immediately after the change in solar irradiation,
the changing period is shorter than that of the PSO-based method. Moreover, V, of P&O-based
method sometimes needs a time interval to converge to be a steady state. On the contrary, the
proposed method makes V/, reach the steady state faster than the others.

The magnified Figure 11 shows that the power generation of our proposed method quickly
aliased immediately after the change in solar irradiation, whereas the extended P&O
method gradually converges to the power of the proposed method. The PSO-based MPPT
shows the less power generation than the other methods. In the case of PSO, the results are
greatly affected by the initial points of the particles. In this simulation, we have set the
initial points by uniform random voltages in [0, V}{'], where VMAX is the open-circuit
voltage of the solar panel string. The initial points should be distributed uniformly in the
interval. However, if the number of particles is small due to the restriction of the device, the
initial point distribution usually becomes to be an unbalanced distribution. As a result, the
quality of the solution is degraded. To check the performances under the various sizes of
kernels or particles, the averaged generated power for the proposed method with 5 and 10
kernels, and the PSO-based MPPT methods with 5 and 10 particles were compared. More-
over, the generated electricity power from the proposed method and the extended P&O
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Time interval for changing solar insolation = Method Averaged electricity power

250 ms MPPT with modal regression (5 kernels) 1512 W
MPPT with modal regression (10 kernels)  151.9 W

Extended P&O 150.3 W
MPPT with PSO (5 particles) 1271 W
MPPT with PSO (10 particles) 1282 W
200 ms MPPT with modal regression (10 kernels) 151.4 W
Extended P&O 1494 W

Table 2. Comparison of averaged electricity power generated during the first 200 [s]. The time interval for solar irradiation
change were 250 and 200 [ms].

methods were compared with two different time intervals of changing solar irradiation.
Table 2 shows the results. We can see that the averaged generated power of the proposed
method of 5 and 10 kernels are almost the same. On the other hand, the PSO-based methods
reduced the power if the size of particles is reduced. The proposed method’s generated
power was also larger than the extended P&O method because the convergence speed is
higher than that of the P&O method. The difference in the generated power is caused by
their different convergence speed. Therefore, if there are fewer changes in solar irradiation,
the difference decreases because the convergence process does not occur. As evidence,
Table 2 shows that if the time interval of changing solar irradiation is 250 ms, the differ-
ences between the two averaged generated power was 1.6 W, whereas the difference was
2 W when the time interval is 200 ms.

5. Conclusion

In this chapter, we proposed a new MPPT method accelerated by modal regression on a
budget, which approximates multivalued functions. The modal regression on a budget is a
simplified version of our previously proposed method, namely limited modal regression [12].

The proposed MPPT method comprises an irradiation sensor, temperature sensor, and modal
regression on a budget. We assume that the irradiation sensor gets the averaged strength of
irradiation of all solar panels. In the case for MPPT of PV strings, the device has to obtain the
highest local peak point from the several peak points in the voltage-power curve. Therefore,
the MPPT device with the incomplete sensory input has to approximate a multivalued function
between the sensory inputs and the MPP.

Normally, modal regression estimates provide sample distribution and yield local peak points
that are related to the specified input.

The modal regression on a budget can approximate such relationships between the sensory inputs
and the MPP’s. The proposed MPPT method is a combination of modal regression on a budget
and a modified (extended) P&O method. The modified P&O method obtains the MPPs even if
there are several local peak points. The obtained MPPs are recorded in the modal regressor.
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The proposed method was evaluated by computer simulation under partial shadow condi-
tions. The simulation results suggest that the MPPT with modal regressor obtain an MPP faster
than other existing methods such as the MPPT with PSO. This property is suitable for electric-
ity generation using the solar panels bedded on roads.
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Abstract

Photovoltaic systems, direct conversion of solar energy to electrical energy, are produced
in the form of DC power by photovoltaic arrays bathed in sunlight and converted into AC
power through an inverter system, which is more convenient to use. There are two main
paradigms for optimal designing of photovoltaic systems. First, the system can be
designed such that the generated power and the loads, that is, the consumed power,
match. A second way to design a photovoltaic system is to base the design on economics,
as pinpointed in the following. Photovoltaic grid connected through shunt active filter by
considering maximum power point tracking for these systems is known as the optimal
design. This chapter is organized as follows: First, we discuss an overview of grid-connected
photovoltaic systems. After that, we take a more detailed look on grid-connected photo-
voltaic system via active filter; in this section, we explain the modeling of photovoltaic
panel and shunt active filter. In the next section, we learn different maximum power point
tracking methods and also learn how to design DC link as a common bus of shunt active
filter and photovoltaic system. Finally, MATLAB/Simulink simulations verify the perfor-
mance of the proposed model performance.

Keywords: optimal designing, grid-connected, photovoltaic systems, shunt active filter,
maximum power point tracking

1. Introduction

Global warming, environmental pollution, and possible scarcity of fossil fuel reserves are some
of the main driving forces behind the urge for installing grid-connected photovoltaic (PV)
systems. Moreover, utilities and customers can benefit from installing these systems. The main
gain for customers is to take advantage of the incentives provided by the governments upon

© 2019 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of the Creative
InteChOpen Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,

distribution, and reproduction in any medium, provided the original work is properly cited.
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installing PV systems. For utilities, the gains of installing PV systems are mainly operational
benefits, especially if the PV system is installed at the customer side on rural feeders. For
example, PV systems can be used to decrease the feeder losses, improve the voltage profile of
the feeder, and reduce the lifetime operation and maintenance costs of transformer load tap
changers. Moreover, if the peak output of the PV system matches the peak loading of the
feeder, then the loading of some transformers present in the network can be reduced during
peak load periods. The power-quality index of the grid could be improved if PV system was
connected to grid via active filters; they are energy conditioners, which include DC/AC-
controllable converters. These filters, based on their control schemes, can compensate both
source voltage deficiencies and undesirable load-terminal current, which leads to have a
source end purely sinusoidal current.

Current harmonic drawn by direct PV grid connected via DC/AV inverters and also nonlinear
loads disturb the waveform of the voltage at the point of a common coupling (PCC) and lead
to voltage harmonics. Therefore, it is necessary to develop techniques to reduce all the har-
monics as it is recommended in the IEEE 519-1992 standard [1]. The first approach consists of
the design of LC filters. However, passive filters are not well adapted as they do not take into
account the time variation of the loads and the network. They can also lead to resonance
phenomena. So, since several years, a more interesting technique is studied: the active filter
based either on voltage source or on current source inverters, yielding the harmonic currents
required by the load.

Recently, efforts [1, 2] have been made to combine the active filters with renewable
energy production systems to benefit from advantages of both a renewable source of
energy and a power conditioner to provide pollution-free and high-quality power to the
consumers. It seems that it is necessary to use power conditioners, for example, active
filters, to compensate the power-quality problems caused by renewable sources of energy
in some cases. Since passive filter like LC filters lack the capability to fully compensate
these problems in the presence of nonlinear loads, they are not preferred rather than
active filters. This type of modular and renewable technology has many advantages like
the capability to be expanded and being practically applied in almost everywhere. Fur-
thermore, since one less converter is used in this scheme, there will be capital investment
saving in comparison with a separated shunt active filter (SAF) and a PV system; since
here by a common DC bus for both SAF and PV systems is used, the cost of the
produced power will be reduced.

2. Models of PV and SAF

2.1. PV model

The equivalent circuit of a PV cell is presented in Figure 1. Photovoltaic cells of a solar panel
have three kinds of external connections, namely series, parallel, and series-parallel. Eq. (1)
presents voltage-current characteristic of a solar panel [1], and I, and I, are calculated based
on the following:
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Figure 1. Equivalent circuit of a PV cell.
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where Ipyand I, are the photovoltaic current and saturated reverse current, respectively, while
“a” and “K” are the ideal diode constant and Boltzmann constant, respectively. Also, we have

Vi = NsKTq~! which is the thermal voltage, N is the number of series cells, g is the electron
charge, and T is the temperature of p-n junction. Rg and Rp are series and parallel equivalent
resistance of the solar panels, respectively. Ipy is varied with light intensity in a linear relation
and also varies with temperature variations. I is dependent on temperature variations.

We have Ipy,, Isc,, and V¢, which are photovoltaic current, short-circuit current (SCC), and
open-circuit voltage (OCV) in standard conditions (T, = 25°C and G,, = 1000 Wm ™ ?), respec-
tively. K; stands for the coefficient of short-circuit current to temperature, AT = T — T, presents
the temperature deviation from standard temperature, G is the light intensity, and Ky shows
the ratio coefficient of open-circuit voltage to temperature.

Three important points of I-V characteristic of solar panels are open-circuit voltage, short-
circuit current, and voltage-current corresponding to the maximum power. The mentioned
points are varied by changes in atmospheric conditions. Short-circuit current and open-circuit
voltage can be calculated in different atmospheric conditions by using Egs. (4) and (5) which
are derived from PV model equations, as follows:

G

Isc = (Isc,n + KIAT) el (4)
n

Voc = Vocn + KvAT )

2.2. SAF

SAF is used to eliminate load-terminal current harmonics and consequently having a pure
sinusoidal source-end current. The Generalized Theory of Instantaneous Power (GTIP) theory,
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as control algorithm, is used for generating reference signal in the activating algorithm of the
shunt active filter [3].

U(t) is assumed as the load voltage which consists of all voltage sequences (U (t) = U"(t) + U (t) +
U’(t), in which U* (t),U (t), and U°(t) are positive, negative, and zero sequences of U(t)), respec-
tively. As a result, using the Optimal Solution theory (OS theory), the source-end current can be
rewritten as

_ Py ©)
CU).U®)
P
i5(0) = Gy .(I?(t) v
|| = itoma() - %U(t)

where ig(t), ic(t), iLoad(t), A, and Pg(t) are the source current, the compensation current, the
current that must be compensated, the instantaneous power factor, and the instantaneous
power, in the same order. In Eq. (6), U(t) is the source of distortion due to the fact that it is
non-sinusoidal.

Distorted current will be injected by the SAF compensation algorithm. For this reason, the
compensation algorithm derived from the GTIP under the two asymmetric and distorted
three-phase load-terminal voltages supplies unacceptable outcomes. To tackle these problems,
a solution is adopted on the basis of A-GTIP theory.

In other words, a non-sinusoidal load current in addition to i*(t) is composed of i~ (t) and i’(t).
Negative and zero sequences must be supplied with SAF and positive sequence with source
(ig(t)). But due to U (t) is non-sinusoidal and consist of positive, negative and zero sequences,
based on equation (6), the calculate i (t) (SAF injected currents) cannot remove total negative
and zero sequences of ig(t). This means compensation is not optimal.

e One suggestion to overcome voltage asymmetry is to replace U (t) by U" (t) in Eq. (6).
Hence, the new source-end currents and the SAF-injected currents are obtained as follows:

e The source-end currents remain purely sinusoidal, while U(t) does not include any
harmonic components. Apart from that, the non-sinusoidal U*(t) in the term U™ (t) acts as
the source of distortion. Therefore, the SAF compensation algorithm will inject a distorted
current. The SAF new-injected current will cause sinusoidal source-end currents in four-
wire systems as follows:
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In which U;'(t) is the fundamental component of U'(t). The SAF-controller block diagram is
shown in Figure 2.
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Figure 2. A SAF controller block diagram [1].

In this section, how the PV cells and SAF can be modeled has been explained; in the next

section, how the grid-connected PV system and SAF can be related and the proposed block
diagram will be presented.

3. SAF-PV system

Figure 3 illustrates the operating principle and current wave form I; ,,4 at the load. The PV
system is modeled as two parallel current sources. The first one, Ipy, is proportional to the
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Figure 3. The operating principle of a SAF-PV system.
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Figure 4. A schematic diagram of the single-stage SAF-PV system.

maximum power available from the PV cells, and its frequency and phase are equal to those of
the voltage of the mains. The second current source supplies a wave form, which is equal to the
total amount of the harmonics drawn by the load. The current supplied by the mains, I, is a
purely sinusoidal wave, and the PV system reacts as an active filter to some of the active power
and harmonic currents drawn by the load.

The schematic diagram of Figure 4 shows the power stage of the grid-connected single-stage
PV system. It includes the PV array, maximum power point tracking (MPPT) technique, which
was used to extract the maximum available power from the PV array, and the DC-link capac-
itors that connect to the output terminal of the PV array. In addition, a three-phase VSI with its
control is based on SAF, RL filter, which is connected to the low voltage AC grid, and a step-up
transformer-connected distribution side of the grid.

The design of SAF incorporated with PV system can be decomposed into two issues: (1)
maximum power point tracking (MPPT) of the PV system and (2) a control strategy of the
voltage of the DC link (Vpc) common between SAF and PV systems.

3.1. MPPT

The relatively higher cost required for generating this type of energy in comparison with the
energy produced by conventional power generation systems or other renewable sources such
as wind power is known as the main disadvantage of the PV systems. Therefore, the optimal
operation of the PV systems is critical and achieved by maximizing the efficiency of power
delivered to the output by tracking the maximum power point. The PV system is connected to
the grid via DC-DC converters. MPPT in PV systems is achieved by applying a control signal
to the converters and regulating the PV terminal voltage (or current).

MPPT not only enables an increase in the power delivered from the PV module to the load but
also enhances the operating lifetime of the PV system [4]. The solar cell maximum output
power at the appropriate operating point and a given cell efficiency depend on the radiation
intensity, ambient temperature, and load impedance. It is essential to ensure the efficient
operation of the solar cell array that there is a single operating point in which through
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Figure 5. I-V and P-V characteristics of solar cell.

variations in radiation intensity and temperature, the maximum power point tracking is
achieved (Figure 5). The problematic aspect of MPPT is that PV arrays automatically produce
a maximum output power determined by PV output voltage or output current under a given
temperature and irradiance. The maximum power attainment involves the adjustment of a
load line under variations in temperature and irradiation level.

A wide variety of algorithms and methods have been proposed and implemented to attain MPP
tracking [4-6], categorized namely offline methods, online methods, and hybrid methods.
Offline methods are dependent on solar cell models, online methods do not specifically rely on
the modeling of the solar cell behavior, and hybrid methods are a combination of the two
abovementioned methods. On the other hand, the offline and online methods can also be
referred to as the model-based and model-free methods, respectively.

3.1.1. Offline methods

In case of offline methods, it is generally required to know one or more of the solar panel
values, such as the open-circuit voltage, Vo, short-circuit current, Isc, temperature, and
irradiation. Voc and Igc are two values that can be calculated based on measurement of the
solar irradiance and temperature or be measured by applying an open circuit or a short
circuit to the PV system. While the accuracy of the calculated values is limited by the
accuracy of the PV characteristic provided by the manufacturer’s specifications, the latter
approach does not involve the load interruption necessary for measuring the Voc and Igc.
The two values, Voc and I, are employed to generate the control signal, which is necessary
for driving the solar cell to its maximum power point (MPP). In the course of the tracking of
maximum power point operation, the abovementioned control signal remains constant if
ambient conditions can be regarded as fixed and there are no attempts to regulate the output
power of the PV system.
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Figure 6. A flowchart of open-circuit voltage (short-current circuit) method [4].

The offline methods known as open-circuit voltage method (OCV), short-circuit current
method (SCC), as well as the MPPT method based on artificial intelligence (Al) take variables
such as temperature and irradiation as input and calculate the MPP. Isc and Voc can be
measured or calculated based on mathematical models provided by the manufacturer or based
on experimental data, which reflect the dependence on temperature or irradiance. AI models
extract learning-based models using the known relationship between OCV or SCC and tem-
perature and/or irradiance. A flowchart of these methods, which are the simplest offline
methods, is depicted in Figure 6.

Both of OCV and SCC methods cannot deliver the maximum output power to the load because
of two reasons. First, load interruption occurs during the measurement of Isc or Vo, and the
second reason is that MPP can never be tracked quite exactly using these methods in the first
place as suggested by approximately linear relationship between the open-circuit voltage Voc
and Vypp or Isc and Lypp.

These two methods cannot be categorized as “true seeking” MPP methods; however, the
simplicity of these algorithms and the ease with which they can be implemented make them
suitable for use as part of novel hybrid methods [7, 8].

Artificial intelligence (AI) techniques, as other offline methods, are becoming popular as
alternative approaches to conventional techniques or as components of integrated systems.
They have been used to solve complicated practical problems in various areas. In [9], only the
applications of artificial neural networks (ANNSs) and fuzzy logic (FL) are discussed, while Al
techniques consist of several disciplines.

The ANN-based method advantage lies with the fact that the trained neural network can
provide a sufficiently accurate MPPT without requiring extensive knowledge about the PV
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parameters. Most of PV arrays exhibit different output characteristics; however, it must be
mentioned that an ANN has to be specifically trained for the PV array with which it will be
used. The time-varying characteristics of a PV array imply that the neural network has period-
ically trained to be guaranteed to track MPP accurately. Implement training periodically needs
collecting data, which is a time-consuming process.

Fuzzy logic controllers take full advantages of the following: the ability to work with imprecise
inputs, the requirement shortage of an accurate mathematical model, the ability to handle
nonlinearity, and fast convergence. However, the approximation of achieving learning ability
and accuracy depends on the fuzzy level number and the membership functions form. In most
fuzzy systems, there is a connection between membership function, fuzzification and defuzzi-
fication, as well as the antecedent and the consequent fuzzy rules that are determined through
trial and error, which can take a long time to perform.

3.1.2. Online methods

In case of online methods, the control signals are usually generated by using the instantaneous
values of the PV output voltage or current. The control signal is applied to the PV system along
with a small methodical and premeditated perturbation in voltage or current or duty cycle
(control signal), and the resulting output power is determined. By analyzing perturbation
response on the output power of a PV panel, the direction in which the control signal changes
(decrease or increase) is determined. Hence, in contrast to the offline methods, the control
signal can no longer be regarded as constant when a perturbation is applied. Therefore, the
maximum output power tracking involves some oscillations around the optimum value.

In online methods, also known as model-free methods, control signals are usually generated
by the instantaneous values of the PV output voltage or current. The more known online
methods are Perturbation and Observation method (P&O), Extremum Seeking Control
method (ESC), and the Incremental Conductance method (IncCond).

P&O method is considered by a number of researchers due to the fact that it is one of the
simplest online methods [10]. P&O can be implemented by applying perturbations to the
reference voltage or the reference current signal of the solar panel. Figure 7 depicts this
method’s flowchart, which is also known as the “hill climbing method,” where “X” is the
reference signal. In the algorithm, taking the reference signal, X, as the voltage, (i.e., X = V),
the goal will involve pushing the reference voltage signal toward Vypp, thereby causing the
instantaneous voltage to track the Vypp. As a consequence, the output power will approach
the maximum power point. With this end in view, a small but constant perturbation is applied
to the solar panel voltage.

A systematic ECS methodology supported by rigorous theories such as averaging and singular
perturbation was recently presented. This real-time optimization methodology involves a
nonlinear dynamic system with an adaptive feedback. This ESC method has been successfully
applied in PV systems in order to track MPP [11]. With the self-optimizing extremum algo-
rithm as the MPPT controller, the control objective is for the PV system operating point to
rapidly trace the MPPs subject to uncertainties and disturbances from the PV panel and the
external load.
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Figure 7. Perturbation and observation algorithm [4].

A small sinusoidal current represented by Al = asin(wt) is supposed and added to the reference
current (I,f) as a perturbation. This leads to making a ripple on the power (AP), whose phase
and amplitude are dependent on the relative location of the operating point relative to the
MPP. The sinusoidal current perturbation will be added to the reference current and applied to
the PV system, as it is clear in Figure 8. If the resulting ripple in the current is in phase with the
output power ripple, the output power will fall to the left of MPP, and the reference current
will be less than Inpp; therefore, the controller will increase the reference current.

On the other hand, if the ripple in the current is not in the same phase with that in the output
power, the output power will drop down to the right of MPP, and the reference current will
exceed the Iyipp. As a result, the controller will reduce the reference current until reaching
MPP. The ripple power (AP) can be extracted by passing the output through a high-pass filter.
Then, the ripple power is demodulated through multiplication by a sin (wt- ¢) signal. The
resulting signal, zeta, is either positive or negative depending on the position in the power
output curve. After that, zeta is applied to an integrator in order to modify the value of I, to
reach MPP. In the case of falling in the MPP operating point, the amplitude of the ripple will be
negligible, and the output power ripple frequency will be twice as many as the current ripple.

There are two major advantages for ESC approach. The first is the optimization problem
involving power maximization that is explicitly solved by using the dynamic adaptation-
based feedback control law for a sinusoidal perturbation. Hence, attainable MPP is guaranteed
when the control algorithm is convergent. The disadvantage of the ESC method lies in the
complexity associated with its implementation as well as the necessity to evaluate signals of
relatively low amplitude.
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Figure 8. An MPPT controller scheme for the PV system [4].

The method employs the slope of the PV array power characteristics to track MPP that is
known as incremental conductance (IncCond) method [12]. In this method, the curve slope of
the PV array power is indicated. Based on this, it is zero at the MPP, positive for the output
power values, which are smaller than MPP, and negative for values of the output power
greater than MPP. The amount of the increment or decrement indicates the MPP tracking
speed. An incremental increase may lead to fast tracking, but due to some oscillations around
the MPP, the system may not exactly operate at the MPP. That is to say, the usage of IncCond
method would be a sort of trade-off between convergence speed and the likelihood of causing
oscillations in the MPP.

The main advantage of this algorithm is that it offers an effective solution under rapidly
changing atmospheric conditions. The main drawback associated with the IncCond method is
that it requires a complex control circuitry.

3.1.3. Hybrid methods

Hybrid MPP methods, a combination of the offline and online methods, are based on tracking
of the MPP which are performed in two steps of estimation and exact regulation of MPP. The
MPP estimation step relies on offline methods to place the set point close to MPP. The next
step, regarded as a fine-tuning step, relying on online methods, attempts to reach the MPP
actual value. As expected, the hybrid methods are more efficient to track MPP. In hybrid
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methods, the associated control signal has two parts, which are generated based on a separate
algorithmic loop.

The first one is determined according to one of the simplified offline methods as a constant
value, which depends on the given atmospheric conditions of the PV panel and represents the
fixed steady-state value. In this first part, control signal is not intended to track the MPP
accurately, while it is required for a fast response to the environmental variations. This part
can be generated using one of the previous offline methods or simplifications based on the
relationship between output power characteristics and ambient.

The second part obtained based on an online method involving steady-state searches repre-
sents attempts to follow MPP exactly. In contrast to the previous part, this second part
attempts to reduce the error in steady state and does not require a fast response to the
environmental variations. The algorithm, which is provided in Figure 9, represents a general
description of the hybrid method. As pointed earlier, the first part of the control signal is
generated using an offline method through the set-point calculation loop. By employing an
online method via the fine-tuning loop, the second part is obtained.

A hybrid method, which has two loops, is presented in [13]. In the first estimation loop based
on the open-circuit voltage at a constant temperature, MPP is approximated. In the second
precise loop, the P&O method is applied to seek the exact amount of the maximum output
power. The transient and steady-state responses are improved by maintaining the small
amount of amplitude and frequency of perturbation. The authors in [6] proposed a hybrid
approach in which an offline method is used to bring the operating point of the PV array near
to the MPP. After that, an online IncCond method is used to track the MPP with high accuracy.
Through proper control of the power converter, the initial operating point is set to match a
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Figure 9. General algorithm of hybrid methods [6].
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load resistance proportional to the Voc/Isc ratio associated with the PV array. In this hybrid
method, the real MPP tracking is able to ensure that multiple local maxima are presented.

Implementing variable size perturbations by fuzzy logic is a matter of discussion in [14], in the
context of achieving improved transient and steady-state responses. The converter duty cycle
is adjusted to move the operating point toward the MPP region as soon as possible, thereby
improving the response of transient state. A modified P&O algorithm that works based on
fuzzy logic and optimized for small variations around the MPP is used simultaneously when
MPP region is reached. This method decreases oscillations and increases power produced
under the steady-state conditions. Every loop in these chapters applies the P&O approach
using perturbations of different amplitude. Here, fuzzy logic decides which loop should be
implemented. The peak current control as well as the abovementioned method can result in
improving the transient response and decreasing the power loss under steady-state conditions,
simultaneously [14].

3.2. DC-link voltage control

One significant feature of the PV-SAF is that typically a DC capacitor is connected between the
voltage converter of a PV system and an SAF inverter, rather than a DC source. Because neither
PV nor SAF is lossless, a special DC-link voltage controller is required to maintain the DC
capacitor average voltage at a constant level. In the PV-SAF, the shunt active filter is usually
responsible for this voltage regulation. In the steady state, the average DC-link voltage is
maintained at a certain preset level, but during the transient, this is not the case. Such a
transient can occur when a change occurred in the output power of a PV plant or a load is
either connected or disconnected to/from the SAF. Since it takes a finite-time interval to
calculate the new reference current, the shunt compensator cannot immediately respond to
the load change. In addition to this, some settling time is required to stabilize the controlled
parameter around its reference. Consequently, after a PV output power or a load changing
instant, there exists some transient period during which the average voltage across the DC
capacitor deviates from its reference value.

Figure 10 shows a strategy of DC-link voltage control in an algorithm, which has two main
modes. The first mode would be when the PV produces the power that is (Ppy > P i) deliv-
ered to the network through the SAF, while the second mode is when the threshold P, is
more than the power generated by the PV. It needs to be noted that in the two modes, Vpc
must be greater than V,,,;, to have a satisfactory operation of the SAF.

The PV-SAF grid power flow algorithm is illustrated in Figure 11. The SAF is like a load that
varies when its consumed power is changed with the power generated by PV and the Vpc. In
the first mode, a boost converter is applied to deliver the generated power of the PV to the DC
link. As stated in the control strategy, when threshold voltage (Vpc.min) is greater than Vpc the
PV power is fed to the DC link in order to maintain it in an acceptable range.

In this situation, the power delivered to the grid through SAF (Pg,) is zero; in other words, the
power of the PV is solely dedicated to charge the capacitor of the DC link. As Vb exceeded the
Vbc-mins in Order to charge the capacitor, a portion of the Ppy is used, and in that case, the rest
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Figure 11. An algorithm of power flow of the PV-SAF [1].

will be delivered to the grid through the parallel part of the SAF. When Vpc reaches its
maximum and allowable voltage, that is Vpc.max, the power of the PV is all fed to the grid.

In the situation that Vpc is between Vpc_min and Vpc.max there would be a linear relationship
between the power used to charge the capacitor and the Vpc.max—Vpe (Psh = a Ppy and
& = (Vpc=Vmin)/(Vmax—Vmin))- As a result, some of the load power has been supplied with the
PV plant when Vpc is greater than Vpc.min. Following Kirchhoff’s circuit laws, as seen in
Eq. (8), the load current (I ,.q4) is equal to the sum of the grid current (Ig) and the SAF current
(Ish). Also, SAF current (Ish) is equal to the sum of the PV power plant (Ipypp) and
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compensated current (Ic). Here, Eq. (7) can be rewritten to Eq. (9) in order to control the shunt
active filter to deliver power of the solar power plant.

ig(t) = iL0ad (t) — ish(t)
ish = ipvpp + iC
- Pg(t) = PLoad (t) - Psh(t) (8)

. o Py (t) +
el =g Y

So, we have

©)

As addressed in Eq. (9), in addition to providing all negative and zero components of the
nonlinear load, SAF will partially provide the positive current component of the nonlinear load,
which will result in a lower source current. In the case of a voltage sag, the stored energy in the
DC link is fed to the grid through the series part of the SAF. This injected energy enhances the
power quality but also causes a decrease in the voltage of the DC link, which will be compen-
sated by the energy given by the PV. In a situation where the PV does not generate power (e.g.,
Ppy < Prin), the demanded energy to charge the DC link will be provided by the grid.

4. Simulation and discussion

The analysis of the three phases has been done in MATLAB/ SIMULINK environment. The
system has a three-phase AC source of 230 V at 50 Hz which is represented as an ideal,
balanced, delta, three-phase voltage source, feeding a three-phase nonlinear load (75KVA).
The maximum generated power of the PV system is 60 KW.

PV-SAF is utilized for the improvement of power quality in which parallel-connected inverter is
operated to perform line current harmonics elimination and reactive power compensation. To
study the performance of the proposed algorithm, the results are presented for PV-SAF, where
the solar power plant consists of several series-parallel solar panels, which are connected to a
boost converter, and delivers the generated power of the solar power plant to the DC link. This
power will be delivered by the active filter to a nonlinear load with TDH of more than 40%
through a three-phase AC grid with a frequency of 50 Hz and a voltage of 230 V.

Figure 12 shows the voltage and power of solar power plant for MPPT methods of [1, 6]. For
both methods of MPPT, an estimation of the operation point is used to set the operation point
to a fairly close point near the MPP, and then by means of a fine-tuning loop, MPP will be
reached. In the method of [6], the voltage of the MPP is approximated above the actual Vypp
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Figure 12. Voltage and power of the PV using MPPT methods of (a) [6] and (b) [1].

operation point consequently, by an increase of Vpc from 850 V to 1 KV; the operation point is
deviated from MPP and then returns after several milliseconds. It should be noted that the
slope of the P-V characteristic curve is greater for voltages more than Vypp in comparison to
smaller voltages, meaning that a small change in voltage leads to a great change in the power
of the solar panel. It can be seen that in the method of [1], the power smoothly increases until it
reaches the MPP. This is because of the independency of the control signal to V¢

Figure 13, I} ,,q, illustrates the simulated grid current without PV-SAF operation. It is obvious
that the grid current is non-sinusoidal and consists of the 50-Hz fundamental component along
with lower-order harmonics like the third harmonic (150 Hz), fifth harmonic (250 Hz), seventh
harmonic (350 Hz), and so on. Figure 13, I, shows the grid current with PV-SAF operation. It
is clear that the harmonic currents of nonlinear load are almost compensated with the PV-SAF
operation so that the line current is nearly a sinusoidal wave. The total harmonic distortion of
line current is lower than 4%. Figure 13, I, shows the injected current of the shunt part of the
PV-SAF to compensate the current harmonics of the load so that the grid current can be
sinusoidal. Meanwhile, it delivers the power of the PV to the load.
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Figure 13. Grid current without PV-SAF (Iroaq), grid current with PV-SAF (l), and the current of part shunt PV-SAF (Iy,).

5. Conclusions

In this chapter combined with power conditioner and renewable energy, SAF-PV system has
been explained for the optimal designing of PV grid connected. Meanwhile, considering the
Advanced Generalized Theory of Instantaneous Power (A-GTIP) algorithm, the SAF-PV sys-
tem leads to suppress grid-end current harmonics caused by the distorted unbalanced load-
terminal voltages. Hence, the grid-end currents could remain purely sinusoidal. Also, PV
power is injected to the grid via active filter converter and MV/HV transformer. It means that
by using the SAF-PV system, there will be capital investment savings since one less converter
and MV/HV transformer will be used in comparison with separated SAF and PV systems. In
this chapter, different maximum power point tracking (MPPT) algorithms have also been
reviewed which can serve as a guide for the selection of the appropriate MPPT method for
specific PV system applications. Various simulation results verify the performance of the
combined PV-SAF.
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Abstract

The efficiency of solar electric systems basically depends on the materials used in making
the solar cells and regardless of the type of application: fixed or tracking photovoltaics
(PV), the quality and quantity of power produced by PV systems depend on both the
amount of solar radiation incident on the solar panels as well as the current and voltage
characteristics of the load. This present work, which involves field installation of a fixed
PV alongside an existing equivalent tracking PV, simultaneously monitored the current
and voltage response of both systems to changing solar radiation and ambient tempera-
tures. The comparative results of the study provide a framework for decision-making on
the choice of either of the systems and have shown that in the UK, both systems have a
relatively slow electrical response to sunrise while the performance of fixed PV systems
approximates that of tracking PV systems at noon time.

Keywords: fixed PV, solar tracking PV, voltage-current (I-V) characteristics, maximum
power, solar radiation

1. Introduction

Photovoltaics, otherwise called photoelectricity, is a compound word for photo that is light
and voltaic that is electric (from Volta the inventor). It is simply the conversion or generation
of electricity from light. Jacques Bequerel, a French physicist discovered in the 1890s, that
certain materials produce electric current when exposed to light. This phenomenon is called
photoelectric effect and forms the basis for the science and technology of photovoltaics.

Photovoltaics (PV) technology has been in existence for more than 50 years now [1] with vari-
ous innovative applications. For instance, the Swiss solar aircraft, “Solar Impulse 2”, achieved

© 2019 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of the Creative
InteChOpen Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,

distribution, and reproduction in any medium, provided the original work is properly cited.
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the longest non-stop solo flight in history making the first solar-powered aerial circumnaviga-
tion in 2015. The wide range of fixed PV applications include—lighting (e.g. for buildings,
streets, traffic signals and navigation), transportation (e.g. solar-powered vehicles, boats,
ships), telecommunications, astronomy and space electrical power supplies.

Other applications include roadside emergency telephones, parking ticket machines, remote
sensing and cathodic protection of oil and brewery pipe lines.

This chapter presents an overview of basic photovoltaics materials and components and most
significantly, investigates and analyses the electrical characteristics of two types of installed
PV systems namely: fixed and solar tracking PV simultaneously, under varying solar radia-
tion and temperature conditions in the UK.

By deducing and comparing the maximum power for each of the systems at different points in
time, interesting observations were made which led to vital conclusions regarding the relative
choice of either of the systems with respect to their respective maximum power performances
and cost under similar applications and conditions.

2. Photovoltaic materials and solar panels

In order to appreciate any solar electric or PV system and applications, whether experimental
as in this present study or otherwise, a brief overview of the background becomes inevitable.

The basic component of a PV module or panel is the solar cell. Although recent research and
innovations have identified some other materials, extensive literature reviews in this study
has identified silicon as the key material used in making the solar cells for most PV panels
and unless broken or exposed to harmful elements, they could last for a period of more than
20 years and usually protected behind transparent glass materials. Three major configurations
of silicon photovoltaic materials were identified in use for solar panels, namely: monocrystal-
line, polycrystalline and amorphous cells.

Monocrystalline cells: These were found to be the first commercially developed solar cells.
They are cut from single crystals of silicon and have an efficiency of about 11-16%. They are
chemically stable [2]. They have negligible defects and impurities and are usually grown from
a sophisticated but expensive process, known as Czochralski process.

Polycrystalline cells: Cut from many silicon crystals, they have a single colour tone, mul-
tiple patterns and an efficiency of about 9-13%. They are cheaper in production than mono-
crystalline types, but less efficient, because of their light-generated charge recombination
effect [3].

Amorphous cells: These are silicon cells in non-crystalline form, usually used in thin film
technology. They are cheaper to produce but have a lower operating efficiency of about 3-6%
[2]. They decay over time and are usually used in devices like watches, calculators and toys.

Apart from silicon, other crystalline materials are found to be in use for PV solar cells. One
of such materials is the compound semiconductor, gallium arsenide (GaAs). PV cells made
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from GaAs are more expensive but more efficient than silicon cells. They withstand high
temperatures and are therefore used in concentrating PV systems and also for applications
that demand very high efficiency, irrespective of cost, like in space operations.

Organic materials are now available for use in solar cells. Most organic photovoltaic cells are
made from polymers and compared to silicon solar cells, polymer solar cells are lightweight
and cheap to fabricate and have safer environmental impact. The capability to be transparent
has made polymer solar cells useful in applications like windows, glass walls and skylight
roofing devices. One downside with organic solar cells is that they produce a relatively low
level of the efficiency compared to silicon materials [4].

Presently, research is advancing towards the development of more efficient and cheaper mate-
rials for generating photo electricity. A new approach, using millimetre-sized polycrystalline
silicon spheres on thin sheet aluminium foils have been developed by Texas Instruments, US
for PV cells.

It is important to note that each silicon solar cell usually has a voltage output of 0.5 V, and
when a collection of such cells are electrically connected for the purpose of meeting certain
specified load requirements, it is referred to as a PV module or panel. Furthermore, an elec-
trical combination of two or more PV modules or panels to achieve a specific voltage and
current as required by a given load or appliance in a particular application is referred to as
PV arrays. The individual modules could be either similar or dissimilar and can be connected
either in series or in parallel, unlike the case of cells in the module. The systems installed and
used in this experimental study consists of an array of two similar solar PV modules electri-
cally connected in series for either of the applications: fixed and tracking. In general, arrays
provide increased power output.

The other components of a PV system include the battery, the charge controller and the
inverter and when all connected together becomes referred to as photovoltaics generator.

2.1. Fixed and tracking PV

This experimental study simultaneously monitored a fixed and a tracking PV system. It
becomes important therefore to provide a brief explanation of both systems. The Earth moves
round the Sun in an elliptical orbit; in a counter clockwise direction on an imaginary line
called its axis, tilted with respect to the plane of its orbit at an angle of about 23.4°. Due to this
movement of the Earth around the Sun and the consequent effect on solar radiation, some PV
systems are designed to track the Sun’s movement and hence maximise solar incidence on
the modules/arrays by maintaining an optimum orientation between the Sun and the solar
panels. Such systems are referred to tracking PV. The complex and usually delicate operations
involved in tracking PV systems has meant that most PV applications are of the fixed category
resulting in benefits of simplicity, least cost and convenience of operation.

On the other hand, fixed PV systems are defined as such because the solar modules or arrays
are permanently fixed at a particular angle towards the Sun, with the aim of maximising
solar capture. Fixed systems can be installed either as pole mounted, ground mounted or roof
mounted systems.
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Pole and ground mounted PV’s as in this study are usually installed remote from building
envelopes, while other types of PV systems are either installed on structured framework on
the roofs of buildings or integrated with the building envelope in such a way that it is referred
to as building integrated photovoltaic (BIPV). These involve the integration of the PV mod-
ules into parts of the fabric of a building as roof tiles, asphalt shingles, facade materials or
shading elements. Used in this way, the integrated PV modules replace conventional build-
ing envelope materials thereby benefiting from capital cost reduction and hence improved
payback period and life cycle cost.

3. Research methodology

As a preliminary step, an extensive review of previous works was carried out prior to this
present study. Most work and research carried out earlier on PV materials were found to be
mainly on cell characterisation and development [5-7], etc. Shivakumar et al. carried out a
test on interface adhesion strength in multilayered structures; Dauskardt et al. examined the
mechanisms of debonding in photovoltaic back sheets; Budiman et al. applied Synchrotron
X-ray on c-5Si Solar PV cells for micro-diffraction analysis, and these are to mention a few. Few
researches conducted on solar tracking PV suggest the average experimental gain of tracking
PV systems over the fixed types to be about 25% [8-11].

However, when the use or application of fixed and tracking PV systems is considered at
different seasons of the year putting into consideration, obtainable costs of maintenance, a
controversy begins to arise which seems to question the credibility of the claimed gain of
the tracking PV system over the fixed option. Comparative study on specific aspects of the
systems such as power outputs gives a clearer understanding of the respective performances.

Further reviews were carried out on current voltage (I-V) characteristics of photovoltaics
materials [12-14]. James et al. showed I-V characteristics with reverse bias slopes to be due
to wavelengths of light below semiconductor band gap, while Schottky I-V characteristics
were due to wavelengths of light above the semiconductor band gap; Zhang et al. proposed
a method to predict I-V curves under different operating conditions, while Ibrahim investi-
gated the response of crystalline silicon (Si) solar cell at different conditions of solar irradiance
and showed possible performance defects.

This present study simultaneously monitors and compares the voltage—current response of
fixed and solar tracking PV systems under the same varying conditions of solar radiation and
ambient temperatures.

3.1. Identification and selection of research case study

As a further preliminary step to achieve a good experimental method, a case study was identi-
fied for use in the comparative analyses for the two systems, fixed and tracking PV, respec-
tively. One key requirement for the selection of a case study in this study is that the fixed
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and tracking PV systems should be installed within the same location and at the closest pos-
sible vicinity to each other. This becomes necessary to ensure that the ambient temperatures
around the two systems are significantly the same under the same solar insolation. Another
key requirement or criteria for the selection of a case study is that the two systems must be of
the same system specification and size.

The exact location used for the experimental study is the school of the built environment at the
University of Nottingham, UK. The geographical and meteorological details of the location
are as follows: Latitude 52.5° North, Longitude, Altitude 48 m and Azimuth 0° (true south).

For the photovoltaic systems, the fixed and the solar tracking PV consist of 2 PV modules
tied together in serial connections, respectively. The PV module used for the installations
is a BP 275F solar module with a nominal peak power (Pmax) of 75.00 W, maximum power
voltage (Vmp) of 17.0 V and maximum power current (Isc) of 4.45 A. The extra features on the
tracking system include the solar tracking sensor, made of monocrystalline cells and a 24 inch
actuator motor jack for the tracking mechanism. The tracking PV system which was originally
used to power a water fountain was already existing while the tracking PV was installed right
beside the tracking system for the purpose of the comparative analyses in the study.

3.2. Experimental method

The experimental rig for the study consists of fixed and tracking PV systems, each made up
of two BP 275 PV modules with the terminals in each system applied to the electrical circuit
in Figure 1. The two systems were installed to have the same orientation, south facing at zero
azimuths with module inclination of 52°s (which approximates the latitude of the location),
having a nominal standard test condition (STC) open-circuit voltage of 21.4 V, short-circuit
current of 4.75 A and peak power of 75 W.

STC is an abbreviation for the “standard test condition” by which PV modules are tested
and calibrated which is insolation level of 1000 W/m?, air mass of 1.5 AM and cell tempera-
ture of 25°C.

(a)

Ammeter
Module / Variable Resistor Voltmeter CD
Fs R
‘ L

Figure 1. Layout of I-V electrical circuit.

131



132

Recent Developments in Photovoltaic Materials and Devices

While one of the systems remained fixed relative to the position of the Sun, the other (track-
ing) kept moving automatically with the aid of a solar tracking sensor and mechanical actua-
tor jack to follow the changing positions of the Sun.

By using a potentiometer type of rheostat, the impedance in the circuitry (Figure 1) was var-
ied, while the corresponding current and voltage at each point was monitored and recorded
with the aid of the ammeter and the voltmeter.

This process was carried out every 1 h for 2 days between the solar window from 12.00 pm
to 4.00 pm for the first day and 9.00-3.00 pm for the second day. One major problem encoun-
tered during the measurements was the dramatic change/drop in observed values in some
cases due to sudden changes in insolation. This was because UK unlike some tropical loca-
tions has a very sloppy insolation gradient within the solar window such that each change in
the insolation implies a big difference in the observed values.

4. Results and discussions of experimental work

From the maximum power and the I-V curves, it can be noticed that the gap between the
curves for the fixed and tracking systems at each point in time oscillates from infinity towards
zero and then towards infinity with noontime as a turning point from sunrise to sunset
respectively.

This is because, around and within noontime, the fixed PV system sees the Sun at approxi-
mately a perpendicular position and at such point in time also, the tracker device in principle
positions the tracking PV system at the same position, hence the difference in performance
between the two systems becomes apparently cancelled and so the fixed system almost,
approximates to the tracking system.

From noontime towards either sunrise or sunset, the effect of the tracking device on the track-
ing PV system becomes pronounced as the system becomes more resolved in orientation to
the Sun relative to the fixed system.

From basic PV principles [15], the current flowing in the circuit above (Figure 1) at each point
in time, can be given as

I=1-1W (1)

assuming a linear superimposition of the photo and dark currents where the photocurrent
I = eA. [ S(E)[1-p(E, W) - T(E, W)|dE )
EG

and the dark current

(V) = I [o%garn) (3)
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where a(E, W) is the spectral absorbance, S(E) is the number of photons of energy E incident on
the cell per unit area, A_is the area of the illuminated cell, k is the Boltzmann’s constant, Tis the
absolute temperature, and m is 1 at high voltages and 2 at low voltages.

From the graphs, (Figures 2 and 4), when the resistance is zero, the current in the circuit
becomes the maximum (short-circuit current). At this point, the voltage v = 0 and from Eq. (1),
the short-circuit current becomes

L. =IV=0=1I (4)

Also from the same graphs, at open circuit, the current becomes zero while the voltage
becomes the maximum (open-circuit voltage)v_ and expressed as:

kT
Voe = mj] ©)
{7

For each of the cases, the area under the curve, which is the product of the voltage and the

current, gives a measure of the power output.

At v _and I, the power output becomes zero and maximum at a particular point between
these points. This is the point at which the systems deliver the maximum power (maximum
power point).

The values of the voltage and current at such points denote the maximum power voltage and
the maximum power current V_and I respectively.

The monitored and measured results for the different days are shown and described as
follows:

Variation of Maximum Power Output with time
70

| i |
11 ) — N ST | ([ F— RS R N S I
— —e— Fixed

50 ‘F__"'"“"\.\ . —&— Tracking

40 <

Power(W)

30 | !

1 S e N e e S = SE

10 i |

0] - - -
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Figure 2. Timely maximum power output.
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Figure 3. (a) I-V curves at 12.00 pm (hor rad. — 667.9 KWh/m?. Ambient temp: 22.3°C), (b) I-V curves at 1.00 pm (hor
rad. — 517.8 KWh/m?2 Ambient temp: 20.7°C), (c) I-V curves at 2.00 pm (hor rad. 616 KWh/m?. Ambient temp: 22.7°C),
(d) I-V curves at 3.00 pm (hor rad. 517.1 KWh/m? Ambient temp: - 21.2°C), (e) I-V curve at 4.00 pm (hor rad. 509.8 KWh/m?.
Ambient temp: 20.8°C).

4.1.Day 1

Table 1 contains the values of the short-circuit current and the open-circuit voltages for each
of the observations and summarises the results of the measurements and observations carried
out on day 1.

Below is the diagram comparing the maximum power output for the two systems (fixed and
the tracking PV) for day 1.
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Figure 4. Timely maximum power output for day 2.

Time Vmp (v) Imp (A) Pmp (W) Voc (V) Isc (A)

Fixed Trk Fixed Trk Fixed Trk Fixed Trk Fixed Trk

12 pm 14.0 14.0 3.90 410  54.60 57.40 19.0 190  4.28 4.42
1 pm 3.50 3.80 3.70 3.80  50.75 55.10 19.5 195  4.20 4.43
2 pm 14.0 14.0 2.75 310 3850 43.40 19.5 195  3.54 3.79
3pm 13.0 13.0 2.65 298  34.45 38.74 18.5 185  3.60 3.95
4 pm 16.0 16.0 2.21 2.37 3536 37.92 19.5 195  3.09 4.00
Average maximum power (W) 42.73 46.51

Percentage power gain by tracking (%) 8.85

Table 1. Measurements and observations for day 1.

It should be recalled from above that power variation approximately oscillates with noontime
as the turning point. This is evident from the graphs above as the entire graph for the case
of the respective date, represents only about one half of the daily solar window. As earlier
pointed out, this was due to the poor climatic condition (Uneven radiation gradient) during
the earlier part of the day before noontime.

Nevertheless, the picture of the entire cycle may be observed in the next investigation
(Figure 3).

It can be concluded from the graphs that the average daily maximum power of the two
systems increases from sunrise and peaks around noontime and then gradually decreases
towards sunset with the tracking system maintaining a higher output at all times.

The response to sunrise and sunset generally depends on season and climatic conditions of a
location [16], for instance, in temperate locations like some parts of Africa, PV panels would
be readily responsive to the solar position as at 7.30 am where as in the UK during the time
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of this experimental work, the graphs of the two systems (fixed and tracking) were almost
parallel to the voltage axis as at 9.00 am (Figure 4a).

Finally, the voltage-current characteristics was plotted and investigated under varying load
conditions (resistance), solar insolation and ambient temperature.

The diagrams below (Figure 3a—e) show the I-V curves every 1 h from 12.00 pm to 4.00 pm
for day 1.

One interesting thing to note in the above graphs (Figure 3a-e) is the change in the power
margin between the two systems. Around noontime, the power margin tends very close to
zero. The reason for this is explained in the third paragraph of Section 5.

On the other hand, it tends towards infinity around sunrise and sunset. It should also be
noticed that at lower load impedance (maximum voltage), the two graphs in most cases begin
to overlap.

The explanation for this is that such points approximate to the open-circuit voltage posi-
tion where the current tends to zero irrespective of fixed or tracking process. Hence, the two
graphs overlap.

4.2. Day 2

Table 2 summarises the results of the observations and measurements carried out on day 2.
Unlike the previous investigation above, the measurements started 3 h earlier from 9.00 am.

Figure 4 shows the graphical comparison of the observed maximum power output for the
fixed and the tracking systems.

It is important to emphasise that the pattern of the maximum power curves (Figures 2 and 4)
does not take into account the behaviour of the power over the entire interval of the observa-
tions and measurements. It depicts the power under the I-V curves with maximum rectangular

Time Vmp (V) Imp (A) Pmp (W) Voc (V) Isc (A)

Fixed Trk Fixed Trk Fixed Trk Fixed Trk Fixed Trk

9pm 3.0 3.0 0.6 072 18 2.16 0.03 0.03  0.63 0.75
10 pm 16.1 16.1 1.95 202 3141 32.54 0.12 012 28 3.15
11 pm 15.0 15.0 2.54 267 381 40.05 0.13 013 327 3.56
12 pm 14.0 16.0 3.86 3.39 54.04 54.24 0.13 0.01 4.09 4.19
1pm 14.0 16.5 2.86 245  40.04 40.43 0.01 015 357 3.79
2 pm 14.0 14.0 3.58 3.76  50.12 52.64 0.15 015 395 4.56
3 pm 10.5 10.5 2.87 3.5 3.14 36.75 0.15 0.15 3.0 3.84
Average maximum power (W) 31.24 36.97

Percentage power gain by tracking (%) 18.34

Table 2. Measurements and observations for day 2.
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Figure 5. (a) I-V curves at 9.00 am (hor rad. - 223.7 KWh/m?. Ambient temp: 14.6°C), (b) I-V curves for 10.00 am (hor
rad. — 340 KWh/m?2 Ambient temp: 16.5°C), (c) I-V curves for 11.00 am (hor rad. - 499.9 KWh/m?. Ambient temp: 19.23°C),
(d) I-V curves for 12.00 pm (hor rad. — 576.2 KWh/m* Ambient temp: 20.48°C), (e) I-V curves for 1.00 pm (hor rad. —
606.4 KWh/m?. Ambient temp: 21.2°C), (f) I-V curves ror 2.00 pm (hor rad. — 653.1 KWh/m?. Ambient temp: 21.67°C), (g)
I-V curves for 3.00 pm (hor rad. — 629.5 KWh/m?. Ambient temp: 22°C).

areas. For this reason, the power margin between the fixed and the tracking system at every
point along the curves may appear closer as can be seen from the diagram above (Figure 5).

The closeness becomes more pronounced in a day with an even high insolation distribution.
Comparison of the daily solar radiation for the first and the second day confirm that from the
respective diagrams.

Observe the position of the curves in Figure 5 above at 3.00 pm. At such position, the fixed
system was beginning to lose site of sufficient direct radiation as the incident solar angle.
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On the other hand, the tracking system was still busy following the Sun at that point as was
observed in the field.

The I-V characteristics for day 2 were also plotted and compared for the two systems, fixed
and tracking PV. Figure 5 below show the characteristic curves.

The explanation for the above diagrams is the same with that of Figure 4(a—e). The only
notable difference is the appearance of the curves in Figure 5a at 9.00 pm.

The reason for this is that at that time for that particular day, the position of the Sun was
such that the incidence angle was close to maximum and because the system output has been
found to be inversely proportional to the incidence angle, hence the current for both the fixed
and the tracking systems at that time appeared parallel to the voltage axis. The values of the
current for both systems at the time were approximately the short-circuit currents of 0.63 A
and 0.75 A for the fixed and tracking systems, respectively.

Recall that at the short-circuit current, the voltage becomes zero Eq. (4).

Hence, from the relation
P=1V (6)

The power output for the systems approximated to zero. However, the maximum powers for
the systems at that point as can be seen from Table 2 are 1.8 and 2.16 W, respectively.

5. Conclusions

Key features of the research outcomes which contribute both to the aims of the study and
knowledge are outlined below:

1. Experimental Significance: The study is absolutely an experimental work which involved
a complete PV installation process for the fixed PV alongside the existing tracking PV origi-
nally used to power a water fountain. Based on the results of the I-V characteristics for the
two systems: fixed and solar tracking PV in UK climate, it can be concluded that in UK and
other locations with similar climatic conditions, both the fixed and tracking PV systems have
a relatively slow response to sunrise. At noon time in UK, the performance of fixed PV sys-
tems approximates that of tracking PV systems. Also in the UK, fixed PV systems compared
to tracking PV usually begin to lose sight of sufficient direct radiation after 3.00 pm, while
the tracking system relatively remains further active as it still follows the Sun at such points

2. Decision-Making: The information gathered from this study can be used to reach deci-
sions on the choice of either of the systems based on the electrical performance of both sys-
tems under the same insolation level and ambient temperatures. A common idea prior to
this experimental study is that tracking PV generally out-matches the fixed systems. This
no doubt is true however, from the results of the I-V characteristics, the margin between
the electrical responses of both systems under similar conditions in the UK remain neg-
ligible for a longer part of the day. This implies that when the cost and maintenance for
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tracking PV systems are put into consideration at such location and other locations with
similar climatic conditions, it may make more economic sense to choose the fixed option
rather than the tracking PV option.

Finally, it has been shown that the materials used for solar cells in every solar PV module pri-
marily determine the intrinsic efficiency of every solar PV module and system; Gallium arse-
nide was identified in the study to produce more efficient photovoltaic systems but much more
expensive compared to silicon while polymetric or organic materials are much more cheaper
but produce less efficient photovoltaic systems. It becomes inevitably necessary therefore to pay
more attention to the research and development of cheaper and high efficient solar cell materials.
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