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Abstract—The performance of photovoltaic (PV) systems is in-
fluenced by various factors, including atmospheric conditions,
geographical locations, and spatial and temporal characteristics.
Consequently, the optimization of PV systems relies heavily on
the global maximum power point tracking (GMPPT) methods.
In this paper, we adopt virtual reality (VR) technology to visual-
ize PV entities and simulate their performances. The integra-
tion of VR technology introduces a novel spatial and temporal
dimension to the shading pattern recognition (SPR) of PV sys-
tems, thereby enhancing their descriptive capabilities. Further-
more, we introduce an interactive GMPPT (IGMPPT) method
based on VR technology. This method leverages interactive
search techniques to narrow down search regions, thereby en-
hancing the search efficiency. Experimental results demonstrate
the effectiveness of the proposed IGMPPT in representing the
spatial and temporal characteristics of PV systems and improv-
ing the efficiency of GMPPT.

Index Terms—Photovoltaic (PV) system, virtual reality (VR),
shading pattern recognition (SPR), global maximum power
point tracking (GMPPT).

[. INTRODUCTION

HOTOVOLTAIC (PV) systems have gained popularity
as a sustainable way to harness solar energy, owing to
their eco-friendliness, low operating costs, and silent opera-
tion [1]. However, the performance of PV systems can be
impacted by partial shading conditions (PSCs) arising from
neighbouring objects such as buildings, trees, and clouds [2].
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PSCs create a discrepancy in the current between shaded
and unshaded PV modules (PVMs), resulting in multiple
peaks in the output power-voltage (P-V) curve. To accurately
detect the shading patterns and identify the global maximum
power point (GMPP), an efficient and accurate GMPP track-
ing (GMPPT) method is crucial for PV systems.

The conventional GMPPT methods can be categorized in-
to two groups: online and offline GMPPT methods [3]. On-
line GMPPT methods produce real-time control signals
based on instantaneous measurements of voltage and current
outputs from PV systems. In contrast, offline GMPPT meth-
ods employ the model of PV system to formulate the control
algorithm.

The perturbation and observation (P&O) method is one of
the most widely employed online GMPPT methods [4]. It
employs a tracking strategy centred around perturbation-
based active sensing. Although its implementation is uncom-
plicated, the effectiveness is confined to tracing the GMPP
solely under the uniform irradiance conditions (UICs). Its ac-
curacy and efficiency are sub-optimal when it is used to deal
with PSCs. Therefore, numerous online bio-inspired optimi-
zation methods, including logarithmic particle swarm optimi-
zation (LPSO) [5], deterministic particle swarm optimization
(DPSO) [6], flashing fireflies [7], etc., have been proposed.
However, these bio-inspired optimization methods come
with certain limitations, such as relying on a single sampling
approach, being dependent on specific parameter configura-
tions, and experiencing confusion when dealing with similar
maximum power points (MPPs). These limitations occasion-
ally result in an inability to accurately pinpoint the GMPP.
The problem associated with the online GMPPT methods
lies in their incapacity to swiftly adjust to various atmospher-
ic conditions. They lack the capability to formulate decisions
grounded in real-time alterations under the atmospheric con-
ditions and are devoid of empirical expertise.

Conversely, the offline GMPPT methods rely on empirical
expertise. An example of offline GMPPT methods is the frac-
tional open-circuit voltage method and the fractional short-
circuit current method [8]. These methods leverage predeter-
mined ratios involving the voltage at the GMPP and the
open-circuit voltage, or the current at the GMPP and the
short-circuit current. These ratios serve as guiding principles
for the GMPPT process. Furthermore, [9] proposes an im-
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proved GMPPT methods for PV systems based on an en-
hanced offline 0.8V ,-model [10]. Some GMPPT methods
based on the analytical models have also been proposed [11]-
[13]. However, the accuracy of these GMPPT methods heavi-
ly hinges on the precision of the pre-established model. In
conclusion, the incorporation of the model introduces empiri-
cal data, enabling enhancements in the performance of the
GMPPT process. Nonetheless, within the offline GMPPT
method, the reliance is placed solely on a rigid model. Con-
sequently, the precision of the offline GMPPT methods falls
short and lacks the adaptability required for real-time adjust-
ments.

There are now a range of hybrid methods based on a com-
bination of online tracking and offline models. Reference
[14] integrates the online P&O algorithm to explore pre-
defined zones derived from an offline model of PV system.
Reference [15] proposes a modified initialization method
that uses the offline model of PV system to generate an ini-
tial population across the P-V curve for the GMPPT. Refer-
ence [16] presents a hybrid GMPPT method for PVMs
based on a double-diode model. Reference [17] proposes a
self-tuning GMPPT method based on the reinforcement
learning and Beta (RL-Beta) parameters to improve the per-
formance of GMPPT method in terms of accuracy and
speed. However, the reinforcement learning can indeed be
time-consuming. Reference [18] proposes an optimized
fuzzy logic controller for MPPT of grid-connected PV sys-
tems. The optimized fuzzy logic controller leverages a com-
bination of bio-inspired optimization techniques to achieve
the GMPP. These methods are not only grounded in empiri-
cal guidance but also possess the capacity to dynamically
steer tracking in real time. The performance of these meth-
ods is improved by incorporating empirical insights. Howev-
er, the integration of further information remains imperative.
Moreover, the current models of PV system still rely heavily
on statistical foundations and mathematical frameworks, po-
tentially leading to limitations in shading pattern recognition
(SPR) while overlooking the influences of spatial and tempo-
ral characteristics.

In recent years, the virtual reality (VR) technology has ris-
en as a promising tool for precisely representing the spatial
and temporal characteristics of real-world entities due to its
interactivity [19]. VR enables users to interactively engage
with simulated 3D environments that closely resemble real-
world entities, such as buildings, cities, and landscapes, in a
natural and intuitive manner. In the VR system designed in
[20], the user is able to engage interactively within the virtu-
al scene, experiencing the PV system as though it were phys-
ically installed. Reference [21] presents a VR study of sur-
rounding obstacles in building integrated PV systems for the
estimation of the long-term performance of partially shaded
PV strings (PVSs). Reference [22] presents the VR model of
PV system for trainees or any people who are interested in
the solar energy system. This paper presents a novel method
for representing the spatial and temporal characteristics of
the PV system through the application of VR. This VR-
based method has the capacity to surpass the accuracy of
conventional models and achieve advanced SPR and power
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simulation for PV systems interactively. Furthermore, this in-
teractive method enables the extraction of GMPP informa-
tion, enhancing the operational accuracy and efficiency of
PV systems.

The primary contributions of this paper can be summa-
rized as follows.

1) The spatial and temporal characteristics of PV system
are described through the application of VR.

2) The VR technology interactively utilizes real-world
measurements and VR models to facilitate SPR and power
simulation.

3) The VR-based interactive GMPPT (IGMPPT) method
is proposed, which uses interactive search to reduce search
regions and thereby enhance the search efficiency.

The remainder of this paper is structured as follows. Sec-
tion II outlines the methodology. In Section III, the experi-
mental results are discussed. Finally, Section IV presents the
conclusions.

II. METHODOLOGY

As shown in Fig. 1(a), the initial step (Step I) involves
constructing a spatial and temporal model of both the PVS
and nearby buildings in the VR environment. Figure 1(b)
shows the captured PVM images and statistical analysis re-
sults of pixel grayscale. Subsequently, the schematic process
involves SPR and power simulation, as shown in Fig. 1(c).

A. VR-based PV System Description

The cross-platform VR engine, Unity, serves as a power-
ful tool for simulating the sun routine and capturing approxi-
mate irradiance data on virtual PV panels. This process en-
tails several steps aimed at creating a realistic representation.
To begin, a scene is meticulously crafted in Unity to mirror
the physical installation of PV panels, including their precise
geographic location. In this step, a proportional replication
of PV panel configurations and their surrounding environ-
ment from the real world is achieved. In this virtual environ-
ment, a directional light object is strategically placed to rep-
resent the solar position. A script in Unity is crafted to ani-
mate the movement of this directional light, meticulously
simulating the sun routine across the sky over a day. To
achieve a high degree of precision, the solar position algo-
rithm (SPA) is incorporated into the process. Recognized for
its accuracy, the SPA is a creation of the National Renew-
able Energy Laboratory (NREL), designed to compute the so-
lar position with pinpoint precision by considering the date,
time, and geographical coordinates. SPA accounts for the fac-
tors such as the elliptical orbit, axial tilt, and atmospheric re-
fraction of the earth. Furthermore, the PV panels, along with
their nearby buildings and surrounding structures, are meticu-
lously created as the objects within the Unity. A dedicated
script is then implemented to capture irradiance data at each
point on the PV panel plane, effectively storing this informa-
tion for further analysis and visualization. The entire process
can be conducted offline. The time resolution can be set by
the script and determine the frequency at which the GMPPT
is initiated.
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Fig. 1. Schematic illustration of VR-based PV system. (a) Spatial and temporal model of both PVs and nearby building. (b) PVM images and statistical

analysis results of pixel grayscale. (c) SPR and power simulation.

The pseudocode presented in Algorithm 1 outlines the pro-
cedure for describing the PV system in a VR environment.
The PVM images recorded by Unity script are denoted as
Image. To achieve grayscale conversion of PVM images, Al-
gorithm 1 calculates the mean RGB value of individual pix-
els and assigns this value to all three colour channels. This
process is implemented through the function im2gray(:). Sub-
sequently, the algorithm assesses the average brightness of
each image, enabling the evaluation of solar irradiance varia-
tion across the captures obtained from PVMs. The mean pix-
el intensity (MPI) of image, denoted as MPI,,, is representa-
tive of the average brightness of a capture. A higher MPI,
that signifies the greater solar irradiance is absorbed by the
PVM in the VR. An example of the statistical grayscale re-
sults for the PVS is depicted in Fig. 1(c), where the MPI,
list is {96.17,81.43,67.62,70.40,93.17,105.88}. Then, the
MPI, list is sorted in descending order and the final result
for the MPI,, is {105.88,96.17,93.17,81.43,70.40,67.62}.

To mitigate the modelling complexity in the VR environ-
ment to enhance the computational efficiency and model per-
formance, we introduce the concept of MPI tolerance MPI,,.
The MPI,, values falling within the range related to MPI,,
are averaged. For instance, if MPI,, is set to be 10, the resul-
tant average MPI MPI,, is {101.01,101.01,93.17,75.92,
75.92,67.62}. The variable N,,, is used to record the number
of PVMs corresponding to each MPI,, thereby quantifying
the number of PVMs that share the same MPI,,. In the sce-
nario shown in Fig. 1(c), N,,, is {2,1,2,1}. This length of
N,;p; 18 denoted as N,,, serving to count the solar irradiance

rro

levels. In this scenario, N,, equals 4, indicating the existence
of four distinct solar irradiance levels associated with this
particular PVS.

Algorithm 1: VR-based PV system description

Input: Image, number of images N,,,;, and MPI tolerance MPI, ,
Output: average MP1 MPI,

1: for i=0 to N,

2:  Grayscale=im2gray(Image;)

3: end for

4: for i=0 to Ny,

5:  MPI;,, equals the average brightness of Grayscale,
6: end for

7. MPI=sort(MPI ., “descend”)

8: for i=0to N

9: SUM=0

10: for j=ito Ny

11: if abs(MPI,, ;— MPI,; ;)< MPI,, then

12: SUM=SUM+MPI,
13: else

14: for k=itoj—1

15; MPI,,, =SUMI(j i)
16: end for

17: Break

18: end if

19: end for

20: i=j+1

21: end for

B. SPR and Power Simulation

The VR-based SPR is the first stage of interaction be-
tween the VR and the physical PVS entity in Algorithm 1.
Based on N,,, obtained in Section II-A, the list of initial
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sampling points V={v{,vJ,....,vj } for SPR can be deter-

mined. Each sampling point in the list V' is defined by:

Vocs
(zNMPIn +bNMP11) N

n s

(1

where V. is the open-circuit voltage of PVS; N, is the num-
ber of serles connected PVMs in the PVS; the superscript 0
denotes the initial iteration; i €[1,N,, ], and b is a constant
value and can be chosen as 0.5.

b is utilized to guarantee that the sampling point falls at
the midpoint of the designated /-V stair. For instance, consid-
ering the scenario depicted in Fig. 1(c), V is calculated as
{1.0,2.5,4.0,5. S}V /N,. According to the measured current

list 7={i%,i9,...,1¢ v, J» the corresponding solar irradiance level
can be calculated according to (2).

_ Irr,STC(iO/ se, stc) 2

(T, a,d, @

where 7, is the solar irradiance level of the i PVM; 1, o

is the solar irradiance under the standard test the condition;

I grc 1s the short-circuit current of the PVM under the stan-

dard test condition; 7 is the ambient temperature; /,. is the

temperature coefficient of short-circuit current; 7', is the tem-

perature under the standard test condition; and a,. is a con-

stant and serves the purpose of converting temperature coef-
ficients /,. from percentages to Celsius.

The simulated characteristics of PVS in the VR environ-
ment can be computed using I :fp,,—f 1, Where [ is the simu-
lated output current; fph is the simulated light-generated cur-
rent of the specified PVM; and I  is the simulated current
loss due to recombination. As the proposed formulation of
the VR-simulated P-J curve neglects the impact of parallel
and series resistors inherent in actual PV systems, it incorpo-
rates a power deviation mechanism. Drawing upon the ana-
Iytical modelling analysis by [23], the output characteristics
of PVS can be regarded as an amalgamation of the output
traits of PVMs. Each MPP along the VR simulated P-V
curve is bounded to exhibit a power deviation to its mea-
sured value. Furthermore, these MPPs are denoted as the
simulated maximum power value P ={P;.P s -0
Py, t for a PVS with N, different solar irradiance levels,

Irr
where P, is the VR simulated power value resulting from
the previously described VR simulated P-V curve for the i®
search region.

C. IGMPPT

The proposed IGMPPT is conducted after SPR and power
simulation. According to the VR simulated P-V curve ob-
tained from Section II-A, the starting points for the interac-
tive search regions are obtained. The starting point for the /™
search region ! is given by:

v =0. 82 ]g“ (3)

The selection of the constant 0.8 is derived from the estab-
lished 0.8V ,-model, deliberately chosen to secure finely
tuned starting points [9].

The proposed IGMPPT is conducted following a Q-learn-
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ing strategy. In the i™ search region, the O-learning strategy
is employed to interactively determine the search step. O-
learning is a form of reinforcement learning strategy de-
signed to maximize the rewards within an uncertain environ-
ment. The QO-learning strategy operates by responding to a
state in § with an action from 4, thereby guiding the selec-
tion of actions to maximize the reward r. This process is
characterized as a Markov decision process. For the pro-
posed IGMPPT, the definition and action of QO-learning are
described as follows.

1) State: the state of voltage set-point at step k vi is de-
fined by s* € S={s,,5,,5,,5; ), as shown in (4).
s, Apf>0,AvF>0
s, ApF>0,AvF<0
s, Apf<0,Avf>0
s, ApF<0,Av¥ <0

“)

where Apf= pf“ —pt', pt is the measured power at step k;
and Avf=vF—v5"'. The IGMPPT search is adjusted by the
voltage step V,,, through a Q-learning strategy. Physically,
the four states s,-s, describe the approximate distance and
direction of the agent from the MPPs.

2) Action: the set of possible actions, denoted as A, con-
sists of desired voltage perturbations. The selection and set-
ting of the step size depend on the performance of the DC-
DC controller and the desired control precision of the PV
system. The flexible action set 4={Av,,Av,,...,Av, }, by al-
lowing variable-step tracking, enables the proposed IGMPPT
to adapt more precisely to different conditions.

3) Reward: the reward function r is defined as:

pi
r= P (5)

ste
where P,
tion.
4) Policy: the Q value update function for the transition
from state s* to s**! with action a is outlined as:
V(s ) =r(s,a, s )+ pV(s*) (6)

where r(s,a,s""") is the reward obtained after taking an ac-
tion a; V() is the value function that uses expectations to
make predictions about future rewards; and y is the discount
rate. The action for search region at state s* is determined ac-
cording to (7).

is the power output under the standard test condi-

k+1

_step (Sk+l ) max V(Sk+1 )

(7
In the proposed IGMPPT, the voltage step V,, in a speci-
fied search region aligns with the action associated with the
highest value function. During the IGMPPT process, the al-
gorithm interactively compares the measured power of each
search region with the VR simulated power at each iteration
of other search regions. If the VR simulated power in the
current search region is less than the measured power of any
other search region, the current search region will be discard-
ed, because there is already at least one search region with
measured power higher than its possible maximum power.
Intuitively, the update strategy in each search region is de-
scribed as:
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.. K+l k K
v.]'p}mXSPVR,i_)Vi+ _vi+Vtep(Vi)

s ®)
where p™ is the maximum power value of the j™ search re-
gion during the tracking process, and j €[1, N, ].

A demonstration of the proposed IGMPPT is shown in
Fig. 2. In Fig. 2(a), the left-side search region (search region
1) is discarded because its VR simulated power P, is low-
er than the measured power in search region 2 p,. In Fig.
2(b), the search continues in both search regions because
they satisfy (8). A O-learning strategy is applied to refine
the search for GMPP. This iterative process continues until
only one remaining search region attains a measured power
higher than all the simulated power values of other regions.

PVS | Search region 1 Search region 2
power 1 2 21 1
P VR1<P2 p>=P VR,zH"z:Vz'*'me;(Vz)
(stop search) (continue search)
oPr,
» VR2
2
P VR.1
pi
PVS voltage
(a)
PVS | Search region 1 Search region 2
power)y = | 2 21 1
P> P<Pypy— PSPy a—vs= vtV (v3)
V=V, (V) (continue search)
(continue search)
©Pyp,
P
a 1
pzl ~’PVR.,1 P2
P
PVS voltage
(b)
OMeasured power; @ VR simulated power
Fig. 2. Demonstration of proposed IGMPPT. (a) Stop search in region 1

but continue search in region 2. (b) Continue search in both regions 1 and 2.

As shown in Fig. 3, the function /en(-) is employed to as-
sess the number of effective search regions. This paper can
be divided into two distinct phases. The initial phase encom-
passes SPR and power simulation, while the subsequent
phase involves online tracking. Different from the conven-
tional GMPPT methods, the proposed IGMPPT interactively
depicts the geographic, spatio, and temporal characteristics
of the PV system. This foundational understanding facilitates
SPR and power simulation. Utilizing this information, the
subsequent tracking process with interactive search takes
place. Through the interaction of data from the VR environ-
ment, the exploration area of the search region is gradually
refined. This refinement continues until the final search re-
gion, where the GMPP is located, is determined.
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Flowchart for this paper.

III. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed IGMPPT is designed for real-world PV enti-
ty manipulation using information sourced from the VR. The
performance of the proposed IGMPPT is assessed from two
phases. In the first phase, the evaluations include SPR and
power simulation assessments, aimed at evaluating its capa-
bilities in depicting the spatio and temporal characteristics of
the PV systems. The second phase entails evaluating the
tracking efficiency and accuracy. The experimental setup, as
illustrated in Fig. 4, is established to assess the performance
of the proposed IGMPPT. For the purpose of experimentally
validating the proposed IGMPPT, Unity scripts are executed
on the computer. The boost converter is controlled by an
STM32 micro-controller. Regarding VR runtime, it is depen-
dent on the computational capabilities of the system. We use
a computer equipped with an Intel Core i7-10750H CPU and
an Intel UHD Graphics GPU to simulate shading scenarios
over a day. The image size is 580 x 580 pixels, and the simu-
lation covers the time period from 05:30 to 19:00. Across
different time resolutions, i.e., 1 min, 5 min, and 10 min, the
runtime on the computer is 35 s, 8 s, and 5 s, respectively.

A. SPR and Power Simulation Evaluations

The output characteristics of the PV system shown in Fig.
4(a) are recorded by a PROVA-1011 solar system analyzer
on three different days: a cloudy day (Day-1), a windy day
(Day-2), and a sunny day (Day-3). The solar irradiance simu-
lation resolution for the VR section is set to be 1 W/m®. The
error between the VR simulated power and the measured
power of the proposed IGMPPT is depicted in Fig. 5. The
mean errors recorded are 0.1608 W, 0.2281 W, and 0.4844
W on Day-1, Day-2, and Day-3, respectively. Furthermore, a
simulated power deviation of around 5% is detected. It is
worth highlighting that this power bias becomes more pro-
nounced at elevated power levels, especially during midday
on sunny days. This phenomenon primarily stems from the
increased power output of PV system when exposed to am-
ple solar irradiance conditions.
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PROVA solar 7
system analyzer

Fig. 4. Test platforms and experimental arrangement. (a) Experimental set-
up for SPR and power simulation test. (b) VR setup for SPR and power sim-
ulation test. (c) Experimental setup for GMPPT test. (d) VR setup for
GMPPT test.

For the test results of Day-1, Day-2, and Day-3, we plot
Fig. 6 with temperature on the x-axis and solar irradiance on
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the y-axis. We employ colour depth to represent the magni-
tude of absolute estimation errors. The average absolute esti-
mation errors on Day-1, Day-2, and Day-3 are 0.2319 W,
0.2687 W, and 0.5220 W, respectively. Due to the high mod-
elling accuracy of the PV system, temperature does not sig-
nificantly affect the power error. As a result, the system mod-
elling error values remain consistently within a fixed range
across the tested temperature range.

Power (W)
—_ = N N W
S LS LGS

5¢ /7
1

Day-1
16:43 17:25

07:43 10:43 13:43
Time

— VR simulated power; — Measured power

Fig. 5. Error between VR simulated power and measured power of pro-
posed IGMPPT on Day-1, Day-2, and Day-3.
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Fig. 6. Temperature, solar irradiance, and absolute estimation error on Day-1, Day-2, and Day-3. (a) Day-1. (b) Day-2. (c¢) Day-3.

A comparative evaluation of the proposed IGMPPT
against P&O [4], LPSO [5], and RL-Beta [17] is conducted
for a PV system equipped with six Jianghai 10 W (JH-10)
PVMs, as shown in Fig. 4(a). The six PVMs are arranged in
such a way that three PVMs are positioned on each of the
two 30° slopes. This configuration results in the creation of
a double-slope building structure. To replicate building
shapes, a construction involving two cardboard boxes is em-
ployed to create an irregular adjacent building structure. Its
corresponding VR setup is shown in Fig. 4(b). In the P&O,

a voltage step of 2.5 V is employed. For the LPSO, the parti-
cle count is set to be 3, and the activation threshold is set to
be 5%, as suggested in [5]. In the RL-Beta, the same learn-
ing rules from the original papers are employed to formulate
action strategies. SC-1, SC-2, and SC-3 represent three dis-
tinct PSCs obtained from on-site data collection using the
PROVA-1011 solar system analyzer. Table I provides the ir-
radiance of each PVM, temperature, and the expected PVS
voltage and power of GMPP (V,,,» and Pg,,,,) under SC-1,
SC-2, and SC-3.

TABLE I
IRRADIANCE OF EACH PVM, TEMPERATURE, AND EXPECTED PVS VOLTAGE AND POWER OF GMPP UNDER SC-1, SC-2, AND SC-3

Irradiance of each PVM (W/m?)
PSC

Temperature (°C) Verpr (V) P grpp (W)

PVM1 PVM2 PVM3 PVM4 PVMS5 PVM6
SC-1 460 460 460 130 130 130 8.5 25.6 10.5
SC-2 330 330 110 110 110 110 53 53.5 6.4
SC-3 450 450 330 110 110 110 32 235 12.4
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The tracking performances of different methods under
three PSCs, depicting the transitions from SC-1 to SC-2 and
from SC-2 to SC-3, are illustrated in Fig. 7. As shown in
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Fig. 8, under the SC-1, Vg pp is 25.5 V and Pgpp is 10.5
W. Under SC-2, Viypp 18 53.5 V and P, pp is 6.4 W. Under
SC-3, Vypp 1s 23.5 V and P, pp is 12.4 W.

SC-1 SC-2 SC-3 SC-1  SC-2  SC-3 SC-1  SC-2  SC-3 SC-1 SC-2 SC-3
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Fig. 7. Tracking performance of different methods under three PSCs. (a) Proposed IGMPPT. (b) P&O. (c) LPSO. (d) RL-Beta.
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Fig. 8. P-V curves under SC-1, SC-2, and SC-3.

B. GMPPT Evaluations

Under SC-1, the sampling voltage list V' is {14.6, 36.1}V,
and the corresponding current list / is {0.61, 0.16}A. After
the SPR and power simulation, P, is {13.6, 8.7} W. The
measured power in the first iteration p| is 10.4 W, which ex-
ceeds the simulated power value P,,, of 8.7 W. Therefore,
the voltage range [0,V,,, ], where V., represents the open-
circuit voltage of the PVM, becomes the sole surviving
search region in the first iteration, and the search continues
until the GMPP is determined. Under SC-1, the P&O is un-
successful in accurately locating the GMPP and becomes
stuck in the local maximum power point (LMPP). Although

the LPSO is capable of tracing the GMPP, it exhibits greater
oscillations than the proposed IGMPPT, leading to a de-
creased efficiency of 23%. Although the RL-Beta manages
to track the GMPP, it incurs a time cost twice as much as
that of the proposed IGMPPT.

Under SC-2, the sampling voltage list V is {8.5, 26.1}V,
and the corresponding current list / is {0.44, 0.15}A. After
SPR and power simulation, P, is {5.8, 6.5}W. The mea-
sured power in the first iteration pl is 6.1 W, surpassing the
simulated power value P, of 5.8 W. The voltage range
Vooms 2V ,.m ] becomes the sole surviving search region after
the first iteration. Under SC-2, the LPSO faces challenges in
accurately monitoring the GMPP and introduces elevated os-
cillations, making it difficult to mitigate the impact of the
LMPP located within the voltage range [0, V/,,, ] during subse-
quent tracking attempts. The RL-Beta successfully identifies
the GMPP but with a deviation of 3.4 V. This discrepancy
under complex PSCs can be attributed to the reliance of RL-
Beta on the pre-trained model.

Under SC-3, the sampling voltage list V is {8.5, 22.1,
35.8}V, and the corresponding current list / is {0.59, 0.43,
0.14}A. After SPR and power simulation, P, is {8.2, 10.9,
7.2}W. In the first iteration, p| is discarded because P, is
less than either p) or pi. In the second iteration, the search
region [2V,,..3V ] is discarded because P, of 7.2 W is
less than p2 of 9.2 W. After that, the search region
Vs 2V ,.m ] becomes the last search region. The search con-
tinues in the last search region to identify the GMPP. The
P&O fails under SC-3 because its starting point is far from the
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GMPP. Since the MPPs located in [0, V,,,,
have similar maximum power values under SC-3, the LPSO
and RL-Beta produce larger oscillations than the proposed
IGMPPT and cause around 20% and 22% efficiency losses,
respectively.

The results of the proposed GMPPT are quantitatively

]and [27V,

ocm?

v, ]

ocm
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compared with P&O, LPSO, and RL-Beta. The tracking ac-
curacy of GMPP power P, the tracking efficiency of
GMPP power P, the tracking error of GMPP voltage V,,,
and the root mean square value of GMPP power P, during
the tracking process are used to evaluate the tracking perfor-
mance, as summarized in Table II.

TABLE IT
COMPARISONS AMONG PROPOSED IGMPPT, P&O, LPSO, AND RL-BETA UNDER SC-1, SC-2, AND SC-3

Py (%) Pee (%) Ve (V) P (W)
PSC  Proposed RL-  Proposed RL-  Proposed RL-  Proposed RL-
igmppT PO LIPSO g 1gmppr PEO LPSO g igmper PO LIPSO gy 1gmppr PO LIPSO g,
SC-1 94.30 5249 71.25 86.73 99.91 56.12  98.98 98.52 0.16 33,50  1.17 0.17 1.75 5.93 4.47 3.17
SC-2 94.00 89.54 8220 89.25 99.30 98.25 99.20 96.27 0.80 3.10 0.16 3.40 0.84 1.00 140 0.74
SC-3 90.87 57.89  69.03 87.91 99.84 61.21 91.08 99.47 0.24 26.50 3.24 0.47 2.03 4.46 3.69 2.55
It can be observed that the proposed IGMPPT achieves temperature, and expected PVS voltage and power of the

the highest average P, of 93.06% and average P, of
99.68% compared with the P&O, LPSO, and RL-Beta. Un-
der all PSCs, the P&O can only track the LMPP closest to
its starting point, which results in a power loss of over 5 W
under SC-1 and SC-3. Besides, the proposed IGMPPT
achieves the lowest P, during the tracking process under
SC-1, SC-2, and SC-3. The LPSO can successfully track the
GMPP, but it requires collecting more data points, leading to
inefficient operations. In the worst case, P, of LPSO is only
69.03%. The perturbation of LPSO is significantly larger
than that of the proposed IGMPPT. The performance of RL-
Beta is second only to the proposed IGMPPT. There is still
a gap in the tracking efficiency. In terms of tracking efficien-
cy, the proposed IGMPPT achieves an average improvement
of nearly 5% over RL-Beta. In conclusion, the proposed
IGMPPT obtains the best performance in terms of P, and
P,.. Even under SC-2, where two MPPs with a similar val-
ues of peaks exist, the proposed IGMPPT can successfully
discriminate and track the true GMPP. In contrast, the LPSO
fails to track GMPP due to the random factors that affect the
convergence processes of their search regions, leading to pre-
mature convergence and potentially missing the true GMPP
values. The reason is that the VR modelling enables to ob-
tain an accurate sampling point list in the VR environment.
After completing the SPR and power simulation, the error of
VR in the real world is further corrected. With more mea-
sured data during the tracking process, each search region is
given a clear indication of their potential maximum power
value and a rigorous abandonment mechanism, enabling the
proposed IGMPPT to perform an efficient search.

An experimental setup, as depicted in Fig. 4(c), is em-
ployed to wvalidate the performance of the proposed
IGMPPT. Its corresponding VR setup is shown in Fig. 4(d).
The experimental setup includes 3 JH-10 PVMs to form the
PV system, a moving baffle to simulate shadows, two 500
W Xenon lamps to simulate solar light, and a programmed
electronic load directly connected to the output of PVS. The
performances of the proposed IGMPPT, P&O, LPSO, and
RL-Beta are evaluated under three different PSCs: SC-4, SC-
5, and SC-6. Table III provides the irradiance of each PVM,

GMPPs for the PVS under SC-4, SC-5, and SC-6.

TABLE III
IRRADIANCE OF EACH PVM, TEMPERATURE, AND EXPECTED PVS VOLTAGE
AND POWER OF GMPPs UNDER SC-4, SC-5, AND SC-6

. 2
pse Pv;ﬁadl?\(;i/l(zwr;\)m3 Tem}zfgmre Vourr () Poer (W)
SC-4 690 690 690 24.3 42.0 29.0
SC-5 650 650 170 26.1 276 18.2
SC-6 720 234 234 275 46.8 11.8

As demonstrated in Fig. 9(a), (e), (i), the VR offers sam-
pling points for SPR and power simulation. Among the dif-
ferent PSCs, SC-4 only requires one sampling point due to
the UIC.

Moreover, SC-5 and SC-6 necessitate two sampling points
to capture the shading patterns. The number of sampling
points is dependent on the number of irradiance levels for
the PVS. The proposed IGMPPT shows faster tracking speed
and higher tracking efficiency compared with others. During
the experimental assessment, the entire process of confirm-
ing the GMPP takes approximately 2.0 s for SC-4, 2.5 s for
SC-5, and 2.5 s for SC-6, respectively. In contrast to the
P&O, LPSO, and RL-Beta, the proposed IGMPPT shows en-
hanced efficiency. This advantage can be traced back to its
adaptive strategy, where the number of search regions in the
proposed IGMPPT depends on the shading conditions of the
system. Furthermore, the search regions are strategically de-
creased when their potential to yield improved performance
is deemed unlikely. Besides, the P&O, LPSO, and RL-Beta
follow fixed search patterns and are more reliant on the start-
ing points, which results in a decrease in tracking accuracy.
As shown in Fig. 9(b), (f), (j), the P&O can only track to
the nearest MPP from its starting point. The RL-Beta, as
shown in Fig. 9(d), (h), and (1), stops near the GMPP, with
accuracy dependent on the minimum step size. This is be-
cause the RL-Beta is only available for UICs. In contrast,
the proposed IGMPPT overcomes the aforementioned limita-
tions and successfully tracks the GMPP under all PSCs. The
GMPP power values achieved in the experiments are 14.5 W
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for SC-4, 9.1 W for SC-5, and 5.9 W for SC-6. These re- achieving accurate and efficient tracking of the GMPP in PV
sults validate the superiority of the proposed IGMPPT in systems.
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Fig. 9. Tracking performance of different methods under SC-4, SC-5, and SC-6 captured by oscilloscope. (a) Proposed IGMPPT under SC-4. (b) P&O un-
der SC-4. (c) LPSO under SC-4. (d) RL-Beta under SC-4. (e) Proposed IGMPPT under SC-5. (f) P&O under SC-5. (g) LPSO under SC-5. (h) RL-Beta un-
der SC-5. (i) Proposed IGMPPT under SC-6. (j) P&O under SC-6. (k) LPSO under SC-6. (I) RL-Beta under SC-6.

IV. CONCLUSION in the selected test scenarios. Compared with P&O, LPSO,
This paper introduces a novel VR-based IGMPPT method and RL-Beta methods, the proposed IGMPPT increases track-

for accurate and efficient GMPPT in PV systems. The pro- ing' eff.'lc.iency by ,27,%’ 19%’ and 5%, respectively, while
posed IGMPPT leverages VR technology to simulate the spa- maintaining a promising tracking accuracy.

tial and temporal characteristics of a PV system, making it
effective in the SPR and determination of search regions
through iterative searches. Experimental results demonstrate  [1] G. G. Platero, M. G. Casado, M. P. Garcia et al., “CECRE: Supervi-
that the propose d IGMPPT attains an efﬁciency rate surpass- sion and Control of Spanish Renewable Energies in the Last 15

; 3 . years,” Journal of Modern Power Systems and Clean Energy, vol. 10,
ing 90%, accompanied by an accuracy level exceeding 99% no. 2, pp. 269-276, Mar. 2022.
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