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ABSTRACT Optimization complications are solved using meta-heuristic methods, which transforms the
complex data into simplest way and computational process is quite attractive because of their intensification,
diversification, and accurate evaluating/computational behavior on the nonlinear data. Among different
existing meta-heuristic algorithms, Tabu Search Optimization (TSO) algorithms have robust performance
due to escaping strategy from local optimum and extensive extraction ability. Hence, this paper delineates
the TSO searching technique for extracting the parasitic parameters of solar Photovoltaic (PV) modules
under different climatic stipulations. Double diode design is developed and implemented in the operational
aspect based on the extraction issue. The six parameters of the solar cell, i.e., IPh, I01, I02, RS, RP, a1 are
emulated and the obtained data is investigated using TSO approach, at the same time the extracted data
is compared with the effective selected metaheuristic algorithms such as Gravitational Search Algorithm
(GSA), Lightning Search Algorithm (LSA), Pattern Search (PS), Particle Swarm Optimization (PSO) and
Genetic Algorithm (GA). Compared to the existing algorithms, TSO has very less computational time to
extract all the six parameters.

INDEX TERMS Tabu search optimization (TSO), synthetic data (SD), genetic algorithm (GA),
photovoltaic (PV) cell, tree growth algorithm (TGA).

NOMENCLATURE
I & V Current (A) & Voltage (V).
η Ideality Factor.
RS Parasitic Series Resistance (�).
RP Parasitic Shunt Resistance (�).
JPh Photon Current Density (A/m2).
JO Dark Current Density (A/m2).
ISC Short Circuit Current (A).
VOC Open Circuit Voltage (V).
G Irradiation (W/m2).
Vbi Built in Potential (V).
IPh Photo Current (A).
I01, I02 Diode Currents (A).
IS Reverse Saturation Current (A).
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K Boltzmann Constant (m2 kg s−2 K−1).
T Temperature in (K).
Q Charge of an electron (C).
IC Output current of the cell (A).
IPh,C Photo Current of single solar cell (A).
a1 Diffusion & recombination current const.
VC Voltage of single solar cell.
RSC Parasitic Series Resistance of cell (�).
RPC Parasitic Shunt Resistance of cell (�).
VThC Thermal voltage of single solar cell (V).
J Fitness Function.
NS Number of solar cells connected in series.
NP Number of solar cells in Parallel.
VOC Output voltage of solar cell (V).
IM Optimal solar current (A).
VM Optimal solar Voltage (V).
8M Max. value of an extracted parameter.
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N Number of I-V data set.
SI Old solution during the iteration.
N(S) New solution obtained during the TS.
T(S) Updated Tabu list.
A(S) Aspiration Criteria.

I. INTRODUCTION
Renewable energy sources are contributing major share in
electric power generation in many nations. These sources
contribute energy from sun, wind, floating water and ocean
waves, etc. [1]. Out of these sources, solar energy (sun
radiated energy) plays an important role, due to simplicity
involved in converting it to thermal or electrical energy [2].
The salient features of Photovoltaic (PV) systems are envi-
ronmentally friendly, economical, and easily integrated with
conventional electrical grid [3]. In order to avoid power
mismatch, solar panels are not connected directly to the
load [4]. To avoid this situation, a power tracking strategy
between panel and load is proposed [5]. Apart from this,
the extraction of parasitic parameters from the solar cell is
also significant study to get optimum performance [6]. This
paper mainly describes the extraction of solar parameters
using TSO scheme. Villalva et al. [7], developed mathemat-
ical analysis to encounter the criteria of the one-diode mod-
eled PV system. The proposed modeling is accessible, rapid,
meticulous, and easy for emulation. The design approach
includes about the necessity of series and shunt resistances
and matches with the real-time operational array in terms
of maximum power [8]. The proposed model adjusts the
nonlinear equation based on I-V curve using trial and error
method dependent on three points [9].

Ma et al. [10] introduced data-driven I–V technique,
which is tested on the three parameters (ISC, RSh, and VOC)
of single diode model solar cell. Saleem et al. [11], pro-
posed a Four Point Extraction technique to identify design
specifications, particularly ideality constant, RS, RP, cur-
rent due to activation of photons and dark current. In [12]
conducted three-terminal examination on GaAsP and SiGe
based tandem structure to extract the sub-cell parameters.
The proposed technique mainly concentrates on the potential
difference between the two reference cells through analyti-
cal measurements and obtain individual voltage. In addition,
I-V curves are adjusted by forecasting the passive losses of
the sub-cell. Therefore, the performance of the multi-junction
is obtained at various input bands by distinct identical cir-
cumstances [13]. Wei et al. [14], introduced Particle Swarm
Optimization (PSO) algorithm to isolate the performance
parameters of the organic solar cells, integrated with three
diode lumped parameters. The proposed algorithm helps to
conquer the deficiency to avoid the drifting of local optimum
issues [15].

Diab et al. [16], introduced and investigated a fast and
accurate method to extract unknown solar parameters using
Tree Growth Algorithm (TGA) for many solar PV modules.
In this technique, all the extracted parameters are computed

at best conditions and the resultant outcome is to be optimum.
As a future scope, this method is to be implemented
under partial shading conditions of a PV system [17], [18].
Raba et al. [19], proposed the implementation of a Def-
inite Markov Chain Monte Carlo technique to eliminate
the uncontrollable phenomena of 2-D Organic Solar Cells,
the test is conducted in both dark and bright conditions.
Caracciolo et al. [20], [21], proposed a single-variable opti-
mization technique at fixed climatic conditions. But, when
tested under strident climatic conditions, resolved most of the
parameters like RS, RSh, IO, and the range of panels. Hence
the proposed method is powerful to all strident contributed
conditions [22]. Cervellini et al. [23], [24], introduced a novel
Genetic Algorithm (GA) to transform the conventional data
into designed data, applies to various Kelvins and irradiation
(G) zones [25], [26]. The proposed GA approach is very sim-
ple and eliminates the complexity of evaluation, i.e., describes
I-V curve and other related equations in a transparent and
uncomplicated way [27], [28].

Liao et al. [29], developed Difference Vector in Differ-
ential Evolution with Adaptive Mutation (DVADE) strategy
for a single, double, and multi-diode design. The function
of DVADE is to determine the extracted parameters of dif-
ferent PV models in a quick interval of time, it reuses the
past individual vectors and these vectors using differential
evolution process and applied these vectors to mutation strat-
egy [30]. Toledo et al. [31], [32], proposed Two Step-Linear-
Least Square (TSLLS) method. The main advantage of the
proposed method is to fetch the data irrespective of choosing
the same from I-V curve, i.e., it does not require any primary
guesses and not mandatory to perceive any previous works or
information regarding the parameters [33]. Manda et al. [34],
Portrays that the extraction of built-in potential (Vbi) from
the cells can be eliminated by using a physics-based model
and an empirical technique based on J-V characteristics [35].
The suggested method has a continuity equation to solve the
current-carrying transport. Experiments conducted on poly
(3 hexyl thiophene): phenyl-C61- butyric acid methyl ester
solar cells. Therefore, implementing the proposed computa-
tion strategies Vbi is easily extracted.

The rest of the paper is articulated as follows, Section III,
presents the mathematical analysis and modeling of the solar
cell parameters, Section IV, presents the evolution of the
proposed TSO algorithm to extract solar cell parameters,
Section V, presents comparison between the proposed and
existing algorithms, and finally Section VI, presents the sum-
mary of solar parameter extraction using TSO approach.

II. PV CELL PARAMETERS
A. MODELING OF PV MODULE
The study and analysis of the tracking algorithms, dynamic
behavior of the converters and other components mainly
depends on themathematical modeling of the PV system [36].
Various environmental factors are influencing the efficiency
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FIGURE 1. Three dimensional (3D) view of I-V and P-V plots of 200W PV array, (a) PSC with minimum number of power peaks. (b) Uniform
irradiation. (c) Maximum number of power peaks, (d) Uniform irradiation. (e) Maximum number of power peaks and (f) PSC with
minimum power peaks.

of the PV system, partial shading is one among them. In broad
sense affects the PV system with multiple peaks in the output
power curve [37]. Therefore, proper extensive mathematical
analysis is necessary to compensate this particular issue [38].
The PV current obtained from the solar panel is given as

IPV = IPh − Id (1)

The above parameters are influenced by G and T, which is
calculated further by the formulae in Eq. (2).

IPh(G) = (IPV + KiTdiff )
G
Gr

(2)

The reverse saturation current (Irs) at certain base temper-
ature is as follows

Irs =
ISC

exp
(
qEOC
KbηTk

− 1
) (3)

Diode current is obtained by the Shockley equation is

Id = IS

[
exp

(
q(VPV + IPVRS

ηKbTk

)
− 1

]
(4)

Diode saturation current (IS) is fluctuating according to
the environmental changes, and determined by the following
mathematical equation

IS = Irs

[
Tk
Tr

]3
exp

[
qEqo
ηKb

(
Tdif f
TkTr

)]
(5)

FIGURE 2. PV array with bypass diode.

On substituting Eq. (5) into Eq. (1), then the output current
of PV cell is as follows

IPV = IPh − IS

[
exp

(
q(VPV + IPVRS )

ηKbTk

)
− 1

]
−
VPV + IPVRS

RP
(6)
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FIGURE 3. Strategic moves involved in non-linear solution of TSO algorithm.

The PV cell output characteristics is minimized by using
the following implicit form

F(IPV ,VPV ,TK ,G) = IPh − IPV − IS [α1]− β1 (7)

where

α1 = exp
(
q(VPV + IPVRS )

ηKbTk

)
− 1

β1 =
VPV + IPVRS

RP

 (8)

PV module is obtained by connecting PV cells either in
parallel (NP) or series (NS). The output power of single cell
is least efficient compared to PV module, hence the output
implicit form of PV module is re arranged as

F(IPV ,VPV ,TK ,G) = IPh − IPV − IS [α2]− β2 (9)

where

α2 = exp
(
q(VPV + IPVRS )

NSηKbTk

)
− 1

β2 =
VPV + IPVRSNS

NSRP

 (10)

B. FITNESS FUNCTION
An objective function (J) is used for the evaluation of the
extraction parameters. J is nothing but the root mean square
of the synthetic and current data. For N numbers of I-V data
set, it is represented as follows

J =

√√√√ 1
N

N∑
m=1

f (IM ,VM , ϕ)2 (11)

where,

F(IM ,VM , ϕ) = IPh − I01

{
exp

(
V + IRS
a1Vth

)
− 1

}
−
V + IRS
RP

− I (12)

In continuation φ = [IPh, I01, RS, RP, a1] are the extracted
parameters from the PV module, where the extraction system
is to be reduced based on φ. A zero value of J is acceptable,
satisfying the condition of J as nonlinear.

C. PV SYSTEM UNDER PSC
The non-uniform insolation conditions occurred due to the
whole or some portion of the PV module is shaded by
high buildings, passing clouds, and trees, etc. During partial
shading, some of the PV cells receive uniform irradiance,
i.e., unshaded and the remaining portion of the PV cells are
shaded and required to maintain the same amount of current
similar to unshaded cells. [39], and the point of occurrence
is when shaded cells are operating with reverse bias voltage,
the uniform current is maintained in the PV module [40].
But, the reverse polarity causes more power consumption
and maximum output power is drastically reduced in the
partial shaded module. Moreover, reverse bias voltage causes
‘‘hotspots’’ phenomena and leads to open circuit condition in
the whole PV module [41]. This issue occurrence is resolved
by inserting bypass diode. It is worthwhile to discuss the
effect of bypass diode in the PV module. The working of PV
array with and without bypass diodes is quite different. The
I-V and P-V three dimensional (3D) view of 200W PV panel
is shown in Fig. 1. During partial shaded situation bypass
diode provides an alternate path to the flow of current as
shown in Fig. 2.

III. EVOLUTION OF TSO ALGORITHM
The meta-heuristic algorithm is used to solve the state of
problem of multiple optimizations. The strategic movement
of non linear solutions is depicted in Fig.3, from the figure
it is clear that the methodology involved perform iterations
based on memory. During optimization, the smallest value
will be selected first and further search follows. The memory
functional mechanism named on Tabu List (TL) not only
records the data but also stores the previous solution, while
performing the next move. To avoid local optima unnecessary
data will be restricted and optimized data will be segregated
at Aspiration Criteria (AC). The TSO algorithm is based on
offering a formative memory organization with imperative
constraints and aspiration levels to exploit search spaces and
counseling local heuristic research proceedings to scrutinize
the outcome space ahead of local optimum with the help of
TL. The investigating process based on dynamic properties
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FIGURE 4. (a) Initialization of tabu search operation, (b) Tabu movement
phenomena, (c) dynamic sectionalising, (d) effect of ignoring the
repeated data.

FIGURE 5. Resulting tabu move (a) I01 and (b) I02.

is mainly preferred to solve finite solution set optimization
problems due to flexible memory uses in the tabu moves
so that the repeated solutions cannot be included in the
operation.

TSO can be categorized as Forbidding Strategy (FS), Free-
ing Strategy System (FSS), and Short Term Strategy (STS).
FS restricts that which type of data is coming into the oper-
ating region where as FSS manages that what exists from the
optimization process and STS controls interrelation between
FS and FSS by performing estimated solutions. Fig. 4 (a),
described about the initiation of tabu moves from upper
bound level to lower bound level, such that the tabu move
decides the sequence of operation and improves the extraction
ability. The multiple iterations are shown in Figure 4(b) and
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TABLE 1. Data comparison between GA, LSA, GSA, PS, PSO and proposed TSO algorithms for 20 WATT PV panel.

FIGURE 6. Resulting tabu move after applying the penalty (a) I01
and (b) I02.

the transformation of every Tabu Solution is inter linked
with the tabu list as shown in Figure 4 (a), and described about
the initiation of tabu moves from upper bound level to lower
bound level, such that the tabu move decides the sequence
of operation and improves the extraction ability. Multiple
iterations are shown in Figure 4(b) and the transformation of
every Tabu Solution is inter linked with the tabu list as shown
in Figure. 4(c). The repeated data is ignored in TL, because
the count of number of iterations are very high. The aspiration
and ignored tabu region is described in Figure. 4(d).

A. BASIC INGREDIENTS OF TSO ALGORITHM
The tabu movement is based on memory and neighborhood
solutions, considering non improved and non linear solutions.
Moreover, these solutions should not include in the TL. The
tabu classification can be overridden by introducing the new
Tabu moves. The new set of TS solution can be obtained as

S ′ ∈ N (S) = {(N (S)T (S)} + A(S) (13)

The feasible and unfeasible parameters describe about
the tabu moves in upperband and lower band regions.
Fig. 5 (a) and (b), describes about the feasible parameters
present in between upper and lower band regions. The fea-
sibility is less because of the lesser number of generations
during the execution. The perfect feasible parameters are
obtained after implementing the proposed strategy on each
generation as depicted in Fig. 6 (a) and (b).

IV. RESULTS ANALYSIS
UsingMATLAB/Simulink, the proposedmethod is simulated
along with other existing algorithms such as LSA, GSA,
PS, GA and PSO. There is a close comparison between the
obtained numerical values and Synthetic Data (SD). The
performance of the proposed TSO algorithm is studied for
different ranges of solar panel i.e., 20W, 40W, 80W and
200W respectively. It is worth full to benchmark that the
all the algorithms are simulated in a common platform with
unique basic data using 1.2 GHz Mobile Intel processor,
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FIGURE 7. Flow chart of the proposed tabu search optimization (TSO) algorithm.

TABLE 2. Data comparison between GA, LSA, GSA, PS, PSO and proposed TSO algorithms for 40 Watt PV panel.

TABLE 3. Data comparison between GA, LSA, GSA, PS, PSO and proposed TSO algorithms for 80 Watt PV panel.

underWindows XP. Effectiveness of the parameter extraction
process is assessed in terms of convergence, I-V data curve,
and computational performance.

The extracted parameters of 20W PV module are depicted
in Table 1. The synthetic data for the parameters IPh,
I01, I02, RS,RP, and a1 are 0.912A, 2.543 × 10−9A,

2.834 × 10−5A, 0.032�, 109.95 � and 1.9 respectively.
From the table, it is clear observed that the GA algo-
rithm has taken 475Sec to extract the essential parameters
and the time consumed by the rest of the algorithms i.e.,
LSA, GSA, PS and PSO are 357Sec, 264Sec, 248Sec, and
142Sec respectively. Therefore, it is significant to quote that
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TABLE 4. Data comparison between GA, LSA, GSA, PS, PSO and proposed TSO algorithms for 200 Watt PV panel.

FIGURE 8. Effect of control parameters on TSO performance based on
crossover rate and initialization factor.

the time taken by the TSO algorithm to extract the same
essential parameters is 94Sec. The rest of the parameters
obtained by the proposed TSO algorithm are 0.920A (IPh),
2.617 × 10−9A (I01), 2.9 × 10−5A (I02), 0.03� (RS),
110.23� (RP), and 1.9 (a1). Similarly, Table 2 depicts the data
comparison of 40W PV panel. The data obtained from the
GA algorithm for the parameters IPh, I01, I02,RS, RP, and a1
are 2.79A, 9.81× 10−9A, 33.6× 10−7A, 0.0994�, 888.95�
and 1.38 respectively. In continuation the data extracted by
the proposed TSO algorithm are 1.95A (IPh), 6.55 × 10−9A
(I01), 11.82 × 10−7A (I02), 0.0882� (RS), 742.68� (RP),
and 1.29(a1). From observation, it is evident that there is a
huge difference between the numerical values obtained by
GA, LSA, GSA, PS, PSO and proposed TSO in comparison
with the pre-existing synthetic data.

Similarly, Table 3 and 4 depict data comparison between
the proposed TSO and existing algorithms for 80W and 200W
PV module. The synthetic data values for the parameters IPh,
I01, I02, RS,RP, and a1 of 80W and 200W PV panels are

(4.85A, 8.87 x 10−9A, 8.54 x 10−7 A, 0.196�, 1055.76�,
and 1.21), (5.300A, 8.87 x 10−9A, 9.29 x 10−7A, 0.896�,
1298.18�, and 1). From Table 3, it is observed that the pro-
posed TSO algorithm has least number of iterative operations
and takes minimum time i.e., 173 sec. The GA algorithm
has more execution time, due to huge number of internal
iterations i.e., 875Sec. In all the algorithms synthetic data
is included for the initial execution process. The parameters
obtained from the GA algorithm are (6.95A, 10.92× 10−9A,
9.65× 10−7A, 2.155�, 1523.54� and 1.45). PSO algorithm
occupies the second best position in the extraction of the
parameters and the obtained numerical values are (5.27A,
9.22 × 10−9A, 8.65 × 10−7A, 2.07�, 1245.76� and 1.32).
Finally, the proposed TSO algorithm has at most perfor-
mance and the extracted numerical values are 4.89A (IPh),
8.99 × 10−9A (I01), 8.95 × 10−5A (I02), 0.194� (RS),
1075.32� (RP), and 1.23 (a1). From Table 4, it is observed
that the proposed TSO algorithm has obtained numeri-
cal values resembling the synthetic data i.e., 5.41A (IPh),
8.9× 10−9A (I01), 9.49× 10−5A (I02), 0.912� (RS),
1319.98� (RP), and 1.01 (a1). TSO algorithm consumes less
computational time i.e., 228Sec compared to the existing
algorithms. Therefore, it is observed that the performance
of the proposed TSO algorithm is superior to the existing
metaheuristic algorithms.

In addition to the above analysis, the performance of the
proposed TSO algorithm is examined usingMulti-Crystalline
(S75, S115), Mono- Crystalline (SM55, SQ150PC) and thin-
film (ST36, ST40) PV modules under different irradiance
levels such as 1000W/m2, 600W/m2 and 200W/m2. The data
extracted under the above conditions are depicted in Table 5.
At G = 1000W/m2, the ST40 thin film PV panel has taken
minimum computational time (0.37Sec) to obtain the param-
eters, but the IPh numerical value lie very less (i.e.,3.657A).
Whereas 0.5Sec is the time consumed by the S75 Multi crys-
talline panel to extract the parameters. The other parameters
of the S75 PV module is IPh, I01, I02,RS, RP, and a1 are
5.420A, 9.97 × 10−9A, 6.29 × 10−7A, 0.696�, 416.18�,
and 1.15. Similarly, at G = 600W/m2 and 200W/m2 the
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TABLE 5. Data extracted from multi-crystalline, mono-crystalline and thin-film panels under various irradiance levels.

S75 modules consume much computational time and ST40
has the least one. But, the overall numerical values of the S75
Multi crystalline module are appreciable under any irradiance
conditions.

Initialization factor of the TSO algorithm, increases the
computation level and the crossover, termed as recombina-
tion levels are generated. The accurate Tabu List (TL) is
generated based on the best fitness factor associate with the

corresponding TabuMoves(TM). The feasible parameters are
preferable for further process, where as unfeasible parameters
are entered into the TL, the nature of TM is depicted in Fig. 8.
I-V plots of the S75, S115, SM55, SQ150PC, ST 36, and
ST40 PV modules using TSO algorithm and experimental
data is shown in Fig. 9.

Meta heuristic algorithms finds a wide scope in differ-
ent applications due to the accurate optimization achieving
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FIGURE 9. I–V characteristics obtained using TSO algorithm and experimental data (a) S75, (b) S115, (c) SM55, (d) SQ150PC, (e) ST36 and (d) ST40.
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FIGURE 10. Convergence characteristics of (a) 20W, (b) 40W, (c) 80W, and
(d) 200W PV module.

FIGURE 11. Absolute errors for (a) S75 (multi-crystalline), (b) S115
(multi-crystalline), (c) SM55 (mono-crystalline), (d) SQ150PC
(mono-crystalline), (e) S75 (thin film), and (f) S115 (thin film).
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FIGURE 11. (Continued.) Absolute errors for (a) S75 (multi-crystalline),
(b) S115 (multi-crystalline), (c) SM55 (mono-crystalline), (d) SQ150PC
(mono-crystalline), (e) S75 (thin film), and (f) S115 (thin film).

capability, perfect computational approach with less number
of iterations and the best run is available in a quick instant
of time. Initially, the diversification of the algorithms should
maintain uniform convergence if not leads to incomplete
convergence. The convergence time depends on the number
of iterations performed in the TSO algorithm. Moreover,
increase in iterations lead to increase in the time duration
of execution as well as the crossover rate. The Convergence
response of PV modules with rating 20W, 40W, 80W and
200W are shown in Fig.10 (a)-(d).

Output voltage of PV module depends on the amount
solar energy concentrated on the panel. The percentage of
absolute error decides that the system can be represented
with equivalent one, two or three diode. The proposed TSO
algorithm and the existing methods are effectively influenced
by change of absolute errors under various irradiance pat-
terns. The percentage absolute error on Mono-Crystalline,
Multi-Crystalline, and thin film PV panel is shown
in Fig. 11 (a)-(f).

V. CONCLUSION
This paper proposes a robust algorithm based on Tabu
Search Optimization (TSO) to extract the parasitic param-
eters of PV module under different climatic stipulations.

The performance of the proposed TSO algorithm is bench-
marked in comparison with existing algorithms such as
Genetic Algorithm (GA), Lighting Search Algorithm (LSA),
Gravitational Search Algorithm (GSA), Pattern Search (PS)
and Particle SwarmOptimization (PSO) using different range
of PVmodules i.e., 20W, 40W, 80W, 200W,Multi crystalline,
Mono crystalline and thin film modules. The convergence
speed of GSA and GA algorithm is very slow as a result
consumes much time to complete the computation process.
LSA algorithm has higher accuracy but the evaluation process
is very complex and the operational data is in the form of
computational projectile data. Therefore, accurate evolution
is a time taking process. PS is an excellent tool for the extrac-
tion of data but the forecasting sequence for the searching is
very huge, hence affects the convergence speed. Due to poor
initial assumption in the operating parameters of the PSO
algorithm, PSO traps at local minimum. Therefore, in terms
of convergence speed and performance analysis the TSO
algorithm has better features with less complexity compared
to the existing algorithms. From the numerical values tabu-
lated from Table 1-5 and in comparison with experimental
data and obtained values in Fig. 9, it is observed that the
proposed TSO algorithm has better performance under any
condition.

REFERENCES
[1] J. Appelbaum, ‘‘Starting and steady-state characteristics of DC motors

powered by solar cell generators,’’ IEEE Trans. Energy Convers.,
vol. EC-1, no. 1, pp. 17–25, Mar. 1986.

[2] D. Yang and H. Yin, ‘‘Energy conversion efficiency of a novel hybrid
solar system for photovoltaic, thermoelectric, and heat utilization,’’ IEEE
Trans. Energy Convers., vol. 26, no. 2, pp. 662–670, Jun. 2011, doi:
10.1109/TEC.2011.2112363.

[3] M. Bhukya, M. Kumar, and V. Mohan, ‘‘Design and development of a low-
cost grid connected solar inverter for maximum solar power utilization,’’
in Recent Advances in Power Electronics and Drives (Lecture Notes in
Electrical Engineering), vol. 707, J. Kumar and P. Jena, Eds. Singapore:
Springer, 2021, doi: 10.1007/978-981-15-8586-9_37.

[4] Y. Bae, T.-K. Vu, and R.-Y. Kim, ‘‘Implemental control strategy
for grid stabilization of grid-connected PV system based on Ger-
man grid code in symmetrical low-to-medium voltage network,’’ IEEE
Trans. Energy Convers., vol. 28, no. 3, pp. 619–631, Sep. 2013, doi:
10.1109/TEC.2013.2263885.

[5] A. Ali, K. Almutairi, S. Padmanaban, and V. Tirth, ‘‘Investigation ofMPPT
techniques under uniform and non-uniform solar irradiation condition—
A retrospection,’’ IEEE Access, vol. 8, pp. 127368–127392, 2020, doi:
10.1109/ACCESS.2020.3007710.

[6] W. Ahmad, D. Liu, J. Wu, and W. Ahmad, ‘‘Enhanced electrons extraction
of lithium-doped SnO2 nanoparticles for efficient planar perovskite solar
cells,’’ IEEE J. Photovolt., vol. 9, no. 5, pp. 1273–1279, Sep. 2019, doi:
10.1109/JPHOTOV.2019.2924734.

[7] M. G. Villalva, J. R. Gazoli, and E. R. Filho, ‘‘Comprehensive
approach to modeling and simulation of photovoltaic arrays,’’ IEEE
Trans. Power Electron., vol. 24, no. 5, pp. 1198–1208, May 2009, doi:
10.1109/TPEL.2009.2013862.

[8] S. A. Arefifar, F. Paz, and M. Ordonez, ‘‘Improving solar power PV
plants using multivariate design optimization,’’ IEEE J. Emerg. Sel.
Topics Power Electron., vol. 5, no. 2, pp. 638–650, Jun. 2017, doi:
10.1109/JESTPE.2017.2670500.

[9] N. Kumar, T. K. Saha, and J. Dey, ‘‘Sliding-mode control of PWM
dual inverter-based grid-connected PV system: Modeling and performance
analysis,’’ IEEE J. Emerg. Sel. Topics Power Electron., vol. 4, no. 2,
pp. 435–444, Jun. 2016, doi: 10.1109/JESTPE.2015.2497900.

[10] X. Ma, ‘‘Data-driven I–V feature extraction for photovoltaic modules,’’
IEEE J. Photovolt., vol. 9, no. 5, pp. 1405–1412, Sep. 2019, doi:
10.1109/JPHOTOV.2019.2928477.

40090 VOLUME 10, 2022

http://dx.doi.org/10.1109/TEC.2011.2112363
http://dx.doi.org/10.1007/978-981-15-8586-9_37
http://dx.doi.org/10.1109/TEC.2013.2263885
http://dx.doi.org/10.1109/ACCESS.2020.3007710
http://dx.doi.org/10.1109/JPHOTOV.2019.2924734
http://dx.doi.org/10.1109/TPEL.2009.2013862
http://dx.doi.org/10.1109/JESTPE.2017.2670500
http://dx.doi.org/10.1109/JESTPE.2015.2497900
http://dx.doi.org/10.1109/JPHOTOV.2019.2928477


S. Arandhakar et al.: Analysis and Implementation of Robust Metaheuristic Algorithm

[11] H. Saleem and S. Karmalkar, ‘‘An analytical method to extract the physical
parameters of a solar cell from four points on the illuminated J−V curve,’’
IEEE Electron Device Lett., vol. 30, no. 4, pp. 349–352, Apr. 2009, doi:
10.1109/LED.2009.2013882.

[12] A. Soeriyadi, L. Wang, B. Conrad, and D. Li, ‘‘Extraction of essential solar
cell parameters of subcells in a tandem structurewith a novel three-terminal
measurement technique,’’ IEEE J. Photovolt., vol. 8, no. 1, pp. 327–332,
Jan. 2018, doi: 10.1109/JPHOTOV.2017.2762596.

[13] M. A. Mintairov, N. A. Kalyuzhnyy, V. V. Evstropov, V. M. Lantratov,
S. A. Mintairov, and M. Z. Shvarts, ‘‘The segmental approximation in
multijunction solar cells,’’ IEEE J. Photovolt., vol. 5, no. 4, pp. 1229–1236,
Jul. 2015, doi: 10.1109/JPHOTOV.2015.2416006.

[14] T. Wei, F. Yu, G. Huang, and C. Xu, ‘‘A particle-swarm-optimization-
based parameter extraction routine for three-diode lumped parameter
model of organic solar cells,’’ IEEE Electron Device Lett., vol. 40, no. 9,
pp. 1511–1514, Sep. 2019, doi: 10.1109/LED.2019.2926315.

[15] M. N. Bhukya, M. Kumar, and S. R. Depuru, ‘‘A simple approach to
enhance the performance of traditional P&O scheme under partial shaded
condition by employing second stage to the existing algorithm,’’ in Proc.
CoMSO, 2020, pp. 545–556, doi: 10.1007/978-981-15-9829-6_43.

[16] A. A. Z. Diab, H. M. Sultan, R. Aljendy, A. S. Al-Sumaiti, M. Shoyama,
and Z. M. Ali, ‘‘Tree growth based optimization algorithm for
parameter extraction of different models of photovoltaic cells and
modules,’’ IEEE Access, vol. 8, pp. 119668–119687, 2020, doi:
10.1109/ACCESS.2020.3005236.

[17] M. N. Bhukya, V. R. Kota, and S. R. Depuru, ‘‘A simple, efficient,
and novel standalone photovoltaic inverter configuration with reduced
harmonic distortion,’’ IEEE Access, vol. 7, pp. 43831–43845, 2019, doi:
10.1109/ACCESS.2019.2902979.

[18] I. Yildirim and M. Celik, ‘‘An efficient tree-based algorithm for mining
high average-utility itemset,’’ IEEE Access, vol. 7, pp. 144245–144263,
2019, doi: 10.1109/ACCESS.2019.2945840.

[19] A. Raba, Y. Leroy, M. Kohlstadt, U. Wurfel, and A.-S. Cordan, ‘‘Organic
solar cells: Extraction of physical parameters by means of Markov chain
Monte Carlo techniques,’’ IEEE J. Photovolt., vol. 7, no. 4, pp. 1098–1104,
Jul. 2017, doi: 10.1109/JPHOTOV.2017.2690876.

[20] F. Caracciolo, E. Dallago, D. G. Finarelli, A. Liberale, and P. Merhej,
‘‘Single-variable optimization method for evaluating solar cell and solar
module parameters,’’ IEEE J. Photovolt., vol. 2, no. 2, pp. 173–180,
Apr. 2012, doi: 10.1109/JPHOTOV.2011.2182181.

[21] M. Gruber, A. M’́uller, V. Jovanov, M. J. Walter, and V. Wagner, ‘‘Direct
visualization of charge-extraction in metal-mesh based OPV cells by light-
biased LBIC,’’ IEEE J. Photovolt., vol. 7, no. 4, pp. 1042–1049, Jul. 2017,
doi: 10.1109/JPHOTOV.2017.2699230.

[22] Y.-C. Huang, C.-M. Huang, S.-J. Chen, and S.-P. Yang, ‘‘Optimization of
module parameters for PV power estimation using a hybrid algorithm,’’
IEEE Trans. Sustain. Energy, vol. 11, no. 4, pp. 2210–2219, Oct. 2020,
doi: 10.1109/TSTE.2019.2952444.

[23] M. P. Cervellini, N. I. Echeverria, P. D. Antoszczuk, R. A. G. Retegui,
M. A. Funes, and S. A. Gonzalez, ‘‘Optimized parameter
extraction method for photovoltaic devices model,’’ IEEE Latin
America Trans., vol. 14, no. 4, pp. 1959–1965, Apr. 2016, doi:
10.1109/TLA.2016.7483540.

[24] T. S. Babu, D. Yousri, and K. Balasubramanian, ‘‘Photovoltaic array recon-
figuration system for maximizing the harvested power using population-
based algorithms,’’ IEEE Access, vol. 8, pp. 109608–109624, 2020, doi:
10.1109/ACCESS.2020.3000988.

[25] A. Habte, M. Sengupta, C. A. Gueymard, R. Narasappa, O. Rosseler,
and D. M. Burns, ‘‘Estimating ultraviolet radiation from global horizontal
irradiance,’’ IEEE J. Photovolt., vol. 9, no. 1, pp. 139–146, Jan. 2019, doi:
10.1109/JPHOTOV.2018.2871780.

[26] Y. K. Semero, J. Zhang, and D. Zheng, ‘‘PV power forecasting using
an integrated GA-PSO-ANFIS approach and Gaussian process regression
based feature selection strategy,’’CSEE J. Power Energy Syst., vol. 4, no. 2,
pp. 210–218, 2018, doi: 10.17775/CSEEJPES.2016.01920.

[27] M. Bhukya, M. Kumar, and C. Vipin, ‘‘Factors affecting the efficiency of
solar cell and technical possible solutions to improve the performance,’’ in
Proc. Modeling, Simulation Optim., 2021, pp. 623–634, doi: 10.1007/978-
981-15-9829-6_49.

[28] T. Mahmood, M. Shorfuzzaman, N. N. Xiong, and R. M. Mehmood,
‘‘Aiding prosumers by solar cell parameter optimization using a hybrid
technique for achieving near realistic P-V characteristics,’’ IEEE Access,
vol. 8, pp. 225416–225423, 2020, doi: 10.1109/ACCESS.2020.3043941.

[29] Z. Liao, Q. Gu, S. Li, Z. Hu, and B. Ning, ‘‘An improved differential
evolution to extract photovoltaic cell parameters,’’ IEEE Access, vol. 8,
pp. 177838–177850, 2020, doi: 10.1109/ACCESS.2020.3024975.

[30] F. Bernoosi and M. E. Nazari, ‘‘Optimal sizing of hybrid PV/T-
fuel cell CHP system using a heuristic optimization algorithm,’’
in Proc. Int. Power Syst. Conf. (PSC), Dec. 2019, pp. 57–63, doi:
10.1109/PSC49016.2019.9081541.

[31] F. J. Toledo, J. M. Blanes, and V. Galiano, ‘‘Two-step linear least-squares
method for photovoltaic single-diode model parameters extraction,’’ IEEE
Trans. Ind. Electron., vol. 65, no. 8, pp. 6301–6308, Aug. 2018, doi:
10.1109/TIE.2018.2793216.

[32] K. J. Sauer, ‘‘Real-world challenges and opportunities in degradation rate
analysis for commercial PV systems,’’ in Proc. 37th IEEE Photovolt. Spec.
Conf., Oct. 2011, pp. 3208–3212, doi: 10.1109/PVSC.2011.6186622.

[33] M. Bhukya and V. Kota, ‘‘A novel P&OT-Neville’s interpolation MPPT
scheme for maximum PV sytem energy extraction,’’ Int. J. Renew. Energy
Develop., vol. 7, no. 3, pp. 251–260, 2018, doi: 10.14710/ijred.7.3.251-
260.

[34] P. K. Manda, S. Ramaswamy, and S. Dutta, ‘‘Extraction of the built-
in potential for organic solar cells from current–voltage characteristics,’’
IEEE Trans. Electron Devices, vol. 65, no. 1, pp. 184–190, Jan. 2018, doi:
10.1109/TED.2017.2773708.

[35] V. R. Kota and M. N. Bhukya, ‘‘A simple and efficient MPPT
scheme for PV module using 2-Dimensional lookup table,’’ in Proc.
IEEE Power Energy Conf. Illinois (PECI), Feb. 2016, pp. 1–7, doi:
10.1109/PECI.2016.7459226.

[36] M.N. Bhukya andV. R. Kota, ‘‘A quick and effectivemppt scheme for solar
power generation during dynamic weather and partial shaded conditions,’’
Int. J. Eng. Sci. Technol., vol. 22, no. 3, pp. 869–884, 2019.

[37] M. Bhukya and V. Kota, ‘‘A newMPPT scheme based on trifurcation of PV
characteristic for photovoltaic power generation,’’ Int. J. Pure Appl. Math.,
vol. 114, no. 10, pp. 439–446, 2017.

[38] E. F. Fernandez, F. A. Cruz, T. K. Mallick, and S. Sundaram, ‘‘Effect
of spectral irradiance variations on the performance of highly efficient
environment-friendly solar cells,’’ IEEE J. Photovolt., vol. 5, no. 4,
pp. 1150–1157, Jul. 2015, doi: 10.1109/JPHOTOV.2015.2434593.

[39] M. N. Bhukya and V. R. Kota, ‘‘DCA-TR-based MPP tracking scheme
for photovoltaic power enhancement under dynamic weather conditions,’’
Elect. Eng., vol. 100, no. 4, pp. 2383–2396, 2018, doi: 10.1007/s00202-
018-0710-z.

[40] V. R. Kota and M. N. Bhukya, ‘‘A novel linear tangents based P&O
scheme for MPPT of a PV system,’’ Renew. Sustain. Energy Rev., vol. 71,
pp. 257–267, May 2017, doi: 10.1016/j.rser.2016.12.054.

[41] V. R. Kota and M. N. Bhukya, ‘‘A novel global MPP tracking scheme
based on shading pattern identification using artificial neural net-
works for photovoltaic power generation during partial shaded con-
dition,’’ IET Renew. Power Gener., vol. 13, no. 10, pp. 1647–1659,
Apr. 2019.

SAIRAJ ARANDHAKAR (Member, IEEE) was
born in India, in 1990. He received the B.Tech.
degree in electrical and electronics engineering
from the Vaagdevi College of Engineering,Waran-
gal, Telangana, India, in 2013, and the M.Tech.
degree from the CVR College of Engineering,
Hyderabad, Telangana, in 2020. Currently, he is
working as a Research Scholar with the Depart-
ment of Electrical Engineering, School of Engi-
neering and Technology, Central University of
Haryana, India.

VOLUME 10, 2022 40091

http://dx.doi.org/10.1109/LED.2009.2013882
http://dx.doi.org/10.1109/JPHOTOV.2017.2762596
http://dx.doi.org/10.1109/JPHOTOV.2015.2416006
http://dx.doi.org/10.1109/LED.2019.2926315
http://dx.doi.org/10.1007/978-981-15-9829-6_43
http://dx.doi.org/10.1109/ACCESS.2020.3005236
http://dx.doi.org/10.1109/ACCESS.2019.2902979
http://dx.doi.org/10.1109/ACCESS.2019.2945840
http://dx.doi.org/10.1109/JPHOTOV.2017.2690876
http://dx.doi.org/10.1109/JPHOTOV.2011.2182181
http://dx.doi.org/10.1109/JPHOTOV.2017.2699230
http://dx.doi.org/10.1109/TSTE.2019.2952444
http://dx.doi.org/10.1109/TLA.2016.7483540
http://dx.doi.org/10.1109/ACCESS.2020.3000988
http://dx.doi.org/10.1109/JPHOTOV.2018.2871780
http://dx.doi.org/10.17775/CSEEJPES.2016.01920
http://dx.doi.org/10.1007/978-981-15-9829-6_49
http://dx.doi.org/10.1007/978-981-15-9829-6_49
http://dx.doi.org/10.1109/ACCESS.2020.3043941
http://dx.doi.org/10.1109/ACCESS.2020.3024975
http://dx.doi.org/10.1109/PSC49016.2019.9081541
http://dx.doi.org/10.1109/TIE.2018.2793216
http://dx.doi.org/10.1109/PVSC.2011.6186622
http://dx.doi.org/10.14710/ijred.7.3.251-260
http://dx.doi.org/10.14710/ijred.7.3.251-260
http://dx.doi.org/10.1109/TED.2017.2773708
http://dx.doi.org/10.1109/PECI.2016.7459226
http://dx.doi.org/10.1109/JPHOTOV.2015.2434593
http://dx.doi.org/10.1007/s00202-018-0710-z
http://dx.doi.org/10.1007/s00202-018-0710-z
http://dx.doi.org/10.1016/j.rser.2016.12.054


S. Arandhakar et al.: Analysis and Implementation of Robust Metaheuristic Algorithm

NALIN CHAUDHARY (Member, IEEE) was born
in India, in 1990. He received the B.Tech. degree
in computer engineering fromRajasthan Technical
University, Kota, in 2012, and the M.Tech. and
Ph.D. degrees in computer science and engineer-
ing from Bhagwant University, Ajmer, Rajasthan,
India, in 2015. His research interests include net-
working, control systems, machine learning, and
distributed systems. He is currently working as an
Assistant Professor with the Department of Com-

puter Science and Engineering, School of Engineering and Technology,
Raffles University, Neemrana, Rajasthan.

SHOBHA RANI DEPURU (Member, IEEE)
received the B.E. degree in electrical and electron-
ics engineering from Jawaharlal Nehru Technolog-
ical University Hyderabad, Hyderabad, India, and
theM.Tech. degree in power systems and the Ph.D.
degree fromSri VenkateswaraUniversity, Tirupati,
India. Currently, she is working as a Professor
with the Department of Electrical and Electron-
ics Engineering, Institute of Aeronautical Engi-
neering, Hyderabad. Her research interests include

control systems and application of power systems and power electronics.

RAJESH KUMAR DUBEY received the B.Tech.
degree in electrical engineering from the National
Institute of Technology, Hamirpur, Himachal
Pradesh, India, in 1999, and the M.Tech. degree
in electrical engineering and the Ph.D. degree
from the Centre for Applied Research in Elec-
tronics, Indian Institute of Technology Delhi,
Delhi, India, in 2002 and 2014, respectively.
From 2006 to 2018, he worked as an Assistant
Professor with the Department of Electronics and

Communication Engineering, Jaypee Institute of Information Technology,
Noida, India. Since 2018, he has beenworking as anAssociate Professor with
the Department of Electrical Engineering under the School of Engineering
and Technology, Central University of Haryana, Mahendragarh, India. His
research interests include digital signal processing, speech signal processing,
machine learning, deep learning, control engineering, renewable energy
management, and electric vehicle.

MURALIDHAR NAYAK BHUKYA (Member,
IEEE) was born in India, in 1987. He received
the B.Tech. degree in electrical and electronics
engineering and the M.Tech. degree in power elec-
tronics from Jawaharlal Nehru Technological Uni-
versity Hyderabad, Hyderabad, India, in 2008 and
2013, respectively, and the Ph.D. degree in electri-
cal and electronics engineering from JNT Univer-
sity, Kakinada.

He is currently working as an Assistant Profes-
sor with the Department of Electrical Engineering, School of Engineering
and Technology, Central University of Haryana, India. His research interests
include control systems, special machines, and application of power elec-
tronics in renewable energy systems.

40092 VOLUME 10, 2022


