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Abstract
Thesis explores the question of whether one-diode model can be extracted using softcomputing approaches based on indoor conditions. In thesis, three algorithms were selected
using MATLAB for implementation, analysis and comparison. Thesis has proved that under
indoor conditions, all three algorithms can accurately extract photovoltaic parameters under
most illumination levels, but the extracted photovoltaic parameters cannot satisfy the physical
meaning of photovoltaic parameters.
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Nomenclature
Label
𝑎
𝐼&'
𝐼)
𝑅)
𝑅&
𝑘
𝑇
𝑞
𝑉GH
𝐼)J
𝑉KJ
𝑉L&
𝐼L&
𝐼M
𝐼&
𝐺
𝐺RMS
𝐼&',RMS
𝑅&,RMS
𝑡
𝐸
𝐸'
RMSE
MAPE
DE
DE-Lambert W
DE-Newton
BMO

Description (unit)
diode ideality factor (–)
photocurrent (𝐴)
saturation current (𝐴)
series resistance (Ω)
shunt resistance (Ω)
Boltzmann’s constant (−1.380653 × 10678 𝐽/𝐾) (𝐽/𝐾))
temperature (K)
electron charge (−1.60217646 × 106BC 𝐶)( 𝐶)
thermal voltage (𝑉GH = 𝑘𝑇/𝑞) (𝑉)
short circuit current (𝐴)
open circuit voltage (𝑉)
maximum power point current (𝐴)
maximum power point voltage (𝑉)
experimental current (𝐴)
predicted current (𝐴)
illumination level (𝑙𝑢𝑥)
illumination level at reference condition (1000𝑙𝑢𝑥)(𝑙𝑢𝑥)
photocurrent at reference condition (1000𝑙𝑢𝑥)( 𝐴)
shunt resistance at reference condition (1000𝑙𝑢𝑥)(Ω)
algorithm runtime (s)
solar irradiance level (𝑊/𝑚7 )
indoor illumination level (𝑙𝑢𝑥)
root-mean-square error (𝐴)
mean absolute percentage error (%)
differential evolution algorithm
differential evolution algorithm using Lambert W function
differential evolution algorithm using Newton method
bird mating optimizer algorithm
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1 Introduction
1.1 Background
Photovoltaic cells are not an unfamiliar concept, which stems from the widespread use of this
technology, and most photovoltaic cells are used in outdoor conditions. However, in recent
years, the application of low-power photovoltaic devices based on indoor conditions has
gradually increased [1], this is because various wireless small electronic devices are widely
used in indoor conditions, and photovoltaic cells are often considered for the power supply
of these devices. Just like Logitech's wireless solar keyboard K750, this keyboard can be
charged using indoor light. There is also a solar watch from the Bering company in Denmark
that only needs to be charged by the indoor light source to maintain the work.
The basic structure of a photovoltaic cell is formed by bonding a P-type and an N-type
semiconductor, this structure is called a PN junction. The sun shines on the semiconductor pn junction, forming a new hole-electron pair. Under the action of the p-n junction electric
field, holes flow from the n region to the p region, and electrons flow from the p region to
the n region, thereby forming current. Therefore, in an equivalent circuit model, a diode is
typically used to simulate a photovoltaic cell.
Among the various diode equivalent circuit models, based on the trade-off between accuracy
and simplicity, the one-diode equivalent circuit model is most commonly used. There are five
parameters that need to be determined in this model. They are photocurrent (𝐼&' ), saturation
current (𝐼) ), diode ideal factor (𝑎), series resistance (𝑅) ) and shunt resistance (𝑅& ). Although
this is a simple model, the determination of parameters becomes difficult due to the nonlinear
and implicit forms of the equivalent circuit model.
The methods for extracting PV model parameters mainly include analytical methods and softcomputing approaches. Analytical methods use mathematical equations to determine PV
model parameters based on the physical properties of equivalent circuits. Soft-computing
approaches usually use various algorithms to extract parameters based on experimental data
or datasheets of photovoltaic devices, and equivalent circuit equations of photovoltaic
models.

1.2 Knowledge gap
In the research of photovoltaic models under outdoor conditions, according to research by
Chin et al. [2] and Jordehi [3], a large number of researchers have accurately extracted the
parameters of the photovoltaic model based on analytical methods and soft-computing
approaches.
1
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The research of photovoltaic models under indoor conditions is still relatively small. In the
research of indoor photovoltaics, according to Bader et al. research [4], some parameter
extraction methods under outdoor conditions have been applied to indoor conditions, but
these methods belong to analytical methods. The use of soft-computing approaches to
extract photovoltaic parameters under indoor conditions is still missing.
Therefore, this thesis will focus on soft-computing approaches to extract PV model
parameters under indoor conditions.

1.3 Problem formulation
It is the overall aim of thesis to study whether the soft-computing approaches can be applied
to the extraction of photovoltaic model parameters under indoor conditions.
To determine whether soft-computing approaches can be applied to the extraction of
photovoltaic model parameters under indoor conditions, it is necessary to study from two
specific problems. The first problem is whether these soft-computing approaches can
accurately extract the parameters of the photovoltaic model under indoor conditions. Second,
the soft-computing approaches are purely mathematical methods. This method extracts the
parameters of the photovoltaic model, which is essentially the work of curve fitting. This work
actually ignores the physical meaning of the parameters of the photovoltaic model. The
photovoltaic model is essentially a physical model. When the extracted photovoltaic
parameters are applied to the physical world, it is necessary to consider whether these
parameters satisfy the physical meaning of the photovoltaic model. Therefore, whether to
obtain a small error after using soft-computing approaches scaling is the second specific
problem that thesis needs to consider.

1.4 Scope
Since the soft-computing approaches contain a variety of intelligent algorithms, in this thesis,
based on Chin et al. [2] and Jordehi's [3] summary of various soft-computing approaches, I
select three algorithms with better performance. They are the differential evolution algorithm
and the bird mating optimization algorithm using the Lambert W function to solve the
objective function, and directly introduce the differential evolution algorithm written by Dr.
Tamer Khatib and Dr. Wilfried Elmenreich using the Newton method to solve the objective
function [5] . Then use the numerical tool MATLAB to implement the three algorithms.
TM

In addition, this thesis only based on the experimental data of photovoltaic devices (IXOLAR
SolarMD SLMD600H10L) under outdoor conditions with irradiance level of 1000𝑊/𝑚7 and
100𝑊/𝑚7 . The three algorithms mentioned above are used to extract the parameters of the
photovoltaic model. The performance of the algorithm was compared under outdoor
TM
conditions. Then, based on the experimental data of the photovoltaic device (IXOLAR
2
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SolarMD SLMD600H10L) under the indoor conditions and the illumination levels of 1000𝑙𝑢𝑥,
500𝑙𝑢𝑥 and 100𝑙𝑢𝑥 , the three algorithms mentioned above are used to extract the
parameters of the photovoltaic model, and the three algorithms are The performance under
indoor conditions was analyzed and compared.
After completing the consideration of the accuracy of the algorithm extraction parameters,
the default scaling method based on De Soto et al. [6] , it was used to scale the PV parameters
extracted under 1000𝑙𝑢𝑥 to 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥 respectively, and the error obtained after
scaling was analyzed.

1.5 Outline
In the chapter 2 of this thesis, the one-diode photovoltaic model is introduced. In the chapter
3, the two algorithms used are introduced, Differential Evolution (DE) algorithm and Bird
Mating Optimizer (BMO) algorithm. The chapter 4 describes the algorithm selection method,
the method of solving the objective equation and the evaluation method of the algorithm.
The chapter 5 is the specific operation of the two algorithms in this thesis. Chapter 6 shows
the results of the thesis and an analysis of the results. In chapter 7, the conclusion is given.

3
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2 The One-diode photovoltaic model
The most common method of simulating a PV cell is to use an equivalent circuit model in
which the one-diode model is a widely used representation of a PV cell in the form of an
electrical equivalent circuit [4].
There are three one-diode models, namely ideal one-diode model, one-diode 𝑅) model,
and one-diode 𝑅& model. When choosing a one-diode model, it is usually based on the
trade-off between accuracy and simplicity. Accuracy refers, this model can accurately simulate
the electrical characteristics of PV cell, such as the relationship between the voltage and
current. Simplicity means that this model can use as few circuit components as possible under
the premise of accuracy.

2.1 The ideal one-diode model
The ideal one-diode model consists of a diode in parallel with a photocurrent source, as
shown in Figure 1. The expression for the diode current in this model is:

Figure 1 The ideal one-diode model [3]
𝑞𝑉
(2.1)
𝐼Z = 𝐼) [exp _
− 1`a
𝑎𝑘𝑇
Where 𝐼Z is diode current, 𝐼) is saturation current of diode, 𝑎 is ideality factor of diode, 𝑞
is absolute value of electric charge of an electron ( −1.60217646 × 106BC 𝐶 ) , 𝑇 is the
absolute temperature of the p-n junction in Kelvin. and 𝐾 is Boltzman constant
(−1.380653 × 10678 𝐽/𝐾). The ratio

bc
d

is known as the thermal voltage 𝑉GH .

The output current expression of this circuit is:
𝑞𝑉
(2.2)
𝐼 = 𝐼ef − 𝐼) [exp (
) − 1]
𝑎𝑘𝑇
𝐼ef representing photocurrent. The relationship between 𝐼, 𝐼ef , and 𝐼Z can also be
reflected by the Figure 2.
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Figure 2 𝐼 as superposition of 𝐼ef and 𝐼Z [2][7]

Figure 3 Three remarkable points of I-V curve of PV cell [7]
The I-V curve in the ideal one-diode model is shown in Figure 3, and there are three
remarkable points in the curve. 𝐼kl represents the short circuit current. When the circuit is
short-circuited, the diode current Id can be ignored, so the path current
𝐼kl is
approximately equal to the photocurrent during this period. 𝑉ml represents the open circuit
voltage, 𝑉L& and 𝐼L& respectively represent voltage and current at maximum power.
This model requires three parameters, namely the photocurrent (𝐼ef ), saturation current (𝐼) ),
and ideality factor (𝑎) to fully characterize the I–V characteristic curve [8].
The ideal one-diode model is very simple, but the ideal one-diode model is not used in PV
simulations and is simply used to explain theoretical concepts of PV cells [2].

2.2 The one-diode 𝑹𝒔 model
In the one-diode 𝑅) model, the resistor 𝑅) is connected in series to represent the contact
resistance between the silicon and electrodes surfaces [8].
Because in the PV cell, the contact resistance will cause current loss, in this model, a resistor
is connected in series to act as a loss current. However, in this model, the leakage current of
P–N junction is still not considered.
5
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The model is shown in Figure 4.

Figure 4 one-diode 𝑅) model [3]
The expression for this model is:
𝑞(𝑉 + 𝑅) 𝐼)
(2.3)
𝐼 = 𝐼ef − 𝐼) [exp (
) − 1]
𝑎𝑘𝑇
The model needs to determine four unknown parameters, photocurrent (𝐼ef ), saturation
current (𝐼) ), ideality factor (𝑎), series resistance (𝑅) ). Although one-diode 𝑅) model imitates
the behavior of physical PV cells, better than ideal PV cell model, its modelling accuracy is not
enough [3].

2.3 The one-diode 𝑹𝒑 model
In the one-diode 𝑅& model, the leakage current of P–N junction is considered, so a shunt
resistor is added to the model, named 𝑅& . The model is shown in Figure 5.

Figure 5 one-diode 𝑅& model [3]
The expression for this model is:
𝑞(𝑉 + 𝑅) 𝐼)
𝑉 + 𝑅) 𝐼
𝐼 = 𝐼ef − 𝐼) [exp (
) − 1] −
𝑎𝑘𝑇
𝑅&

(2.4)

The model needs to determine five unknown parameters, there are photocurrent (𝐼ef ),
saturation current (𝐼) ), ideality factor (𝑎), series resistance (𝑅) ) and shunt resistance (𝑅& ).
The one-diode 𝑅& model is often used as a model for simulating PV cells because this model
balances accuracy and simplicity, which means that in this model, contact resistance between
the silicon and the electrode surfaces is considered, the leakage current of P–N junction is
also considered, and the entire model is not as complicated as the two-diode model. In this
project, this model is chosen for use.
6
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3 Extraction of photovoltaic parameters
3.1 Overview of parameter extraction methods
After selecting the appropriate circuit model, what needs to be considered is how to
determine the parameter values of these components in the circuit model. The methods for
extracting model parameters mainly include analytical methods and soft-computing
approaches.
Analytical methods are based on the physical properties of equivalent circuits, using data
sheets from PV cell manufacturers, such as short-circuit currents, open-circuit voltages,
voltages at maximum power points, and currents at maximum power points. The parameter
values of the model are then calculated by converting the current output equation of the
equivalent circuit model.
Soft-computing approaches are typically based on experimental data or the datasheet of a
photovoltaic device, as well as the current output equation of an equivalent circuit model,
using various algorithms to extract photovoltaic model parameters. Soft-computing
approaches are essentially a curve fitting. The input of these algorithms is usually a random
number. Then these random numbers are brought into the objective function, and the value
of the objective function is calculated to determine whether the minimum objective function
value is obtained. Then, some methods are used to generate the next generation of random
numbers. The set of random numbers that can achieve the minimum objective function is the
parameter value of the photovoltaic model extracted by the algorithm.

3.2 Selection of soft-computing approaches
Based on the research results of other researchers, Chin et al. and Jordehi have compared
various soft-computing approaches.
In the literature of Jordehi [3], the authors compare different algorithms according to the
research done by other scholars. In the literature of Chin et al. [2], the author mentions 'Since
GA is the earliest soft computing method employed to extract PV cell parameters, it is often
serving as a benchmark to evaluate other more Recent algorithms’. The authors also
compared various algorithms based on related works.
I made a table for the results of the soft-computing approaches comparison. As shown in
Table 1 below. In this table, each row shows the score of the algorithm, when an algorithm is
outperformed by another algorithm, this algorithm gets -1. When an algorithm outperforms
another algorithm, this algorithm gets +1. At the end of each row is the score for that
algorithm. In this table, the first column is the type of algorithm, each of the remaining
7
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columns indicate which algorithms participated in the comparison in the previous study
comparison. For example, in the first column, the Artificial Bee Colony algorithm gets +1, and
there are six algorithms in the column to get -1, indicating that the Artificial Bee Colony
algorithm is compared with the other six algorithms, and the Artificial Bee Colony algorithm
has better performance.
Artificial Neural Network

0

Fuzzy Logic

0

Genetic Algorithm

-1

Particle Swarm Optimization

-1

-1

Differential Evolution (DE)
Adaptive Strategy DE

-1

-1

-1

-1

+1

Simulated Annealing (SA)

-1

-1

Pattern Search

-1

-1

Bacteria Foraging Algorithm

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

+1

-1

-1

-1

-1

+1

-1

0

+1

1

-1

-1
-1

+1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

-1

Innovative Global HS

-1

-1

-1

-1

-1

+1

-1

Grouping-Based Global HS

-1

Bird Mating Optimizer
(BMO)

+1

-1

-1

-1

-11

-1

-11
-1
0

+1

-1

-1

-1

-1

-4

+1

-1

-1
1

Simplified BMO
Artificial Bee Colony (ABC)
Modified-ABC
Biogeography-Based
Optimization with Mutation
Strategy

-9

-1

-1

+1
+1

-1

-1

-1

-9
-4

+1

-1
-1

-1

-1

-1

Cuckoo Search
Harmony Search (HS)

-11

-1

Repaired Adaptive JADE

-1

-1

-1

-1

-1

1
-6
1

+1

1

+1

Flower Pollination Algorithm

1

+1

Modified-Teaching Learning
Based Optimization

1

+1

Modified-Population Based
Chaos Optimization

1

+1

Hybrid of Simulated
Annealing and Levenberg–
Marquardt Algorithm

+1

Table 1 Algorithm Evaluation Score Table
Several algorithms, labeled in blue, are some of the worst-scoring algorithms that were first
eliminated. Among the remaining algorithms, some algorithms are popular, and there are
already a large number of applications in the field of extracting photovoltaic parameters, and
some algorithms are very small minority. In this thesis, the widely used DE algorithm was
chosen, and the comparatively small BMO algorithm was chosen. Both algorithms have
proven to perform well in terms of extraction accuracy, convergence speed and design
complexity [2][3]. In addition, there are large differences between the two algorithms, so the
two algorithms can be compared by calculation results, which is the reason for choosing these
8
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algorithms.

3.3 Differential evolution (DE) algorithm
The differential evolution algorithm is an evolutionary algorithm for solving the optimization
problem, which was proposed by R.Storn and K.Price for solving the Chebyshev polynomial
in 1997 [10].
The basic idea of the DE algorithm is included in the name of the algorithm, difference and
evolution. The difference is to use the two different possible solutions in the algorithm to
make a difference, in order to generate a new possible solution. Evolution is to keep the best
possible solution of each generation to the next generation, in order to make the algorithm
produce a better possible solution.
The differential evolution algorithm consists of four main steps: initialization, mutation,
intersection, and selection. At the beginning of the algorithm, generate enough random
variables as the initial possible solution. Then, using the mutation operation and the cross
operation, a plurality of possible solutions is evolved, the obtained solution is brought into
the objective function of the optimization problem, and then the selection operation is used
to leave a solution with high fitness, and the solution with low fitness is eliminated. The
mutation operation, the cross operation, and the selection operation are repeated until the
termination condition is satisfied.

3.1.1 Initialization
The DE algorithm needs to generate the initial population through the initialization operation.
The population consists of the feasible solution vector of the algorithm. In the DE algorithm,
each feasible solution vector is called an individual, and one parameter in the feasible solution
vector is called a dimension. In the problem of extracting one-diode photovoltaic model
parameters, there are five unknown parameters that need to be extracted. Therefore, in the
DE algorithm, each feasible solution vector has five dimensions, representing five parameters.
Before the initialization operation, need to set the size of the population, also need to set the
appropriate upper and lower limits for each parameter, that is, specify the feasible solution
range.
Initialization can be expressed as
s
u
{𝑥p (0) |𝑥p,r
≤ 𝑥p,r (0) ≤ 𝑥p,r
; 𝑖 = 1,2, ⋯ , 𝑁𝑃; 𝑗 = 1,2, ⋯ , 𝐷}
(3.1)
s
u
s
𝑥p,r (0) = 𝑥p,r + 𝑟𝑎𝑛𝑑(0,1) ∙ (𝑥p,r
− 𝑥p,r
)
Where 𝑥p,r (0) Indicates the 𝑖 -th individual, and 𝑗 represents the 𝑗 -th dimension. 𝑁𝑃
u
s
represents the number of populations, 𝐷 is the largest number of dimensions. 𝑥p,r
and 𝑥p,r
representing the upper and lower limits of the 𝑗-th dimension，𝑟𝑎𝑛𝑑(0,1) indicates that a
random number is taken on [0,1].

9
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For the sake of understanding, I made a diagram for each step. Assuming a population of
100, that is, the 𝑁𝑃 is 100. There are five parameters in each group of possible solutions,
that is, the 𝐷 is 5, namely a, b, c, d, and e. Then the initialization operation is as shown below.

Figure 6 Initialization of DE algorithm
Through the initialization operation, 100 sets of possible solutions are obtained. The possible
solutions after initialization play the role of providing computational data throughout the
algorithm, which are the inputs to the algorithm. After the next three operations, the data
that meets the algorithm's implementation goals will be retained and passed to the next
iteration.

3.1.2 Mutation Operation
The DE algorithm implements individual variation through a differential strategy. The
common difference strategy is to randomly select two different individuals in the population
and scale the vector difference to perform vector synthesis with the individual to be mutated.
In order to satisfy the validity of the feasible solution, it is necessary to judge whether the
parameters in the feasible solution satisfy the boundary condition. If not, it needs to be
regenerated by the random method (the same method as the initial population).
10
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The mutation operation can be expressed as
(3.2)
𝑣p (𝑔 + 1) = 𝑥RB (𝑔) + 𝐹 ∙ (𝑥R7 (𝑔) − 𝑥R8 (𝑔))
Where 𝑥RB ，𝑥R7 and 𝑥R8 are three individuals randomly selected from the population, three
individuals are different from each other, so 𝑖 ≠ 𝑟B ≠ 𝑟7 ≠ 𝑟8 , is required, and 𝑟B , 𝑟7 , 𝑟8
belongs to the interval [1, 𝑁𝑃]. 𝑣p (𝑔 + 1) is the intermediate individual generated by the
mutation operation, 𝐹 is called scaling factor, it is a certain constant and 𝑔 is the 𝑔th
generation. (𝑥R7 (𝑔) − 𝑥R8 (𝑔)) this differential operation is the key of differential evolution
algorithm [11].

Figure 7 Mutation Operation of DE algorithm
Through the mutation operation, 100 sets of mutant solutions were obtained.

3.1.3 Crossover Operation
An inter-individual crossover operation is performed on the g-th generation population
{𝑥p (𝑔)} and its mutated intermediate {𝑣p (𝑔 + 1)}.
𝑣p,r (𝑔 + 1),
𝑢p,r (𝑔 + 1) = ‡
𝑥p,r (𝑔),

𝑖𝑓 𝑟𝑎𝑛𝑑(0,1) ≤ 𝐶𝑅 𝑜𝑟 𝑗 = 𝑗RŠ‹Œ
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(3.3)

Where 𝐶𝑅 is the crossover probability, 𝐶𝑅 ∈ [0,1] , and 𝑗RŠ‹Œ is a random integer of
[1,2, ⋯ , 𝐷]. In order to ensure that each individual of the variant intermediate {𝑣p (𝑔 + 1)}
has at least one dimension passed to the next generation. The dimension of the first crossover
operation is to randomly fetch the 𝑗RŠ‹Œ bit equidistance dimension in 𝑣p (𝑔 + 1) as the
𝑗RŠ‹Œ bit equidistant dimension of the post-intersection individual 𝑢p (𝑔 + 1). Subsequent
cross operations are based on the crossover probability 𝐶𝑅 to select the equipotential
dimension of 𝑥p (𝑔) or 𝑣p (𝑔 + 1) as the equipotential dimension of 𝑢p (𝑔 + 1).
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Figure 8 Cross Operation of DE algorithm
Through the cross operation, 100 sets of crossed solutions are obtained.

3.1.4 Select Operation
In DE, the strategy of greedy choice is adopted, that is, the better individual is selected as the
new individual.
𝑢 (𝑔 + 1),
𝑥p (𝑔 + 1) = ’ p
𝑥p (𝑔),

𝑖𝑓 𝑓(𝑢p (𝑔 + 1)) ≤ 𝑓(𝑥p (𝑔))
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(3.4)

After the crossover operation is completed, the feasible solution that completes the crossover
operation and the initially generated feasible solution need to be brought into the target
equation, and the calculated fitness value is used to determine which feasible solution
(individual) is left to the next iteration. Through such an approach, the optimal solution is
preserved, and the evolution of the feasible solution is achieved [12][13].

Figure 9 Select Operation of DE algorithm

3.4 Bird Mating Optimizer (BMO)
The Bird mating optimizer is an evolutionary algorithm developed by Askarzadeh in 2014 to
12
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simulate the breeding pattern of birds [14].
In the BMO algorithm, a bird is used to represent an individual, and each individual is a
feasible solution. Different from the DE algorithm, after the initialization, the BMO algorithm
first calculates the fitness value of the feasible solution generated by the initialization before
generating the next feasible solution, and then classifies the feasible solutions generated by
these initializations.
Like birds in nature, the BMO algorithm divides birds into male and female, with females
representing the better of all individuals, typically accounting for only 10% of all individuals.
There are five modes of reproduction in the calculation (the way to generate the next
generation of feasible solutions), which are monogamous, polygynous, polyandrous,
promiscuous, and parthenogenesis.

Figure 10 Initialization of BMO algorithm

3.2.1 Monogamous
The principle of Monogamous occurs in the best male group and the entire female. For the
male bird 𝑥 that complies with the Monogamous principle, the female mating object of
interest is assumed to be 𝑥p . These female objects are selected according to the roulette
mechanism of each female individual, and the generation of the next generation of birds is
for:
𝑥“ = 𝑥 + 𝑤 × 𝑟 × (𝑥p − 𝑥)
𝑖𝑓 𝑟B > 𝑚𝑐𝑓
(3.5)
𝑥“ (𝑐) = 𝑙(𝑐) − 𝑟7 × (𝑙(𝑐) − 𝑢(𝑐))
𝑒𝑛𝑑
Where 𝑥“ is a newborn bird; 𝑤 is a time-varying weight that controls the degree of
variation of the next generation of individuals; 𝑟 is a random vector with an element range
of [0,1]; 𝑟B and 𝑟7 are random numbers between [0,1] , and 𝑚𝑐𝑓 is a mutation control
index between [0,1], which can be mutated for some individuals by judgment of both; 𝑐 is
a random integer between [1, 𝑛], the purpose of which is to randomly select the mutation
13
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target in the individual; and 𝑢 and 𝑙 respectively represent the upper and lower boundaries
of each element in the individual.

Figure 11 Monogamous of BMO algorithm

3.2.2 Polygynous
The principle of Polygynous occurs between the second-best female and the best and
second-best males. For male birds, a new offspring can be produced by mating with multiple
females, and these females are also selected through roulette mechanisms. Its mathematical
expression is as follows:
‹—

𝑥“ = 𝑥 + 𝑤 × – 𝑟 × (𝑥pr − 𝑥)
r˜B

(3.6)
𝑖𝑓 𝑟B > 𝑚𝑐𝑓
𝑥“ (𝑐) = 𝑙(𝑐) − 𝑟7 × (𝑙(𝑐) − 𝑢(𝑐))
𝑒𝑛𝑑
Where 𝑛p is the total number of mating objects, 𝑥pr is the 𝑗-th female bird, 𝑛p is the
number of mating females, and the remaining variables are the same as equation in
Monogamous.
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Figure 12 Polygynous of BMO algorithm

3.2.3 Polyandrous
Similar to the Polygynous system, in the Polyandrous system, the second-best female bird
selects multiple male mating objects through roulette, and the next generation is calculated
in the same way as Polygynous.

3.2.4 Promiscuous
In the BMO algorithm, the worst individuals in the flock use the Promiscuous approach to
produce the next generation, all of which are male individuals. First, these individuals will use
chaotic sequences for mutation processing, and the individuals obtained after processing will
follow the Monogamous way to produce the next generation.

3.2.5 Parthenogenesis
Only the best female individuals perform parthenogenesis. The process of reproduction can
be expressed mathematically as:
𝑓𝑜𝑟 𝑖 = 1: 𝑛
𝑖𝑓 𝑟B > 𝑚𝑐𝑓&
𝑥“ (𝑖) = 𝑥(𝑖) + 𝜇 × (𝑟7 − 𝑟8 ) × 𝑥(𝑖)
(3.7)
𝑒𝑙𝑠𝑒
𝑥“ (𝑖) = 𝑥(𝑖)
𝑒𝑛𝑑
𝑒𝑛𝑑
Where, 𝑚𝑐𝑓& is a mutation control index in parthenogenesis, 𝑟7 and 𝑟8 are random
15
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numbers between [0,1], and 𝜇 is a mutation degree control factor in the mutation process.
Common breeding and variation are included in the five breeding methods of the BMO
algorithm. According to the specific formula and the recommended number of breeding
methods, the ratio is 50:30:5:10:5 [14][15].

Figure 13 Polygynous of BMO algorithm
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4 Method
4.1 Method for solving theoretical current
The theoretical current and the experimental current are required to solve the fitness value of
the target equation. The experimental current is provided by my supervisor Sebastian·Bader,
and the theoretical current is calculated according to the I-V equation of a one-diode
equivalent circuit.
The I-V equation of a one-diode equivalent circuit is a highly nonlinear equation and is also
an implicit equation.
(𝑉 + 𝑅) 𝐼)
𝑉 + 𝑅) 𝐼
(4.1)
𝐼 = 𝐼ef − 𝐼) [exp (
) − 1] −
𝑎𝑉GH
𝑅&
The nonlinear equation is that the relationship between the dependent variable and the
independent variable is not linear. The so-called implicit equation refers to an equation that
cannot be placed on the same side of the equation by the conventional equation
transformation. There are two main methods for solving the implicit equation. The first
method is to convert the implicit equation to explicit. The equation, another method, is solved
by deriving the implicit equation using the Newton-Raphson method [16].
Through Lambert W function, the current and voltage of the one-diode model is converted
to an explicit equation that can be obtained [11].
𝑅& (𝐼ef + 𝐼) ) − 𝑉 𝑎𝑉GH
𝑅& 𝑅) 𝐼)
𝑅& 𝑉 + 𝑅& 𝑅) (𝐼ef + 𝐼) )
(4.2)
𝐼=
−
𝑊(
exp (
))
𝑅& + 𝑅)
𝑅)
(𝑅& + 𝑅) )𝑎𝑉GH
(𝑅& + 𝑅) )𝑎𝑉GH
The thesis uses MATLAB to write the algorithm, and the Lambert W function is embedded in
MATLAB and calling Lambert W function in MATLAB is very easy. Therefore, the Lambert W
function is used when writing the algorithm selected by the thesis.
In addition to the two algorithms written, the thesis also directly uses the DE-Newton
algorithm code provided by Dr. Tamer Khatib and Professor Dr. Wilfried Elmenreich [5]. In the
DE-Newton algorithm, the Newton method is used to solve the implicit equation and
calculate the theoretical current.

𝐼‹›B

(𝑉 + 𝐼‹ × 𝑅) )
(𝑉 + 𝐼‹ × 𝑅) )
[𝐼ef − 𝐼‹ − 𝐼) _exp _
` − 1` − (
)]
(𝑎𝑉GH )
𝑅&
= 𝐼‹ − {
}
(𝑉 + 𝐼‹ × 𝑅) )
𝑅
𝑅
[−1 − 𝐼) × _ ) ` exp _
` − 𝑅) ]
(𝑎𝑉GH )
(𝑎𝑉GH )
&

(4.3)

4.2 Method of evaluating algorithms
In order to study the first specific question raised in thesis, whether these soft-computing
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approaches can accurately extract the parameters of the photovoltaic model under indoor
conditions, I have processed and analyzed the PV parameters extracted by the algorithm in
the following four ways.

4.2.1 Calculating the average
The same algorithm, even if using the same algorithm parameters, experimental data and PV
parameters upper and lower limits, the results of running twice will be a little different. This is
because the I-V equation of the one-diode equivalent circuit is a highly nonlinear implicit
equation. The theoretical current value obtained by solving the Lambert W function and the
Newton method is itself an approximation. Each time the algorithm is run, the input to the
algorithm is a different random number, and the theoretical current solved is an
approximation, which results in different PV parameters for the algorithm each time.
Before the formal experiment, I separately calculated the photovoltaic parameters obtained
by running the 100 calculations under the illumination level of 500𝑙𝑢𝑥 for the three
algorithms used by thesis, as shown in the Figure 14, Figure 15, Figure 16.

Figure 14 DE-Lambert W extracts 100 results under 500 lux conditions
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Figure 16 DE-Newton extracts 100 results under 500 lux conditions

Figure 15 BMO extracts 100 results under 500 lux conditions
19
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It can be seen from the variation curve of each photovoltaic parameter that most of the time,
the difference between the photovoltaic parameters is small, which is the result of the
objective function and the upper and lower limits of the parameters. For big difference
extraction result of a few, it can be removed and re-run the algorithm to obtain small
difference extraction results.
However, in order to compare the PV parameters extracted between different algorithms, we
can't just compare the algorithm once, because in a certain algorithm operation, it is possible
that the DE algorithm extracts more accurate PV parameters, or it may be BMO algorithm
extracted more accurate photovoltaic parameters.
Therefore, in thesis, each algorithm runs 100 times under different experimental data, and
averaged to avoid extreme values.

4.2.2 RMSE
RMSE (root-mean-square error), the root mean square error is also called the standard error,
which is the square root of the ratio of the square of the predicted value to the measured
value and the ratio of the measured times.
Ÿ (𝐼M − 𝐼& )7
𝑅𝑀𝑆𝐸 = ž p˜B
𝑁

(4.4)

In this thesis, 𝑁 is the number of experimental data, 𝐼M is the experimental current value,
𝐼& is the predicted current value calculated by the algorithm.
In this thesis, the root mean square error is used to measure the deviation between the
calculated theoretical current and the measured current. The root mean square error is very
sensitive to the very large or very small error in a set of predictions, so the root mean square
error can well reflect the precision of the prediction. However, it is difficult to estimate the
difference between the theoretical current value and the measured current value by this
indicator.

4.2.3 MAPE
Mean absolute percentage error:
𝑀𝐴𝑃𝐸 =

𝐼M − 𝐼&
100%
¡|
|
𝑁
𝐼M

(4.5)

p˜B

In this thesis, 𝑁 is the number of measured values, 𝐼M is the experimental current value, 𝐼&
is the predicted current value calculated by the algorithm.
In this thesis, MAPE is used to measure the accuracy of the prediction results. MAPE has
shortcomings in practical applications. When there is a measured current value of 0, the
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MAPE cannot be calculated in this case because it is divided by the measured current value.
In the experimental data obtained by the thesis, there is indeed data with a current value of
0. Therefore, when calculating the MAPE, it is necessary to discard the data of the current
value of 0 [17].
The reason why both RMSE and MAPE are used is because RMSE pays more attention to the
entire I-V curve, which evaluates the difference between the theoretical I-V curve and the
experimental I-V curve. The MAPE compares the difference between each theoretical current
and the experimental current. Therefore, the trend for the I-V curve can be evaluated by
RMSE, and the calculated theoretical current value can be evaluated by MAPE.

4.2.4 Time
The complexity of an algorithm can be evaluated by the time the algorithm is running. In
thesis, before comparing the running times of different algorithms, considering that each
algorithm uses different random numbers as input, the calculation time of each running
algorithm will be different, so the running time of the algorithm is also averaged.

4.3 Default scaling method
The algorithm extracts the parameters of the photovoltaic model, which is essentially a curve
fitting work. These extracted photovoltaic parameters have no practical physical meaning.
In thesis, the five parameters in the one-diode model used have their specific physical
meaning. In addition, for the study of photovoltaics under indoor conditions, the photovoltaic
parameters extracted in the study should be applied to the one-diode equivalent circuit.
Therefore, whether the parameters extracted by the algorithm meet the physical meaning of
the photovoltaic model parameters is a problem that must be considered.
The Scaling method can scale the parameters according to the relationship between the
photovoltaic parameters and the irradiance and use the parameters after scaling to calculate
the theoretical current under the irradiance and can determine whether the extracted
photovoltaic parameters are in accordance with the relationship with the irradiance. Therefore,
it is judged whether the photovoltaic parameter extracted by the algorithm satisfies the
physical meaning of the one-diode model.
In the summary of Bader et al. [4] use of analytical methods to extract photovoltaic parameters
based on indoor conditions, a default scaling approach is mentioned, in which the same
method is used to scale the photovoltaic parameters extracted by the soft computing method.
This approach is based on De Soto et al. [6]. In this method, 𝐼&' is proportional to irradiance,
𝑅& is inversely proportional to irradiance, and 𝑎, 𝑅) , 𝐼) are independent of irradiance level.
𝐼&' and 𝑅& are determined according to the following expressions,
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𝐼&' =

𝐺
𝐼
𝐺RMS &',RMS

(4.6)

𝐺RMS
(4.7)
𝑅
𝐺 &,RMS
𝐼&',RMS and 𝑅&,RMS are the photovoltaic current and shunt resistance extracted under
reference conditions, 𝐺 is the illumination level to be scaled to, and 𝐺RMS is the illumination
level under the reference condition.
𝑅& =
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5 Implementation
In thesis, I use the numerical tool MATLAB to implement. First, a rich set of functions is
embedded in MATLAB, and the Lambert W function needed in thesis is embedded in MATLAB.
In addition, thesis involves a large number of random number calculations, as well as curve
fitting work, and MATALB is suitable for these tasks. Therefore, in thesis, choose to use
MATLAB to write the algorithm.

5.1 Implementation of the DE algorithm
The flow chart is used to demonstrate the whole process of the DE algorithm in MATLAB, as
shown in the Figure 17. In the flow chart, the number contained in this step is indicated below
each step. Below the flow chart, each step is described in detail.

Figure 17 Flow chart of DE algorithm
1) Set the parameters of the DE algorithm, including the mutation factor, crossover rate factor,
Maximum generation number, the size (quantity) of the solution vector, and the dimension
of each solution vector. In addition, the upper and lower limits of the solution vector are also
set;
2) opening up memory space for the initial solution vector and the intermediate variable used
to store the better solution;
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3) starting the iteration, assigning a random number between (0, 1) to the solution vector as
the initial solution vector;
4) Determine whether the maximum number of iterations is reached;
5) Select three mutually different solution vectors from the population consisting of solution
vectors, and use the mutation operator and three solution vectors to perform the operation
to obtain a modified solution vector;
6) Determine whether the solution vector after the mutation exceeds the boundary;
7) According to the result of comparing the cross probability with the random number, the
parameter in the initial solution vector or the parameter in the solution vector obtained after
the mutation is assigned to a new solution vector, and the solution vector is called the solution
vector after the intersection;
8) Bring the initial solution vector and the intersected solution vector into the objective
function, calculate the function value, and compare the two function values. This function
value is actually the error between the theoretical current value and the actual current value.
The smaller the error, the more accurate the prediction result. A solution vector with a small
error value is reserved and passed to the next iteration.
9) Add 1 to the number of iterations
10) Repeat the iterative process, steps 4) to 9)
11) After the maximum number of iterations is reached, the loop terminates. The value of the
optimal solution vector obtained by the DE algorithm is taken as the extracted photovoltaic
parameter value.
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5.2 Implementation of the BMO algorithm
The flow chart is used to demonstrate the whole process of the BMO algorithm in MATLAB,
as shown in the Figure 18. In the flow chart, the number contained in this step is indicated
below each step. Below the flow chart, each step is described in detail.

Figure 18 Flow chart of BMO algorithm
1) setting the parameters of the BMO algorithm, including mutation factor, crossover rate
factor, Mutation control indicators in non-partite reproduction, Mutation control index in
parthenogenesis, Mutation degree control factor in mutation process, Maximum generation
number, scale of the solution vector (quantity), the dimension of each solution vector. In
addition, the upper and lower limits of the solution vector are also set;
2) opening up memory space for the initial solution vector and the intermediate variable used
to store the better solution;
3) Give the solution vector a random number between (0, 1) as the initial solution vector.
4) Start the iteration, first bring the initial solution vector into the objective function and
calculate the function value of each initial solution vector, that is, the error between the
theoretical current and the actual current.
5) Determine whether the maximum number of iterations is reached;
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6) According to the size of the objective function value, the initial solution vector is classified
into two categories, which are called male solution vector and female solution vector. The
female solution vector is the optimal part of all initial solution vectors. Then the male solution
vector is divided into three categories: best, second best, and poor, and the female solution
vector is divided into two categories: best and second best;
7) Various types of solution vectors, which are propagated in a way that produces the next
generation.
7.1) The best female solution vector, the next generation in the form of parthenogenesis;
7.2) The best male solution vector can generate the next generation in a monogamous
manner with the entire female solution vector;
7.3) The best and second best two types of male solution vectors, and the multiple solution
vectors selected by the roulette mechanism in the next best female solution vector, to
produce the next generation in a polygynous manner;
7.4) the second-best female solution vector and the multiple male solution vectors selected
by the roulette mechanism, generating the next generation in the manner of polyandrous;
7.5) The worst male solution vector, in the promiscuous way, produces the next generation.
8) The newly generated solution vector through the above five methods will be brought into
the objective function to calculate the error. Compare the error calculated by the newly
generated solution vector with the error calculated by the initial solution vector. A solution
vector with a small error value is reserved and passed to the next iteration.
9) Add 1 to the number of iterations
10) Repeat the iterative process, steps 5) to 9)
11) After the maximum number of iterations is reached, the loop terminates. The value of the
optimal solution vector obtained by the BMO algorithm is taken as the extracted photovoltaic
parameter value.
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6 Result and analysis
The three selected algorithms, DE-Lambert W, DE-Newton, BMO, were used to implement
outdoor experimental data and indoor experimental data. All three algorithms have
completed the extraction of five photovoltaic parameters.
Before running the algorithm, special settings are made for the internal parameters of the
three algorithms, that is, the consistency of the common parameters of the three algorithms,
such as the number of iterations, the population size, the mutation probability, the crossover
probability, and the range of the solution.

6.1 Use RMSE and MAPE to evaluate algorithms
Table 2 and Table 3 show the average of the PV parameters obtained from the three
algorithms based on outdoor experimental data and indoor experimental data.
Under outdoor conditions, the average value of RMSE is in the range of [3.0548𝑒 −
05𝐴, 4.0058𝑒 − 04𝐴], and the average value of MAPE is in the range of [0.8651%, 1.8923%],
indicating that the three algorithms can be used under outdoor conditions.

Method
DE-Lambert W

DE-Newton
BMO

𝑊
𝐸[ 7 ]
𝑚

𝑎

𝐼&' [𝐴]

𝐼) [𝐴]

𝑅) [Ω]

𝑅& [Ω]

𝑅𝑀𝑆𝐸[𝐴]

𝑀𝐴𝑃𝐸[%]

𝑡[𝑠]

1000

21.4884

0.0232

2.1546e-07

0.7764

8.9585e+03

1.9942e-04

0.9531

12.0669

100

22.7409

0.0046

3.1897e-07

2.2315

1.9023e+04

3.0548e-05

0.8841

10.5446

1000

20.4433

0.0273

1.3682e-07

2.8836

4.6214e+04

4.0058e-04

1.8923

34.0017

100

22.7475

0.0046

3.2040e-07

2.1835

1.9102e+04

3.0586e-05

0.8841

32.6315

1000

19.9106

0.0232

9.2818e-08

3.2941

6.3000e+03

1.8614e-04

0.9154

15.2883

100

22.8728

0.0046

3.3776e-07

0.8550

1.9218e+04

3.0552e-05

0.8651

14.5601

Table 2 Operation results of three algorithms at outdoor irradiance levels

Figure 19, Figure 20, Figure 21 show the I-V curve and P-V curve plotted from the outdoor
experimental data and the data calculated by the three algorithms. Under outdoor conditions,
when the irradiance level is 1000𝑊/𝑚7 , the PV parameters calculated based on the three
algorithms can accurately draw the shape of the curve.
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Figure 19 I-V curve and P-V curve of DE-Lambert W algorithm at irradiance level is 1000𝑊/𝑚7

Figure 20 I-V curve and P-V curve of DE-Newton algorithm at irradiance level is 1000𝑊/𝑚7
Under indoor conditions, the average value of RMSE is in the range of [7.2437𝑒 −
09𝐴, 2.6352𝑒 − 07]. The DE-Newton algorithm obtains MAPE is 21.1919% at illumination
level of 100𝑙𝑢𝑥 . The average value of other MAPE is [0.1662%, 0.4695%] range. It is
indicated that the DE-Lambert W and BMO algorithms still extract accurate PV parameters in
indoor low light conditions. The DE-Newton algorithm can extract accurate PV parameters
with illumination level of 1000𝑙𝑢𝑥 and 500𝑙𝑢𝑥, but there is a large deviation in the extracted
PV parameters when the illumination levels is 100𝑙𝑢𝑥.
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Figure 21 I-V curve and P-V curve of BMO algorithm at irradiance level is 1000𝑊/𝑚7
Method
DE-Lambert W

DE-Newton

BMO

1000

𝑎
21.4579

𝐼&' [𝐴]
7.2660e-05

𝐼) [𝐴]
2.8954e-07

𝑅) [Ω]
952.8117

𝑅& [Ω]
9.9133e+05

𝑅𝑀𝑆𝐸[𝐴]
7.8243e-08

500

21.6186

3.5932e-05

3.0630e-07

211.1137

7.3121e+05

3.4496e-08

0.1662

14.0814

100

23.5382

7.6761e-06

4.3999e-07

37.3349

9.1481e+05

7.2437e-09

0.1848

9.6067

1000

22.9341

7.2476e-05

4.2373e-07

376.8119

4.0016e+06

9.4834e-08

0.3283

31.8926

500

22.2575

3.5879e-05

3.6539e-07

126.1665

3.3547e+08

6.0580e-08

0.4695

32.6236

100

36.7942

1.2723e-05

2.5646e-06

7.8302e+04

1.7579e+09

2.6352e-07

21.1919

29.1053

1000

22.4516

7.2520e-05

3.7850e-07

570.1052

1.5738e+06

9.0457e-08

0.2744

18.5351

500

21.7869

3.5918e-05

3.1939e-07

87.5560

7.5084e+05

3.5156e-08

0.1892

15.6943

100

24.6834

7.6600e-06

5.2472e-07

59.1972

1.0930e+06

9.7062e-09

0.4419

13.5402

𝐸f [𝑙𝑢𝑥]

Table 3 Operation results of three algorithms at indoor illumination levels

Figure 22 I-V curve and P-V curve of DE-Lambert W algorithm at illumination level is 100𝑙𝑢𝑥
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Figure 23 I-V curve and P-V curve of DE-Newton algorithm at illumination level is 100𝑙𝑢𝑥

Figure 24 I-V curve and P-V curve of BMO algorithm at illumination level is 100𝑙𝑢𝑥

Figure 22, Figure 23, Figure 24 show the I-V and P-V curves plotted from the indoor
experimental data and the data calculated by the three algorithms. Under indoor conditions,
when the illumination level is 100𝑙𝑢𝑥 , both DE-Lambert W and BMO algorithms can
accurately plot the shape of the curve. In the DE-Newton algorithm, when the illumination
level is 100𝑙𝑢𝑥, there is a clear deviation between experimental I-V curve and theoretical IV curve.
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Comparing the average of MAPE with three algorithms in outdoor conditions of 1000𝑊/𝑚7
and 100𝑊/𝑚7 , the BMO algorithm obtains the lowest average of MAPE, and the DE-Newton
algorithm obtains higher MAPE at 1000𝑊/𝑚7 . Comparing the average MAPE of the three
algorithms under indoor conditions, the BMO algorithm still obtains the lowest average MAPE
when the illumination levels is 1000𝑙𝑢𝑥, but the DE-Lambert W algorithm obtains the lowest
MAPE average when the illumination levels is 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥. value. The DE-Newton
algorithm always gets a higher MAPE.

Figure 25 Histogram of RMSE for DE-Lambert W at illumination level is 500𝑙𝑢𝑥
To further compare the errors of the three algorithms, a histogram was made for the 100
RMSEs of the three algorithms. Taking indoor illumination level of 500 𝑙𝑢𝑥 as an example,
Figure 25, Figure 26, Figure 27 show the RMSE histogram of the three algorithms under this
condition. The image shows that at the illumination levels of 500𝑙𝑢𝑥, the full RMSE of the
DE-Lambert W algorithm is concentrated in a very small interval, and the BMO algorithm has
94% of the RMSE concentrated in the range of [3.4𝑒 − 8𝐴, 3.6𝑒 − 8𝐴], 78% of the RMSE of
the DE-Newton algorithm is concentrated in the range of [0, 5𝑒 − 8𝐴]. This indicates that
under this condition, the DE-Lambert W algorithm has a higher probability of obtaining small
errors, that is, there is a greater probability of extracting accurate photovoltaic parameters,
and the BMO algorithm is second. The maximum error of the DE-Lambert W algorithm is
3.4496𝑒 − 08 , the maximum error of the DE-Newton algorithm is 9.5347𝑒 − 07 , the
maximum error of the BMO algorithm is 4.7321𝑒 − 08.
As mentioned in chapter 4.2.1, the problem of getting different results each time the
algorithm is run. Since each algorithm will get different results, you will get different errors. It
is therefore necessary to run multiple algorithms and averaged to avoid extreme values.
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Figure 26 Histogram of RMSE for BMO at illumination level is 500𝑙𝑢𝑥

Figure 27 Histogram of RMSE for DE-Newton at illumination level is 500𝑙𝑢𝑥
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6.2 Use remarkable points to evaluate the algorithm
1000 𝑊 ∙ 𝑚67

1000𝑙𝑢𝑥

100𝑙𝑢𝑥

𝑉KJ [𝑉]

𝐼)J [𝐴]

𝑉L& [𝑉]

𝐼L& [𝐴]

𝑉KJ [𝑉]

𝐼)J [𝐴]

𝑉L& [𝑉]

𝐼L& [𝐴]

𝑉KJ [𝑉]

𝐼)J [𝐴]

𝑉L& [𝑉]

𝐼L& [𝐴]

Measured

6.393

0.024

5.143

0.021

3.011

7.262e-05

2.080

5.686e-05

1.606

7.660e-06

1.006

4.691e-06

DE-Lambert W

6.393

0.023

5.094

0.020

3.011

7.255e-05

2.098

5.619e-05

1.606

7.676e-06

0.985

4.782e-06

DE- Newton

6.393

0.023

5.094

0.020

3.011

7.239e-05

2.095

5.618e-05

1.606

7.608e-06

0.976

4.820e-06

BMO

6.393

0.023

5.115

0.021

3.011

7.244e-05

2.098

5.615e-05

1.606

7.627e-06

0.985

4.785e-06

Table 4 Remarkable Points Calculated by Three Algorithms
Table 4 shows the comparison of the remarkable points calculated by the three algorithms
with the remarkable points in the experimental data. All three algorithms can accurately
predict the remarkable points. Under outdoor conditions, the BMO algorithm obtains more
accurate remarkable points when the irradiance level is 1000𝑊/𝑚7 . In indoor conditions, the
DE-Lambert W algorithm obtains more accurate remarkable points when the illumination
level is 1000𝑙𝑢𝑥 and 100𝑙𝑢𝑥.

6.3 Use runtime to evaluate the algorithm
Table 2 and Table 3 record the time from the start of the calculation to the result of the
calculation, which can reflect the complexity of an algorithm. Under outdoor and indoor
conditions, the DE-Lambert W algorithm can calculate the results faster, and the BMO
algorithm is second. This is related to the population classification of the BMO algorithm at
initialization. The DE-Lambert W algorithm does not have the same population classification
as the BMO algorithm. The calculation process of DE-Newton algorithm takes the longest
time, which is related to the evaluation method of the objective function adopted by DENewton algorithm.
Based on the above comparison, in the outdoor case, the BMO algorithm has better
performance and can extract photovoltaic parameters more accurately. In indoor situations,
the DE-Lambert W algorithm has superior performance and enables faster and more accurate
extraction of photovoltaic parameters.

6.4 Use scaling method to analyze physical meaning
So far, only DE-Newton has made large errors at 100𝑙𝑢𝑥. In other cases, all three algorithms
have been proven to accurately extract the parameters of the photovoltaic model. But in fact,
the above work is essentially a work of curve fitting and algorithm optimization. The
photovoltaic model selected for this thesis is a physical model, and each photovoltaic
parameter has its physical meaning. In order to study the photovoltaic parameters extracted
by the algorithm, whether the physical meaning of the photovoltaic model can be described,
so according to the scaling method summarized by Bader et al. [4], the photovoltaic
parameters extracted under 1000𝑙𝑢𝑥 are scaled to 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥.
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Figure 28 Influence of parameter scaling on the MAPE. Parameters are extracted at 1000𝑙𝑢𝑥 and then scaled to 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥 .

Figure 28 shows the scaling of the PV parameters extracted at 1000𝑙𝑢𝑥 under indoor
conditions, then scaled to 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥. After scaling to 500𝑙𝑢𝑥, the errors of the
three algorithms ranged from 10.0378% to 15.781%. After scaling to 100𝑙𝑢𝑥, the errors of
the three algorithms ranged from 41.2738% to 68.4686%. Whether it is scale to 500𝑙𝑢𝑥
or 100𝑙𝑢𝑥, a large error is obtained. Furthermore, as the illumination levels decreases, the
error for describing physical performance is increasing.

6.5 Use calculation results to analyze physical meaning
In addition to using the scaling method to determine whether the algorithm satisfies the
physical meaning of the photovoltaic model, it can also be directly judged by the calculation
result of the algorithm.
Based on the default scaling method, 𝐼&' is proportional to irradiance, 𝑅& is inversely
proportional to irradiance, and 𝑎, 𝑅) , 𝐼) are independent of irradiance level. Using extracted
photovoltaic parameters at 1000𝑙𝑢𝑥, the theoretical curves of illumination levels and 𝐼&' ,
and the theoretical curves of illumination levels and 𝑅& are plotted. Then 𝐼&' and 𝑅&
calculated by three algorithms under 100 lux and 500 lux are marked on the graph. As shown
in Figure 29, Figure 30, Figure 31.
It can be seen that the calculated 𝐼&' of the three algorithms is consistent with the change
of illumination levels and photocurrent, but the calculated 𝑅& of the three algorithms is far
from the variation of illumination levels and shunt resistance.
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Figure 29 Relationship between illumination levels with 𝐼&' and 𝑅& in DE-Lambert W

Figure 30 Relationship between illumination levels with 𝐼&' and 𝑅& in DE-Newton
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Figure 31 Relationship between illumination levels with 𝐼&' and 𝑅& in BMO
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7 Conclusion
According to the above results and analysis, in the indoor case, only the DE-Newton
algorithm achieves a large error when the illumination level is 100𝑙𝑢𝑥. Other algorithms are
able to accurately extract the photovoltaic parameters of the one-diode model under indoor
conditions.
The photovoltaic parameters extracted by the three algorithms at 1000𝑙𝑢𝑥 were scaled to
500𝑙𝑢𝑥 and 100𝑙𝑢𝑥, respectively, and the poor results were obtained, and the lower the
illumination levels, the larger the error obtained. In addition, the 𝑅& calculated by three
algorithms does not conform to the variation of illumination levels and shunt resistance.
Therefore, the photovoltaic parameters extracted by soft-computing approaches cannot
satisfy the physical meaning of the photovoltaic parameters. In the research of Bader et al. [4]
on analytical methods, Brano et al. [19] and Villalva et al. [20] both obtained smaller errors in
scaled to 500𝑙𝑢𝑥 and 100𝑙𝑢𝑥.
Therefore, under indoor conditions, in the photovoltaic parameter extraction of one-diode
model, using soft-computing approaches is unreliable.
TM

Since in this thesis, only the experimental data of a photovoltaic device (IXOLAR SolarMD
SLMD600H10L) is used for parameter extraction, future researchers should confirm the results
on other photovoltaic devices. In addition, thesis only implements three algorithms in softcomputing approaches, and the results of a large number of other soft-computing
approaches for extracting photovoltaic parameters under indoor conditions still require
confirmation from future research.
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Appendix I
1. %%%% MATLAB code of DE algorithm %%%%
2. %%%% file name: DE_LambertW_500lux.m %%%%
3.
4. %% Empty environment variables
5. clc;
6. clear all;
7. close all;
8.
9. t = zeros(1,100);

% Record algorithm time

10.
11. for index = 1:1;

% File name index

12.
13. warning off
14. load indoor_crys

% Loading indoor experimental data.

15. data = iv_500;

% Loading indoor experimental data under 500lux.

16.
17. %%
18. tic

% Start recording algorithm runtime

19. G = 1;

% First generation

20. Generation = 600;
21. Np = 100;

% Maximum generation number

% Size of population (number of individuals)

22. D = 5;

% Dimension of problem (5-parameters of PV module)

23. F0 = 0.5;

% Mutation factor

24. CR = 0.9;

% Crossover rate factor

25. Restart = 1+1;

% Number of restarts

26. Ge = zeros(1,Np); % Reserve storage space for large matrices
27. Bestx = zeros(Np,D); % Optimal solution of each generation
28. % The MATLAB language has no dimension statements, and MATLAB automatically
allocates storage for the matrix.
29. % However, for large matrices, if you use the 0 function to make room for a
matrix,
30. % the MATLAB program can execute faster because its elements generate a matr
ix each time, or only one row at a time or a row.
31.
32. xLimit = [0 2000;0 5000000;0 100;0 8;1e12 1];

% Set upper and lower limits for five PV parameters:Rs,Rp,a,Ipv,Is

33. for i = 1 : D
34.

if xLimit(i) < 0

35.
36.

xLimit(i) = 0;
end

37. end
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38. for i = 1: Np
39.

% For all individuals vector

pop(i,:) = xLimit(1:D)+(xLimit(D+1:end)xLimit(1:D)).*rand(1,D);

%Initializing the individuals vector

40. end
41.
42. X0{1} = pop;

% Specified the parameter's value from population

43. X = X0{1};

% Set the intermediate variable bring-in algorithm

44.
45. % Candidate solution initialization
46. X_mutation = zeros(Np,D);
47. X_crossover = zeros(Np,D);
48. X_selection = zeros(Np,D);
49. value = zeros(1,Np);
50.
51. r = 1;

% Start iteration

52. while r < Restart
53.

G = 1;

% Initialize generation

54.

Gmax = Generation;

55.

if r > 1

56.

X0{r} = X;

57.

for i = 1: Np

58.

pop(i,:) = xLimit(1:D)+(xLimit(D+1:end)xLimit(1:D)).*rand(1,D);

59.

end

60.

X = pop;

61.

end

62.

while G <= Gmax

63.

G

64.

for i = 1 : Np

65.

while

% Calculate the initial solution vector

1

66.

% Select three different individuals from the population

67.

a = 1;

68.

b = Np;

69.

dx = randperm(b-a+1)+a-1;

70.

j = dx(1);k = dx(2);p = dx(3);

71.

if j == i

72.
73.

j = dx(4);
elseif k == i

74.
75.

% Random arrangement

k = dx(4);
elseif p == i

76.

p = dx(4);

77.

end

78.

% to ensure the individuals are not the same as each other

79.
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80.

% Using the mutation operator and three solution vectors to
do the operation

81.

% Get a mutated solution vector

82.

namd = exp(1-Gmax/(Gmax+1-G));

83.

F = F0*2.^namd;

84.

bon = X(p,:)+F*(X(j,:)-X(k,:)); % mutation operator

85.
86.

if mean(bon >= xLimit(1:D)) == 1 && mean(bon <= xLimit(D+1:2
*D)) == 1

87.

% Prevent variation beyond boundaries

88.

X_mutation(i,:) = bon;

89.

break;

90.

else

91.

% Variation beyond the boundary

92.

continue;

93.

end

94.

end

95.

end

96.
97.

% Crossover operation

98.

for i = 1 : Np

99.

if rand > CR

100.

X_crossover(i,:) = X(i,:);

101.

else

102.

X_crossover(i,:) = X_mutation(i,:);

103.

end

104.

end

105.

% According to the result of comparing the crossover factor with th

e random number,
106.

% the parameter in the initial solution vector or the parameter in

the solution vector
107.

% obtained after the mutation is assigned to a new solution vector,

108.

% and the solution vector is called the solution vector after the c

rossover;
109.
110.

% Select operation

111.

[err1] = funyc(X_crossover,data);

% Calculate the error of the sol

ution vector after crossover
112.

[err2] = funyc(X,data);

% Calculate the error of the ini

tial solution vector
113.
114.
115.

for i = 1 : Np
if err1(i) < err2(i)
X_selection(i,:) = X_crossover(i,:);
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116.

value(i) = err1(i);

117.

else

118.

X_selection(i,:) = X(i,:);

119.

value(i) = err2(i);

120.

end

121.

end

122.

% Small error is passed to the next generation

123.
124.

min_value(G,r) = min(value);

125.

locate = find(value == min(value));

126.

min_X(1:D,G,r) = X_selection(locate(1),:);

n curves
127.
128.

G = G + 1;

129.

X = X_selection;

130.

end

131.

r = r + 1;

132. end
133. X0{r} = X;
134.
135. t(index) = toc;

% Stop recording run time

136.
137.
138.
139. % Draw an iterative graph
140. % h=figure(2*index-1);
141. figure
142. subplot(6,1,1)
143. plot(min_value)
144. title('fx')
145.
146. subplot(6,1,2)
147. drawX = squeeze(min_X(1,:,:));
148. plot(drawX)
149. title('Rs')
150.
151. subplot(6,1,3)
152. drawX = squeeze(min_X(2,:,:));
153. plot(drawX)
154. title('Rp')
155.
156. subplot(6,1,4)
157. drawX = squeeze(min_X(3,:,:));
158. plot(drawX)
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159. title('a')
160.
161. subplot(6,1,5)
162. drawX = squeeze(min_X(4,:,:));
163. plot(drawX)
164. title('Ipv')
165.
166. subplot(6,1,6)
167. drawX = squeeze(min_X(5,:,:));
168. plot(drawX)
169. title('Is')
170.
171. % set(h,'visible','off');
172. % str1=sprintf('1000W(%d)',index);
173. % saveas(h,str1,'jpg');
174.
175. % Optimal solution assignment to each parameter
176. fx_best = min_value(600);
177. Rs_best = min_X(1,600,1);
178. Rp_best = min_X(2,600,1);
179. a_best = min_X(3,600,1);
180. Ipv_best = min_X(4,600,1);
181. Is_best = min_X(5,600,1);
182.
183. x = X;
184. T = 296.8790;

% Temperature(K)

185. k = -1.380653*10^-23;

% Boltzmann's constant(J/K)

186. q = -1.60217646*10^-19;

% Electron charge(C)

187. Vth = (k*T)/q;

% Thermal voltage(V)

188. % p=figure(2*index);
189. figure(2)
190. plot(data(:,1),data(:,2)) % Drawing experimental data curve
191. hold on
192. for i = 1 : size(x,1)
193.
194.

% Computing prediction current

ff = (x(i,2)*(x(i,4)+x(i,5))-data(:,1))./(x(i,2)+x(i,1)) - ...
x(i,3)*Vth./x(i,1).*lambertw(0,(x(i,2)*x(i,1)*x(i,5))./((x(i,2)+x(i

,1))*x(i,3)*Vth).* ...
195.

exp((x(i,2)*data(:,1)+x(i,2)*x(i,1)*(x(i,4)+x(i,5)))./(x(i,3)*Vth*(

x(i,2)+x(i,1)))) );
196.

plot(data(:,1),ff)

% Drawing prediction data curve

197.

xlabel('Voltage / V')

198.

ylabel('Current / A')

199.

title('experimental I-V curve & theoretical I-V curve')

200. end
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201.
202. % legend('experimental I-V curve','theoretical I-V curve')
203. % set(p,'visible','off');
204. % str2=sprintf('1000Wplot(%d)',index);
205. % saveas(p,str2,'jpg');
206.
207. % Used to calculate MAPE and RMSE
208. Ie = data(1:861,2);
209. Ve = data(1:861,1);
210. Ip = ff(1:861);
211. Vp = data(1:861,1);
212.
213. RMSE = sqrt((1/length(Vp))*sum((Ip-Ie).^2));

% Calculate RMSE

214. MAPE = 100*(1/length(Vp))*(sum(abs((Ie-Ip)./Ie)));

% Calculate MAPE

215.
216. % save(['/implementation/result/Lambert W/indoor/500lux/data/500lux',num2st
r(index),'.mat'],'fx_best','Rs_best','Rp_best','a_best','Iph_best','Is_best'
,'MAPE');
217. end
218. % save(['/implementation/result/Lambert W/indoor/500lux/500lux_t','.mat'],'
t');

1. %%%% MATLAB code of DE algorithm %%%%
2. %%%% file name: error_function.m %%%%
3.
4. function f = funyc(x,data)
5. N = size(data,1);

% length of experimental data

6. T = 296.8790;

% Temperature(K)

7. k = -1.380653*10^-23;

% Boltzmann's constant(J/K)

8. q = -1.60217646*10^-19;

% Electron charge(C)

9. Vth = (k*T)/q;

% Thermal voltage(V)

10.
11. for i = 1 : size(x,1)

% Calculate prediction current using Lambert W fun

ction
12.

ff = (x(i,2)*(x(i,4)+x(i,5))-data(:,1))./(x(i,2)+x(i,1)) - ...

13.

x(i,3)*Vth./x(i,1).*lambertw(0,(x(i,2)*x(i,1)*x(i,5))./((x(i,2)+x(i,1))*
x(i,3)*Vth).* ...

14.

exp((x(i,2)*data(:,1)+x(i,2)*x(i,1)*(x(i,4)+x(i,5)))./(x(i,3)*Vth*(x(i,2
)+x(i,1)))) );

15.

f(i) = norm(ffdata(:,2))/sqrt(N);

% Calculate the error according to the objective functi

on
16. end
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Appendix II
1. %%%% MATLAB code of BMO algorithm %%%%
2. %%%% file name: BMO_500lux.m %%%%
3.
4. %% Empty environment variables
5. clc;
6. clear all;
7. close all;
8.
9.
10. t = zeros(1,100);

% Record algorithm time

11.
12. for nndex = 1:1;

% File name index

13.
14. warning off
15. load indoor_crys

% Loading indoor experimental data.

16. data = iv_500;

% Loading indoor experimental data under 500lux.

17.
18. %%
19. tic

% Start recording algorithm runtime

20. G = 1;

% First generation

21. Generation = 600;
22. Np = 100;
23. D = 5;

% Maximum generation number

% Size of population (number of individuals)
% Dimension of problem (5-parameters of PV module)

24. F0 = 0.5;

% Mutation factor

25. CR = 0.9;

% Crossover rate factor

26. mcf = 0.7;

% Mutation control indicators in non-Parthenogenesis

27. mcfp = 0.8;

% Mutation control indicators in Parthenogenesis

28. u0 = 0.3;

% Mutation degree control factor in mutation process

29.
30. female_num = round(Np*0.1);

% Female quantity

31. male_good_num = round(Np*0.1);

% Number of male Monogamous

32. male_sec_num = round(Np*0.3);

% Number of male Polygynous

33. male_bad_num = Np - female_num - male_good_num - male_sec_num 1;

% Number of males being eliminated

34.
35. xLimit = [0 2000;0 5000000;0 100;0 8;1e12 1]; % Set upper and lower limits for five PV parameters:Rs,Rp,a,Ipv,Is
36. for i = 1 : D
37.

if xLimit(i) < 0

38.
39.

xLimit(i) = 0;
end
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40. end
41. for i = 1: Np
42.

% For all individuals vector

pop(i,:) = xLimit(1:D)+(xLimit(D+1:end)xLimit(1:D)).*rand(1,D);

%Initializing the individuals vector

43. end
44. X0{1} = pop;

% Specified the parameter's value from population

45. X = X0{1};

% Set the intermediate variable bring-in algorithm

46.
47. % Candidate solution initialization
48. X_mutation = zeros(Np,D);
49. X_crossover = zeros(Np,D);
50. X_selection = zeros(Np,D);
51. value = zeros(1,Np);
52.
53. % Start iteration
54. [value] = myF(X,data);
55. [value,index] = sort(value);

% Sort individuals

56. X = X(index,:);
57. Gm = Generation;
58. while G<=Gm
59.

G

60.

female_alone = X(1,:);

61.

female_good = X(2:1+female_num,:);

62.

male_good = X(2+female_num:1+female_num+male_good_num,:);

% Best female individual
% Second best female
% Best ma

le individual
63.

male_sec = X(2+female_num+male_good_num:1+female_num+male_good_num+male_
sec_num,:); % Second best male individual

64.

male_bad = X(2+female_num+male_good_num+male_sec_num:end,:);

% Worst

male individual
65.
66.

u=u0;

67.

w=F0;

68.
69.

% Parthenogenesis

70.

tt = 0;

71.

while 1

% The while loop is to find new individuals within the range

of values under mutation
72.

tt = tt + 1;

73.

% The calculation formula for parthenogenesis in the for loop

74.

for i = 1 : D

75.

r1 = rand();

76.

if r1 > mcfp

77.

r2 = rand(); r3 = rand();
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78.

X_mutation(1,i) = female_alone(i) + u*(r2r3)*female_alone(i);

79.

else

80.

X_mutation(1,i) = female_alone(i);

81.

end

82.

end

83.

if mean(X_mutation(1,:)>= xLimit(1:D)) == 1 && mean(X_mutation(1,:)<
= xLimit(D+1:2*D)) == 1

84.

break

85.

end

86.

if tt > 40

87.

X_mutation(1,:) = xLimit(1:D)+(xLimit(D+1:end)xLimit(1:D)).*rand(1,D);

88.

break;

89.

end

90.

end

91.
92.

% Monogamous

93.

list1 = randperm(female_num);

94.

list2 = randperm(male_good_num);

95.

for i = 1 : female_num

96.

tt = 0;

97.

while 1

% The while loop is to find new individuals within the

range of values under mutation
98.

tt = tt + 1;

99.

% Calculation of Monogamous

100.

rlist = rand(1,D);

101.

X_mutation(1+list1(i),:) = male_good(list1(i),:) + w*rlist.*(fe

male_good(list1(i),:)-male_good(list2(i),:));
102.

r1 = rand();

103.

if r1 > mcf

104.

c = ceil(rand()*D);

105.

X_mutation(1+list1(i),c) = xLimit(c,1) - rand()*(xLimit(c,1

)-xLimit(c,2));
106.

end

107.

if mean(X_mutation(1+list1(i),:)>= xLimit(1:D)) == 1 && mean(X_

mutation(1+list1(i),:)<= xLimit(D+1:2*D)) == 1
108.

break

109.

end

110.

if tt > 40

111.

X_mutation(1+list1(i),:) = xLimit(1:D)+(xLimit(D+1:end)-

xLimit(1:D)).*rand(1,D);
112.
113.

break;
end
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114.
115.

end
end

116.
117.

% Polygynous

118.

thisMale = [male_good;male_sec];

119.

for i = female_num+2 : 1+female_num+male_good_num+male_sec_num

120.

tt = 0;

121.

while 1

% The while loop is to find new individuals within the

range of values under mutation
122.

tt = tt + 1;

123.

% Calculation of Polygynous

124.

c = ceil(rand()*(male_good_num+male_sec_num));

125.

n = ceil(rand()*female_num);

126.

nlist = randperm(female_num);

127.

temp = zeros(1,D);

128.

for j = 1 : n

129.

temp = temp +rand(1,D).*(female_good(nlist(j),:) - thisMale

(c,:));
130.

end

131.

X_mutation(i,:) = thisMale(c,:) + w*temp;

132.

if rand() > mcf

133.

c = ceil(rand()*D);

134.

X_mutation(i,c) = xLimit(c,1) - rand()*(xLimit(c,1)-

xLimit(c,2));
135.

end

136.

if mean(X_mutation(i,:)>= xLimit(1:D)) == 1 && mean(X_mutation(

i,:)<= xLimit(D+1:2*D)) == 1
137.

break

138.

end

139.

if tt > 40

140.

X_mutation(i,:) = xLimit(1:D)+(xLimit(D+1:end)-

xLimit(1:D)).*rand(1,D);
141.

break;

142.

end

143.
144.

end
end

145.
146.

% Eliminate poor males

147.

for i = 2+female_num+male_good_num+male_sec_num:Np

148.

X_mutation(i,:) = xLimit(1:D)+(xLimit(D+1:end)-

xLimit(1:D)).*rand(1,D);

% Individuals who have been eliminated are re-

selected
149.

end

150.
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151.

% Crossover operation

152.

for i=1 : Np

153.

if rand>CR

154.

X_crossover(i,:)= X(i,:);

155.

else

156.

X_crossover(i,:) = X_mutation(i,:);

157.
158.

% Use a binomial distribution to cross

end
end

159.
160.

% Select operation

161.

[err1] = myF(X_crossover,data);

162.

for i=1 : Np

163.

if err1(i) < value(i)

164.

X_selection(i,:)=X_crossover(i,:);

165.

value(i)=err1(i);

166.

else

167.

X_selection(i,:)=X(i,:);

168.
169.

end
end

170.
171.

min_value(G) = min(value);

172.

locate = find(value == min(value));

173.

min_X(1:D,G) = X_selection(locate(1),:);

174.
175.

G = G + 1;

176.

X = X_selection;

177.

[value,index] = sort(value);

178.

X = X(index,:);

% Sort new individuals

179. end
180.
181. t(nndex) = toc;

% Stop recording run time

182.
183. % Draw an iterative graph
184. % h=figure(2*index-1);
185. subplot(6,1,1)
186. plot(min_value)
187. title('fx')
188.
189. subplot(6,1,2)
190. drawX = squeeze(min_X(1,:));
191. plot(drawX)
192. title('Rs')
193.
194. subplot(6,1,3)
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195. drawX = squeeze(min_X(2,:));
196. plot(drawX)
197. title('Rp')
198.
199. subplot(6,1,4)
200. drawX = squeeze(min_X(3,:));
201. plot(drawX)
202. title('a')
203.
204. subplot(6,1,5)
205. drawX = squeeze(min_X(4,:));
206. plot(drawX)
207. title('Iph')
208.
209. subplot(6,1,6)
210. drawX = squeeze(min_X(5,:));
211. plot(drawX)
212. title('Is')
213.
214. % set(h,'visible','off');
215. % str1=sprintf('500lux(%d)',index);
216. % saveas(h,str1,'jpg');
217.
218. % Optimal solution assignment to each parameter
219. format short;
220. fx_best = min_value(600)
221. Rs_best = min_X(1,600,1)
222. Rp_best = min_X(2,600,1)
223. a_best = min_X(3,600,1)
224. Iph_best = min_X(4,600,1)
225. Is_best = min_X(5,600,1)
226.
227. x = min_X(:,end)';
228. T = 296.8790;

% Temperature(K)

229. k = -1.380653*10^-23;

% Boltzmann's constant(J/K)

230. q = -1.60217646*10^-19;

% Electron charge(C)

231. Vth = (k*T)/q;

% Thermal voltage(V)

232. % p=figure(2*index);
233. figure
234. plot(data(:,1),data(:,2))

% Drawing experimental data curve

235. hold on
236. for i = 1 : size(x,1)
237.

% Computing prediction current

ff = (x(i,2)*(x(i,4)+x(i,5))-data(:,1))./(x(i,2)+x(i,1)) - ...
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238.

x(i,3)*Vth./x(i,1).*lambertw(0,(x(i,2)*x(i,1)*x(i,5))./((x(i,2)+x(i

,1))*x(i,3)*Vth).* ...
239.

exp((x(i,2)*data(:,1)+x(i,2)*x(i,1)*(x(i,4)+x(i,5)))./(x(i,3)*Vth*(

x(i,2)+x(i,1)))) );
240.

plot(data(:,1),ff)

% Drawing prediction data curve

241.

xlabel('Voltage / V')

242.

ylabel('Current / A')

243.

title('experimental I-V curve & theoretical I-V curve')

244.

legend('experimental I-V curve','theoretical I-V curve')

245. end
246.
247. % set(p,'visible','off');
248. % str2=sprintf('1000Wplot(%d)',index);
249. % saveas(p,str2,'jpg');
250.
251. % Used to calculate MAPE and RMSE
252. Ie = data(1:861,2);
253. Ve = data(1:861,1);
254. Ip = ff(1:861);
255. Vp = data(1:861,1);
256. RMSE = sqrt((1/length(Vp))*sum((Ip-Ie).^2));
257. MAPE = 100*(1/length(Vp))*(sum(abs((Ie-Ip)./Ie)));
258. % save(['/implementation/result/BMO/indoor/500lux/data/500lux',num2str(nnde
x),'.mat'],'fx_best','Rs_best','Rp_best','a_best','Iph_best','Is_best','MAPE
');
259. end
260.
261. % save(['/implementation/result/BMO/indoor/500lux/500lux_t','.mat'],'t');

1. %%%% MATLAB code of BMO algorithm %%%%
2. %%%% file name: error_function.m %%%%
3.
4. function f = funyc(x,data)
5. N = size(data,1);

% length of experimental data

6. T = 296.8790;

% Temperature(K)

7. k = -1.380653*10^-23;

% Boltzmann's constant(J/K)

8. q = -1.60217646*10^-19;

% Electron charge(C)

9. Vth = (k*T)/q;

% Thermal voltage(V)

10.
11. for i = 1 : size(x,1)

% Calculate prediction current using Lambert W fun

ction
12.

ff = (x(i,2)*(x(i,4)+x(i,5))-data(:,1))./(x(i,2)+x(i,1)) - ...
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13.

x(i,3)*Vth./x(i,1).*lambertw(0,(x(i,2)*x(i,1)*x(i,5))./((x(i,2)+x(i,1))*
x(i,3)*Vth).* ...

14.

exp((x(i,2)*data(:,1)+x(i,2)*x(i,1)*(x(i,4)+x(i,5)))./(x(i,3)*Vth*(x(i,2
)+x(i,1)))) );

15.

f(i) = norm(ffdata(:,2))/sqrt(N);

% Calculate the error according to the objective functi

on
16. end
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