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Abstract: Parameter identification and extraction of a typical solar module is critical for its effective computation,
performance analysis, and optimum power point tracking (OPPT) of the entire photovoltaic (PV) cell working
system. The determination or identification of Photovoltaic (PV) model parameters is a tough task mostly when a
single or double model is involved. This is due to the nonlinear performance pattern of the current, voltage, and
power relationship when in use. Therefore, this paper presents a combination of a laboratory experimental study
and an innovative numerical solution approach using the Quasi-Newton method to program and identify the
parameters of the single PV model. The peculiar characteristics of the PV cell model panel were studied via the
current-voltage (IV) curvatures. For comparative analysis purposes, two more humerical optimization techniques,
namely Trust region and Levenberg- Marquardt were also applied to determine the solar cell model parameters in
correspondence with three different experimental data acquired in the laboratory. Furthermore, to determine fitting
accuracies of the engaged three optimization techniques, three key performance indicators involving the Root
Mean Square Error (RMSE), Standard deviation, and Mean Absolute Error (MAE) have been provided. From the
results, the proposed Quasi-Newton yields the most preferred fitting performance over the benchmarked Trust
region and Levenberg- Marquardt methods by attaining RMSE, MAE, and STD values of 0.00150, 0.00576, and
0.00094 with data 1; 0.00172, 0.00443, and 0.00142 with data 2; 0.00570, 0.00184 and 0.00200 with data 3,
respectively. The explored hybrid-based approach can also be extended to identify the double or multi-cell
parametric models of the solar cell.

Keywords: Single-diode model, Quasi-Newton optimization method, Parameter identification, Solar PV system
1. Introduction

Energy is an indispensable constituent of the natural environment and thus, without it, there will be no human
existence [1]. With the continual rising menace of climate change owing to the frequent and extreme carbonate
and gas emissions, several nations of the world are in dear search of clean energy as an alternative to traditional
fossil fuels [2]. According to the latest assessment [3], the greenhouse gas emissions effect, plus global warming
has pushed renewable energy into a progressively vital component of the ecosphere’s energy usage. Though fossil
fuels might tentatively possess some capacity to be regenerated over time, still, they face the risk of going into
extermination in the nearby future [4]. Today, numerous global issues are directly linked to the frequent use of
conventional energy sources. Some of these global issues include insecurity and uncertainties of the recurrent
energy supply, unstable energy supply prices, global temperature uprises, and nonrenewable of many carbonates
and fossil fuels such as crude oil, coal, and gas. As a result, many countries, and states are now compelled to
employ other alternative friendly power resources such as renewable power plants (RPP) [5], than the
aforementioned conventional ones [6-8].

One good and sustainable energy source that is gradually serving as a clear alternative to fossil fuels is solar
energy due its low environmental impact and cost-competitive factors. While fossil fuels deplete naturally with
time, the solar energy source, which is the sun, is most likely to be available and assessable for a couple of
decades to come.
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RPP can be subdivided into photovoltaic solar (PV), fuel cell, tidal plants, geothermal, wind, and hydropower
plants [9]. From the subdivisions, PV solar plants are often regarded as the cleanest electrical power source since
they do not lead to greenhouse gases effects [10]. Nevertheless, the poor efficiency of PV system’s during
electricity generation is one major disadvantage.

Particularly, there exist some vital parameters that regulate and impact the depth of a typical solar cell electrical
model. For example, it is important to have a robust understanding of the pattern and performance of current—
voltage graph (I-V) connections before the PV cells. The accurate extraction or identification of PV module
parameters plays crucial role in precise performance assessment of the solar energy systems.

2. Problem statement

The complications and processes in the parametric extraction of solar PV modules are generally referred to as
parameter identification problems. As a result, this key parameter identification problem has been the main focus
for several researchers [11-15]. The determination or identification of Photovoltaic (PV) model parameters is
particularly a tough task when a single or double model is involved. This is due to nonlinear performance pattern
of the current, voltage, and power relationship when in use. Therefore, this paper presents a combination of
laboratory experimental studies and innovative numerical solutions using the Quasi-Newton method to identify
the model parameters of the single PV cell model. For benchmarking purpose, this paper also provides a thorough
analysis of the extracted parameters based on the single solar PV system using other numerical techniques such
as the popular Levenberg-Marquardt and Trust region optimization methods solutions

This paper’s may contributions are presented as follows:

e The peculiar characteristics of PV cell model panel have been demonstrated experimentally via the
current-voltage (I-V) curvatures.

e A robust Quasi-newton algorithm adopted and applied for precise identification of key PV solar cell
model parameters

e The capability of the adopted Quasi-Newton model has been established with experimental data in
comparison with two standard benchmarking methods, which are Trust Region and Levenberg-
Marquardt optimization methods.

e Performance analysis adopted Quasi-Newton model over the two standard benchmarking methods, are
demonstrated using at least three indicators.

3. Literature Review

In literature, many metaheuristic methods and algorithms exist that have been engaged by different researchers to
identify and determine solar system model parameters, but without achieving the desired success; nevertheless,
some of these metaheuristic techniques still yielded nearly local optimal solutions.

In [9, 10], the authors applied deterministic methods involving Interior-point and Lambert W function methods.
Though the deterministic method can resolve the parametric identification problem, it however has numerous
weaknesses in fronting nonlinear solar cell models that often in turn insensitive initial conditions and poor local
optimum convergence solutions [11].

In [12-18], metaheuristics methods involving Simulated Annealing (SA) [12], Artificial Bee Colony (ABC) [13],
Genetic Algorithm (GA), [14], Differential Evolution (DE) [15, 16], Particle Swarm Optimization (PSO) [17],
and Harmony Search (HS) [18]. nevertheless, some of these metaheuristic techniques still yielded nearly local
optimal solutions.

Acrtificial intelligence tools using fuzzy logic (FL) and neural networks (NN) are presented in [19-22], for solar
cell parametric and characteristics analysis, but the main issue with these special tools is their computational
complexity and cost of practical implementation. Analytical based method is revealed in [23-25], to cater for
similar issues, but generally, analytical method usually lacks computational efficiency since it leads to using more
complex equations [26].

4. METHODOLOGY:

The PV Solar Cell Model

There exist multi-cells and single-cell models for determining and identifying the PV solar cell parameters. This
paper adopts an extended single diode model (ESDM) with shunt current characteristics. The ESDM is represented

by an equivalent circuit with specified operating conditions. Figs 1depicts the prototype structure of the solar cells,
with its typical I-V characteristic curves
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Figl: depicts the prototype structure of solar cells, with its typical -V characteristic curves

Therefore, the net current of the equivalent circuit so called the output generated current of solar cells can be
represented by

I=0—1, [exp (V+IR5) 1] (V+IpRS)

1
=1~ [exp (V”Rs) —1] -1,

2
where,
Ly = ©

Rp

where n is the ideality factor of the solar cell signifying the charge transport efficiency of the device, |, is the
saturation (generation) current of the diode under dark conditions, V: is the thermal voltage represented by ksT/q;
Ks is the Boltzmann’s constant, T is the temperature in Kelvin, q is the elementary charge and Rs and Rp are the
respective series and parallel resistance.

I =b,—b, [exp (V+I*b3) - 1] bs

(4)

The foremost goal at this point is how to determine the b = (b,, ab,, b3, b,, bs) parameters with optimal
accuracy. Thus, this is a core parameter identification problem, and it can be resolved by engaging robust
numerical optimization technique.

Parametric Identification of Solar PV cell Model with Quassi-Newton Method

Quasi-Newton Method is a distinctive optimization method that possesses high reliability in solving non-linear
programming problem in the least square sense, especially when the standard Newton’s method is either too grim
to use or rather consumes much time [27, 28].

Given the experimental I-V data points(y;) of the PV solar cell, the equivalent model parameters of the PV cell
model in equation (4) be identified by defining the function, f(x):

fO) ==Xkl f(xub)] ®)
fx) == X% 1q(X) (6)
where.

qx) =y; — f(x;, b) (7
and

b = (by, by, by, by, bs) ©)

The gradient of f and the Jacobian of g can be expressed as:

Vi=]lq 9)
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J, = 2@ (10)
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By differentiating equation (9) with respect to x, we obtain the Hessian, H of f:

Vf=H=]I],+P 1)
where,
P=3,qVq; (12)

By neglecting the P term and taking the inverse of the equation (11), the Quasi-Newton method is obtained as:
Vi=H~ (J7])™"
(13)
Thus, the Quasi-Newton iteration is given by
by, = b, — a.HVf(b,) (14)

The expression in (13) replaces the direct Hessian constituent in the Newton or Gauss Newton method which
could be computationally expensive during application.

The Quasi-Newton update is iteratively generated sequentially until a convergence termination condition is
satisfied and improved approximate solutions for b is reached. At every iteration t as defined in equation (14), the
Quasi-Newton approaches the function f(b;) and computes the H; at the point b; and «, indicate the learning rate
(or step length), that regulates each iteration step size. The Quasi-Newton implementation step is given as:

1. Input: b, guess values, input function, f
2. Output: Identified b parametric values, approximate minimizer of input function, f
3. Start by introducing the b, guess values
For t=1, 2, ..., until convergence do
4. Compute a.H. Vf(b,),which defines the search direction
5. Determine the appropriate step size

6. Update the current point b, = b, — a.H.Vf(b,)
7. Examine if convergence criteria are met.
8. Repeat step 2 to 6 if process not optimum

Star
v v
Measured |-V PV model
data

s

v
Define the objective function
Initialize the Guess parameters

Calculate the Jacobian matrix

Update the new solution

Results Okay No |

Yes ¢

Benchmark Results

v

Stop
Fig. 2: The Quasi-Newton implementation step
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4. Results and Analysis

In this section, the results attained by engaging the Trust region, Levenberg-Mardguardt and Quasi-Newton
optimization techniques to solar cell model parameters identification in correspondence with three different
experimental data acquired in the laboratory are presented. The codded optimization techniques, their
implementation and the resultant graphical presentations were achieved in MATLAB R2018a software platform.
To determine fitting accuracies of the engaged three optimization techniques, three key performance indicators
involving the Root Mean Square Error (RMSE), Standard deviation and Mean Absolute Error (MAE) [29, 30],
are also reported in section.

Shown in Fig.2 — 4 are the current versus voltage plots and the fitting accuracy attained with Quasi-newton in
comparison with other techniques after solar cell model parameters. From the results, the Quasi-Newton yields
the most preferred fitting performance with RMSE, MAE and STD values of 0.00150, 0.00576, and 0.00094 with
data 1; 0.00172, 0.00443, and 0.00142 with data 2; 0.00570, 0.00184 and 0.00200 with data 3. The detailed
performance summary of other two methods are presented in table 1 for comparative analysis.
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Fig. 3: Fitting accuracy attained with Quasi-newton in comparison with other techniques using Experimental
data 1
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Fig. 4: Fitting accuracy attained with Quasi-newton in comparison with other techniques using Experimental
data 2

24
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Fig. 5: Fitting accuracy attained with Quasi-newton in comparison with other techniques using Experimental
data 1
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Fig. 6: Residual error spread attained with Quasi-newton in comparison with other techniques during parametric
solar cell identification using experimental data 1
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Fig. 8: Residual error spread attained with Quasi-newton in comparison with other techniques during parametric
solar cell identification using experimental data 2
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Fig. 8: Residual error spread attained with Quasi-newton in comparison with other techniques during parametric
solar cell identification using experimental data 3

Table 1: Summary of Fitting accuracy attained with Quasi-newton in comparison with other techniques

Indicator Trust Region Levenberg-Mardguardt Quasi-Newton
Experiment RMSE 0.00169 0.00326 0.00150
data 1 MAE 0.00076 0.00064 0.00057
STD 0.00117 0.00299 0.00094
Experiment data RMSE 0.00176 0.00339 0.00172
2 MAE 0.00486 0.00680 0.00443
STD 0.00156 0.00307 0.00142
Experiment data RMSE 0.00570 0.00121 0.00570
3 MAE 0.00189 0.00203 0.00184
STD 0.00654 0.00299 0.00200

6. Conclusion

Generally, the electrical solar cell model possesses a number relevant parameters whose values needs precise
identification for its PV model systems design and enhancement. The precise application of metaheuristic
techniques in identifying the key parameters of solar cell systems remained a better means of contributing hugely
to its performance development and upgrading.

Therefore, this paper presents a combination of laboratory experimental study and innovative numerical solutions

using the Quasi-Newton to identify the model parameters of the single PV model. The peculiar characteristics of
PV cell model panel are studied via the current-voltage (V) curvatures. For comparative analysis purposes two
more numerical optimization techniques, namely Trust region and Levenberg- Marquardt were also applied to
determine the solar cell model parameters in correspondence with three different experimental data acquired in
the laboratory. Furthermore, to determine fitting accuracies of the engaged three optimization techniques, three
key performance indicators involving the Root Mean Square Error (RMSE), Standard deviation and Mean
Absolute Error (MAE) have been provided. From the results, the proposed Quasi-Newton yields the most
preferred fitting performance with RMSE, MAE, and STD values of 0.00150, 0.00576, and 0.00094 with data 1;
0.00172,0.00443, and 0.00142 with data 2; 0.00570, 0.00184 and 0.00200 with data 3. The explored hybrid-based
approach can also be extended to identify the double or multi-cell parametric models
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