Journal of Sustainable Development of Energy, Water
and Environment Systems

http://www.sdewes.org/jsdewes

Original Research Article

Modelling and Optimisation of Solar Photovoltaic Power Using Response
Surface Methodology

Abdulrahman Th. Mohammad ', Mudhar A Al-Obaidi* ', Hassan J. Dakkama®, Haitham

Y. Bahlol ?
'Middle Technical University, Baqubah Technical Institute, Baghdad, Iraq
e-mail: abd20091976@mtu.edu.iq
Technical Instructor Training Institute, Middle Technical University, Baghdad, Iraq
e-mail: dr.mudhar.alaubedy@mtu.edu.iq
3Middle Technical University, Engineering Technical College, Baghdad, Iraq
e-mail: hassan.j.d@mtu.edu.iq

Cite as: Mohammad, A., Al-Obaidi, M., Dakkama, H., Bahlol, H., Modelling and optimisation of solar photovoltaic power
using response surface methodology, J.sustain. dev. energy water environ. syst., 12(4), 1120519, 2024, DOI:
https://doi.org/10.13044/j.sdewes.d12.0519

ABSTRACT

Modeling and analysing the relationship between the operating conditions of solar photovoltaic
module such as the solar irradiance, module temperature, wind speed, dust, air moisture and the
performance metric of generated power is considered as an interesting subject. In the current
study, the response surface methodology based on the D-optimal Design approach is applied to
model an optimise the generated power of photovoltaic module using desirability function. The
optimisation has considered the interaction of three essential independent variables including:
solar irradiance 169.2 - 981.7 (W/m)?, module temperature 36.14 - 67.01 °C and wind speed
0.5-2.4 m/s with the generated power (dependent variable). A data set of 328 reading is collected
and analysed. In this regard, the suggested response model uses two factorial order with
polynomial equation. The response surface methodology model has indicated a linear
relationship between the independent variables and power generated with a coefficient of
determination of 98.45%. The optimal operating conditions of 968.04 (W/m)? solar irradiance,
module temperature 41.82 °C and wind speed 1.67 m/s are obtained with a maximum desirability
function of 0.985. This in turn has elaborated a maximum generated power of 128.883 W.
Interestingly, this optimised power is in corroboration with the experimental value of 127.1 W at
the same conditions. Notably, the module temperature has a considerable negative influence on
the generated power
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INTRODUCTION

Solar photovoltaic (PV) modules are designed to attract the solar irradiance and transfer it
to electrical power. The performance of PV depends on the amount of the solar irradiance
hitting the modules [1]. The solar companies test the modules at standard test conditions (STC)
of 1000 W/m? solar irradiance, 25 °C cell temperature, and 1.5 air mass [2]. During this test,
the focus is to identify the output electrical characteristics of the PV modules. These are the
open circuit voltage (Voc), short circuit current (/sc), maximum power point voltage (Vmp) and
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current (Imp), fill factor (FF), maximum power (Pmax) and efficiency. Undoubtedly, there is a
number of environmental and operational factors that would prevent the PV modules from
capturing the maximum solar irradiance or operating at their nominal efficiencies [3].
Specifically, the variations of solar irradiance [4], thermal effect due to ambient temperature
[5], soiling effects [6], partial shading, wind speed [7]|, humidity ratio [8] and module
degradation [9] are all considered as essential influencers. For instance, the high solar
irradiance has a prominent impact on the output power of PV module. However, the low solar
irradiance causes a nonlinear reduction in the short circuit current and then reduces the module
output power [10]. Accordingly, the performance of PV modules differs significantly under
variable light conditions, depending on the geographic position of the PV installation,
changing atmospheric conditions [11] and changing position of the sun (solar inclination) [12].
Furthermore, the open circuit voltage of a PV module depends strongly on the module
temperature and overheating causes a decrease in the produced energy [13]. Whereas, the
accumulation of soiling on the module surface impacts PV performance by inhomogeneous or
homogenous shading [14] especially during the period of dry climate [15]. Besides,
non-uniform distribution of soils on the surface of PV modules causes shading of cells
resulting in an increase in the modules temperature and then leading to create hot spots [16]. In
this regard, it should be noted that the PV modules are spectrally selective and therefore, their
performance is influenced by the changes in the solar spectrum distribution caused by
scattering and absorption in the atmosphere [17]. In a summary, there is a consistent and
tangled relationship between the operational conditions and the generated power of PV
module. An increase in solar radiation would increase the power. However, an increase in
module temperature causes an increase in the current with a sharp decrease of voltage and a
drop of power [18]. This action can be mitigated with a higher wind which would cool the PV’s
surface and enhance its performance [19] or by combination between PV module and thermal
solar collector that called photovoltaic-thermal collector (PV/T) [20]. Accordingly, a number
of scientists attempted with triggered motivation to conduct modeling of PV modules
considering the interactions between the inlet conditions and performance metrics.

In last decade, the implementation of PV forecasting methods has become an active
research field to predict the generated power of PV. Numerous techniques were utilised to
predict and optimise the generated power of PV modules under the various operation
conditions while considering different types of PV modules and the available data. These
techniques can be classified into a) a physical technique (model based method) and b) a
statistical technique (model based historical data) [21]. In the model based method, the
numerical weather prediction model is used to predict the weather variables including the solar
irradiance, ambient temperature and wind speed, which are corroborated to estimate the
generated power of PV module [22]. On the other hand, the statistical techniques, such as
Linear Regression (LR) model [23], a multiple linear regression (MLR) [24], autoregressive
(AR) model [25], Moving Average (MA) model [26] Machine Learning (ML) models like
Artificial Neural Network (ANN) [27], and Response Surface Methodology (RSM) [28], are
developed based on measured data over a period of time. Generally, the numerical weather
prediction models are more suitable for a long predict horizons, while the statistical models are
indicated for short horizons. Moreover, the statistical model can overcome all the difficulties in
physical model. Therefore, the statistical model is simpler than physical model. Specifically,
the fitting equations developed based on available empirical data require less input data and
less computation efforts for the prediction of power generated. Among all statistical
techniques, LR is a relatively simple technique that may be carried out quickly and reliably as
compared to some of the other ML methods due to ability in much reducing time complexity.
The RSM was utilised by several colleagues to model and optimise the performance indicators
of various industrial processes [29]. For instance, the results of an experimental examination
into the impacts of cutting speed, feed rate, depth of cut, nose radius, and cutting environment
in CNC turning of AISI P-20 tool steel were published by Aggarwal et al. [30]. The goal of the
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experimental investigation has been achieved using the RSM and Taguchi's approach.
Furthermore, an accurate model was created by Al-Obaidi et al. [31] to forecast the
dimethylphenol removal from wastewater using the reverse osmosis technique. Based on real
experimental data gathered from the literature, the RSM was specially used to carry out this
challenge. In this regard, a precise investigation to explore the efficiency of RSM based
mathematical model to precisely predict the power generated of photovoltaic panel considering
the influence of essential control variables has not yet been established and hence demonstrates
the novelty of this study. Accordingly, the main aim of this study is to deploy the RSM based
on the D-optimal Design (DOD) approach to model an optimise the generated power of PV
module using desirability function. The interaction of three essential independent parameters
including: solar irradiance 169.2 - 981.7 W/m?, module temperature 36.14 - 67.01 °C and
wind speed 0.5 - 2.4 m/s with the dependent variable, is considered through the process
modelling and optimisation. The suggested response model used two factorial (2FI) order with
polynomial equation.

EXPERIMENTAL PROCEDURE AND SETUP

In this study, a polycrystalline PV module type (Protonix Fotuner India FRS-165 W) was
selected to test and collect the data. The PV module was installed on the rooftop of Mechanical
Engineering Department at Baqubah Technical Institute-Middle Technical University (latitude
of 33.7733° N and longitude 45.1495° E). The tested module is shown in Figure 1. The
technical specifications of PV module are summarized as: (Pmax=165 W, I,c=9.81 A, V:=22.05
V, Imp=9.17 A, Vip=18 V, efficiency n=20% and temperature coefficient of maximum
power=-0.45%/°C). The module was mounted on steel structure inclined at 33° as a tilt angle.
The module was monitored by I-V tracer (SEAWARD PV200), solar survey (SS200R) and
wind speed meter (anemometer) throughout August of 2023.

Steel frame

Figure 1. Tested PV module of nominal power 165 W

DATA COLLECTION

In order to verify the proposed RSM model, an outdoor experiment was performed to
collect number of datasets. These datasets were collected every five minute including: the solar
irradiance, ambient temperature, wind speed and module temperature. In addition, the output
electrical characteristics of PV module (Isc, Voc, Imp and Vimp) were measured to calculate the
output power. The collected data are plotted as depicted in Figures 2, 3 and 4. Specifically,
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the output power of PV module is plotted against the solar irradiance under the influence of
both ambient and module temperature and wind speed. The representation of these data are
convenient to illustrate the wind speed effect in cooling of PV module and then enhances its
power [32]. The PV power has witnessed a progressive as a result to increasing solar
irradiance. This increase is significant when the module temperature is low due to an increase
in wind speed.
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Figure 2. DC power of PV module against solar irradiance and ambient temperature measured by
the experimental tests
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Figure 3. DC power of PV module against solar irradiance and module temperature measured by
experimental tests
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Figure 4. DC power of PV module against solar irradiance and wind speed measured by
experimental tests

DESIGN OF RESPONSE SURFACE MODEL

A statistical technique is called Response Surface Methodology (RSM). It is utilised for
creating models, designing tests, and examining the connections between various factors. RSM
is frequently used to optimise processes, enhance product quality, and comprehend
complicated systems in a variety of disciplines, including engineering, chemistry, and biology.
To depict the link between input variables (factors) and output responses, statistical models are
created in RSM. By identifying the ideal mix of input variables, these models can be utilised to
optimise the responses and forecast how a system would behave within the experimental zone.
To fit mathematical models to the observed responses, examine experimental data, and derive
conclusions regarding the relationships between variables, RSM uses statistical
techniques [33].

In this study, the D-Optimal Design (DOD) approach was employed with solar irradiance,
module temperature and wind speed as independent variables. In this regard, the generated
power of PV module was the response variable. Mathematically, the relationship between the
response and the independent variables can be represented as [34]:

Y=FfX,+ X, +Xs+ X)) +¢ (D

Y and X are the response and the independent variables. k& is the number of independent
variables and ¢ is the error of them.

Two factorial (2FI) response model with the polynomial equation were used to explain the
relationship between the dependient and independent variables based on the multiple linear
regression analysis taking into account the main and the interaction impact of independents on
the genearted power. The values of the independent variables are transformed into code
variables and represented as: [-1, 0, +1] depending on its relative distance from the central
value point. Table 1 shows the summary of the transformation of the actual variables into
code variables. This model take in cosideration the sequential sum of squares for the two-factor
interaction (X1X2, X2X3 and X1X3) terms. The F-value tests the significance of adding



interaction terms to the linear model [35]. A small P-value (Prob>F) indicates that adding
interaction terms has improved the model. According to the above proposed model, the value
of generated power is represented in the counter of eq. (2) [36]:

2
P(W) = By + BiXy + BoXo + BsXs + BraXo Xs + BrsXoXs + BosX,Xs )

Table 1. Codes and variables values in two factorial order model

Parameters Code | Symbol Unit iode L 2(1): ! d651g111
Solar Irradiance X1 N W/m? 169.2 | 575.45 | 981.7
Module Temperature X2 Toy °C 36.14 | 51.58 | 67.01

Wind Speed X3 V m/s 0.5 1.45 2.4

EVALUATION OF RESPONSE SURFACE MODEL

To evaluate the accuracy of the proposed model, some of the statistical indicators were used
through a comparison between the predict and actual values. The most important indicators
under consideration are the Mean Square Error (MSE), coefficient of determination (R?) and
absolute relative error [37]. The MSE value is calculated by [38]:

X Y'_?) 3)
MSE = —1‘1( "
N

i is the number of variables, N is the number of data points, Y; and ¥, are the actual and
predicted values, respectively.
R? can be calculated using eq. (4) [39]:

RSS (4)

RZ=1-——
TSS

RSS and 7SS are the residual and total sum of squares and can be defined as [39]:

y (s)
~\2
wss= Y (5-7)
i=1
N
1SS = (-’ ©
i=1
Y, is the mean value of a sample. The absolute relative deviation (4RD) is calculated by [40]:
Y —
ARD% = ‘ L tl% 100 )
i
RESULTS AND DISCUSSION

Based on the experimental data that obtained through testing the PV module, three relevant
parameters were used in the experiments to predict and optimise the generated power of PV
module using RSM. The D-optimal design (DOD) technique was used for analyzing the case



study. The solar irradiance, module temperature and wind speed have been considered the three
relevant parameters each one has three levels.

Fit summary of the two factorial order model

The results of model regression are analyzed and evaluated in Table 2. The summary fit of
Sequential Model Sum of Squares and model statics are performed for the selected model of
power generated of PV module. It can be observed that a Quadratic and 2FI model was chosen
based on the probability value (P-value) of the various models under consideration (<0.0001).

Table 2. Fit summary of the two factorial order model

Sequential model sum of squares

Source Sum of df Mean F-value P-value Remark
squares square
Mean  2.156*10% 1 2.156*10%
Linear 26582.34 3 8880.78 466.66 <0.0001
2F1 246.48 3 82.16 7.92 0.0009
Quadratic 114.49 3 38.16 6.38 0.0036 Suggested
Cubic 88.57 10 8.86 3.17 0.0485 Suggested
Residual 25.14 9 2.79
Total 2.427%10" 29 8368.13
Model summary statics
Source Std. Dev. R? Adjusted R>  Predicted R*>  PRESS Remark
Linear 4.36 0.9825 0.9804 0.9699 814.48
2FI 3.22 0.9916 0.9893 0.9845 420.62
Quadratic 2.45 0.9958 0.9938 0.9900 271.58 Suggested
Cubic 1.67 0.9991 0.9971 0.2812 19447.43  Suggested

Analysis of variance

An ANOVA table can be used to examine and analyse the statistical significance of a
regression model with RSM as shown in Table 3. According to the F-value of 431.06 and
P-value of 0.0001, the proposed regression model is statistically significant. Therefore, the
model developed can successfully predict the generated power within the considered operating

conditions.
Table 3. ANOVA for response surface two factorial order model
Source Sum of df Mean F-value P-value Remark
squares square
Model 26828.83 6 4471.47 431.06 <0.0001 Significant
X1 303.64 1 303.64 29.27 <0.0001
X2 12.64 1 12.64 1.22 0.02816
X3 106.27 1 106.27 10.24 0.0041
XI1X2 10.44 1 10.44 1.01 0.03266
XI1X3 21.10 1 21.10 2.03 0.01678
X2X3 25.4 1 254 2.45 0.01319
Residual 228.21 22
Std. Dev. 3.22 R? 0.9916
Mean 88.23 Adjusted > 0.9893
C.V.% 3.74 Predicted R*  0.9845




The coefficients of Table 3 are accepted with a significance as the probability value
(p-value) is lower than 0.05. In this case, X1, X2, X3, X1X2, X1X3, X2X3 are significant model
terms. Please note X/, X2 and X3 represent the independent parameters of solar irradiance,
module temperature and wind speed, respectively. Values greater than 0.05 indicate the model
terms are not significant. If there are many insignificant model terms (not counting those
required to support hierarchy), model reduction may improve the model. The Predicted R? of
0.9845 is in reasonable agreement with the Adjusted R? of 0.9893 which indicates a difference
of less than 0.02. The results of regression and analysis of variance of generated power are
evaluated, and the experimental design and the results are analysed by selecting the appropriate
linear, quadratic, etc., models. The best model in terms of coded and actual factors for the
optimal response of the obtained generated power is given in egs. (8) and (9):

Coded: Power (W) =79.97+35.84 X1 - 10.93 X2 +22.53 X3 - 8.38 X1 X2 — (8)
12.75 X1 X3 +11.96 X2X3

Actual: Power (W) = 24.04107+0.282 § - 2.1903 Tpv + 1.631 V- 0.00129 SxTpv  (9)
-0.0298 SV + 0.71179 TevxV

It should be noted that all the variables and their interactions are appeared in the above
equations due to their significant P-values. This means that all these variables affect the
generated power. Generally, it is clear that the solar irradiance and wind speed have positive
effects on the power compared to the module temperature of a negative effect on the power.

Normal plots and three-dimensional surface diagrams

Figure 5 represents the diagnostic plots of generated power of RSM model. Figure 5a
shows the normal plot of residual as confirmed by the normal probability. Figure 5b depicts
the correlation plot between the predicted response and the experimental data. These plots are
utilised to identify any potential discrepancies or divergences in the fit of the optimisation
model to the experimental data. The points in these plots are distributed uniformly and
followed a straight line. It indicates that the diagram assures the model developed. This
suggests that the statistical model developed has captured the correlation among the three
factors investigated in the production of power. Thus, it can be inferred that the chosen model
is appropriate for accurately representing the relationship between the associated variables.
Furthermore, Figure 5b displays a strong relationship between the experimental and predicted
values of the generated power, indicating an excellent agreement between the two values.
According to the results of the agreement between the actual data and model performance at a
number of run, the convergence between the predicted power of PV module and the actual
power is represented as shown in Figure 6. It is clear that the values of absolute relative
deviation (ARD) are ranged between 0.2% to 13.3%.
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Figure 5. Diagnostic plots of generated power for validation of RSM model (a) normal plot of

residuals (b) actual and predicted plot
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Figure 6. Plot of the ARD between the actual and predicted power values against to run number

The three-dimensional (3D) surface plots of the generated power predicted by the model
are plotted while utilising two experimental parameters and considering a fixed value of the
third parameter as depicted in Figures 7, 8 and 9. These plots can aid to observe the trend of

power generated (response) with respect to the increase or decrease in two operating
parameters with a fixed third parameter. Figure 7 shows the power developed by the model for

solar irradiance and module temperature at a constant wind speed 1.35 m/s. Specifically, the
highest power of 134.7 W can be conducted at 981.7 W/m?and 36.14 °C. Figure 8 shows the
relationship between the solar irradiance, wind speed while considering a fixed module
temperature of 51.58 °C. Herein, the maximum power of 125.71 W can be conducted at solar
irradiance of 981.7 W/m?and wind speed of 2.4 m/s. Figure 9 illustrates the response surface
function developed by the model for module temperature and wind speed. The power presented
a maximum of 103.44 W at 67.01 °C and 2.4 m/s with a constant solar irradiance of 575.45

W/m?2.

134.796

111.534

88.2727
g 65.011
3
2 41.749
o
o
67.01
981.70

Module Temperature (oC)
Solar Irradiance (W/m2)

36.14  169.20

Figure 7. 3D graphical representations of the model for generated power against the module
temperature and solar irradiance at wind speed 1.35 m/s
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Figure 8. 3D graphical representations of the model for generated power against the wind speed and
solar irradiance at module temperature 51.58 °C
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57.6167

423399

240
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Module Temperature (oC)

0.50 36.14

Figure 9. 3D graphical representations of the model of generated power against the wind speed and
module temperature at solar irradiance 575.45 W/m?

Table 4 summaries the values of generated power at the lowest and highest values of the
third factor compared to the middle values that represented in Figure 6, 7 and 8. It is clear that
an increase in the wind speed from 0.5 to 2.4 m/s would result in an increase in the generated
power by 7.3%. However, increasing the module temperature from 36.1 to 67.01 °C would
lead to a decrease of generated power by 13%. Also, an increase in the solar irradiance from
169.2 to 981.7 W would lead to an increase in the power by 25%.
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Table 4. A summary of generated power with the three levels of actual parameters

Power Level of wind speed Level of module Level of solar
W) (m/s) temperature (°C) irradiance (W/m?)

0.5 1.35 24 36.1 | 51.58 67.01 |169.2 | 575.45 | 981.7

Minimum | 79.7 | 101.5] 117.1 | 131.9 | 107.4 80.43 143 | 42.33 | 78.16

Maximum | 127.43 | 134.7 | 136.76 | 136.43 | 125.71 | 118.65 | 88.24 |103.44 | 117.8

Optimisation analysis

The results of RSM model optimisation are represented in Figures 10 and 11. As shown in
Figure 10, the optimal conditions are solar irradiance of 968.04 W/m?, module temperature
of 41.82 °C and wind speed of 1.67 m/s. Considering these optimal conditions, the maximum
value of generated power is 128.883 W. This predicted value is in a perfect agreement with the
experimental value of 127.1 W at the same conditions. Figure 11 shows the individual
desirability values of control parameters, response variable, and combined optimisation with a
combined desirability (D = 0.985). It is clear that the desirability function for control
parameters (solar irradiance, module temperature and wind speed) is equal to 1 because they
are set to be in a range of the optimisation. The response (generated power) optimised to be at a
maximum level while the desirability function is obtained at 0.985.

] ) |

169.00 983.00 36.00 68.00
Solar Irradiance = 968.04 Module Temperature = 41.82
L 4 M
0.30 240 25!.4 128
Wind Speed = 1.67 Power = 128.883

Desirability = 0.985

Figure 10. Optimal conditions with the maximum value of power

Solar Irradiance

Module Temperature

Wind Speed

0.985
Power

0.985
Combined

[ I [ |
0.000 0.250 0.500 0.750 1.000

Figure 11. Desirability values of control parameters, response variable, and combined optimisation
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CONCLUSION

Multi regression statistical analysis was used to model and optimise the generated power of
165 Wp of an individual PV module under different operation conditions of solar irradiance,
module temperature and wind speed. The RSM model showed the relationship between the
operations conditions and the generated power considered being linear. The predicted
coefficient of determination R* of 0.9845 is in reasonable agreement with the adjusted R? of
0.9893. In addition, the results showed that the operation parameters have a noticeable impact
on the generated power. Specifically, the solar irradiance and wind speed have positive effects
on the generated power if compared to the module temperature. Thus, it can be inferred that the
proposed model is appropriate for accurately representing the relationship between the
associated variables. The maximum power of 128.883 W was attained for a set of optimal
conditions of 968.04 W/m? solar irradiance, 41.82 °C module temperature and 1.67 m/s wind
speed, which designated by a maximum combined desirability function of D = 0.985.
Moreover, the desirability function for control parameters (solar irradiance, module
temperature and wind speed) is equal to 1 as they are set to be in a range of the optimisation.
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NOMENCLATURE

D desirability function [-]

k number of independent [-]

variables
N number of data points [-]
P generated power of PV [W]
module

R coefficient of determination [-]

S solar irradiance [W/m?]

Trv temperature of PV module [°C]

V wind speed [m/s]

X1,X,...,. X independent variables [-]

Y response [-]

Y actual value [-]

Y, predicted value [-]

Y, mean value [-]
Greek letters

Bo constant [-]

B1, B2, B3  linear coefficients [-]

B12, B13, B23 interaction coefficients [-]

£ error of independent variables [-]
Abbreviations

MSE Mean Square Error

RSS Residual Sum of Squares

TSS Total Sum of Squares

ARD Absolute Relative Deviation
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