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Abstract. In this work a mathematical approach to calculate solar panel temperature based
on measured irradiance, temperature and wind speed is applied. With the calculated module
temperature, the electrical solar module characteristics is determined. A program developed
in MatLab App Designer allows to import measurement data from a weather station and cal-
culates the module temperature based on the mathematical NOCT and stationary approach
with a time step between the measurements of 5 minutes. Three commercially available solar
panels with different cell and interconnection technologies are used for the verification of the
established models. The results show a strong correlation between the measured and by the
stationary model predicted module temperature with a coefficient of determination R? close to
1 and a root mean square deviation (RMSE) of < 2.5 K for a time period of three months. Based
on the predicted temperature, measured irradiance in module plane and specific module infor-
mation the program models the electrical data as time series in 5-minute steps. Predicted to
measured power for a time period of three months shows a linear correlation with an R? of 0.99
and a mean absolute error (MAE) of 3.5, 2.7 and 4.8 for module ID 1, 2 and 3. The calculated
energy (exemplarily for module ID 2) based on the measured, calculated by the NOCT and
stationary model for this time period is 118.4 kWh, resp. 116.7 kWh and 117.8 kWh. This is
equivalent to an uncertainty of 1.4% for the NOCT and 0.5% for the stationary model.
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1. Introduction

Modelling of PV (photovoltaic) system performance is todays key for pre-assessing the suita-
bility of locations for the application of PV. Precise performance prediction depends on the
quality level of existing, for the location specific, weather data, information on the electrical
module performance such as temperature coefficients and characteristic current and voltage
as well as underlying mathematical models used for the performance calculation. This is spe-
cifically important since PV modules operate most of the time under environmental conditions
far from STC (Standard Test Conditions) to which the main information in the suppliers’
datasheets refer. Existing variations in solar irradiation, ambient temperature and wind situa-
tion influence the solar module performances and its energy production. Only if thermal and
electrical models precisely calculate the characteristics and performances of PV modules un-
der various operating conditions installers can assess and maximize the cost effectiveness of
the designed system before on-site installation.

Various models exist for calculating the individual module performance which in general
can be calculated by knowing the modules temperature, irradiation in module plane, tempera-
ture coefficients and electrical module performance at STC [1]. For the calculation of the mod-
ule temperature several mathematical approaches were published in the past [2], [3]. The
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model as proposed by Fuentes is one of the first developed models and can be easily applied
in a stationary approach where the energy balance equation has been employed to construct
the thermal model [4]. Non-stationary models use dynamic thermal approaches to calculate
the module temperature [5], [6]. Nonetheless do most models neglect the structural setup of
the module with stacked layers of different materials [7]. Novel models use back propagation
artificial neural network to calculate the module temperature [8].

The main objective of this work is to apply the mathematical approach as given by
Fuentes to calculate solar panel temperature based on ambient data such as irradiation, tem-
perature and wind speed. With this information as input data on hand the electrical solar mod-
ule characteristics is determined. A program developed in MatLab App Designer imports and
processes the measurement data from a weather station and calculates the module tempera-
ture based on the mathematical NOCT and stationary approach and the electrical module per-
formance with a time step between the measurements of 5 minutes. Three commercially avail-
able solar panels with different cell and interconnection technologies are used for the verifica-
tion of the established models. In the statistical evaluation MAE is also stated due to its ad-
vantages for climatic and environmental evaluations over RMSE [9].

2. Mathematical approach

Various approaches exist to calculate the temperature of a solar panel based on environmental
data [10]. The simplest is the NOCT approach:

TnocT—20°¢

TMNOCT =T+ 300 W
m2

* Gy (1)

which allows the calculation based on the ambient temperature T,, the NOCT temperature as
given by the supplier Tnoct (~ 45°C) and the irradiation Gu. This steady state model uses the
linear relationship between the solar irradiance Gu and the difference between the module and
the ambient temperature (Twm - Ta). This approach neglects various factors, such as for example
wind and the mounting configuration and is hence less accurate.

A non-stationary approach is the in 1987 proposed thermal model by Fuentes. This
approach is far more complex since it develops a detailed thermal energy balance between
the module and the surroundings and evaluates the influence of external meteorological pa-
rameters on the module temperature and is given as a differential equation:

daT
m*c*d—é"lz (p*GM_hC*(TM_Ta)_gback*a*(TI\‘/LI_TgA}r)_gtop*O_*(TI\‘/LI_T;}ky) (2)

where m is the mass of the specimen, c the heat capacity, ¢ is the absorptivity and h the
convective coefficient of the module. The convective coefficient he can be divided in two kinds
of convection. The free convection is independent from any other ambient data, where the
forced convection is depending on the wind speed and can be sorted after laminar and turbu-
lent convection. ¢ denotes to the Stefan-Boltzmann constant, &wp and epack COrresponds to the
emissivity of the front resp. rear side of the module. Ty and Tsy are the ground resp. sky
temperature. Due to the relatively large heat capacity of the module leading to a time constant
in the range of up to several minutes it is appropriate to convert and simplify formula (2) into a
stationary approach as given by:

_ @Gy thoxTa+hy sky*Tsky+hr gr*Tgr
TMqtario = 3)
statio hc+hr,sky+hr,gr

where h;sky is the radiative coefficient to the sky and h. 4 the radiative coefficient to the roof or
ground. Variables he, hrg and h;sky are also functions of Tw and therefore equation (3) needs
to be solved iteratively. For solving (3) iteratively all unknown variables needs to be determined
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which requires to solve >20 separate equations. The calculated module temperature finally
allows to determine the voltage and current at maximum power point mpp, Umpe and Impp by:

G
Umpp = UmPPSTc + ﬁ * UmPPSTc * (TMStatio - Tasrc) +nx UT * log( “ ) (4)

GMgrc

G
Impp = [mppsrc * GMM *(1+ax (TMstatio - TaSTC)) ()
sTC

where a and B are the modules current and voltage temperature coefficient, n is the ideality
factor and Ut the thermal voltage. The temperature coefficients can be obtained by different
ways. The first and simplest is to take the coefficients as given by the supplier in the datasheet
as a constant value independent of irradiance. The more complex way is to determine the
temperature coefficients from experimental outdoor data either as a constant value or in de-
pendence of the irradiance.

3. Application and results

The previous section shows that the calculation of Tunocr is rather simple whereas the calcu-
lation of Twmstatic requires a complex mathematical approach, specifically for determining the
unknown variables. The proposed approach is novel this way that it uses measurement data
from a weather station (Gwm, Ta and wind speed) for re-calculating he, hrsky and h.g- every 5
minutes to determine Twmsttio. Larger calculating errors are specifically obtained in the early
morning due to inhomogeneous illumination: The irradiation sensor covers a very small area
in comparison to the solar module area hence is far less affected by shading which leads to
power calculations not reflecting the reality on site. To compensate for this, the measured irra-
diance is compared with the calculated Imp, and Umpp and a fit applied, in case larger deviations
occur. Accuracy is further improved by applying linear regression.

3.1 Metrological and specimen information

For this study a long-term outdoor measurement series has been consecutively started in April
2020 (still ongoing) on commercially available solar panels as shown in Table 1.

Table 1. Type of solar modules.

Module type ID Cell /module P Tkpmpe NOCT
technology (W) (%/K)  (°C)
Panasonic VBHN 340 SJ53 1 HIT / standard 340 -0.26 44
Sunpower P3 325 BLK 2 PERC / shingled 325 -0.36 45
REC-Alpha-Series 365 W 3 HJT / SmartWire 365 -0.26 44

Solar panels are permanently kept at Pmpp and the I/V-performance measured each minute by
a calibrated Papendorf SOL.Connect® meter which comes with an (I/V) inaccuracy <1%. A
PT1000 sensor measures the solar panel temperature at module rear side and an ISET sensor
the irradiation in module plane. A Thies weather station in close proximity to the solar panels
measures humidity, ambient temperature, wind speed, wind direction and horizontal as well as
in-plane irradiation every five minutes.

Deviations due to module degradation are corrected by determining the Tk’'s and veri-
fication of STC-data. In case of performance degradation, the experimentally determined STC-
data is used. Both models were integrated into the source code of the MatLab program to
calculate the module’s temperature based on ambient data and general module specification
as delivered by the supplier or by conducting the designated measurements, either with a solar
flasher in the laboratory or by outdoor measurements.
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3.2 Comparison of the NOCT and stationary model

The first investigation evaluates the prediction accuracy for both models in terms of accuracy
for different weather settings. Various weather settings with clear sky and casted conditions
and varying maximum irradiances (e.g. by taking days from different seasons) were studied in
depth. This study reveals that the stationary model performs excellent in terms of prediction
accuracy specifically for clear sky and days with partly cloudy sky and outperforms the NOCT
model tremendously. The NOCT model leads in general to higher deviations for clear sky con-
ditions but typically comes with least deviations for very cloudy conditions which lead to sudden
temperature and irradiation changes. The stationary model comes with a tendency to positive
for clear sky and negative deviations for casted conditions.

Figure 1 shows exemplary the temperature difference between measured and pre-
dicted temperature for both models. The maximum temperature difference is 5.1 K for clear
sky and -6.5 K for casted conditions for the stationary model whereas the NOCT model shows
up to twice as high deviations. For the data as displayed in Figure 1 the mean of the tempera-
ture difference for the clear sky day is 1.16 + 1.68 K for the stationary and 3.87 + 2.67 K for
the NOCT model. The mean for the casted day is -2.91 + 1.15 K for the stationary and -1.08 +
1.91 K for the NOCT model. The explanation why the simple NOCT model outperforms the
stationary model at very cloudy conditions is the second term of the NOCT calculation in for-
mula 1. The measured irradiance Gw follows instantaneously the actual irradiation level the
module sees with no or only a very small time lag. The calculation of Twutatic @s given in formula
3 is an iterative method of the assessment and requires various input parameters which all
come with different time constants. This way the stationary model is less precise for very cloudy
days if compared to the NOCT model. Nonetheless if all weather situations are carefully eval-
uated the stationary model outperforms the NOCT model and is therefore used in the consec-
utive chapters for the data evaluation.
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Figure 1. Temperature difference between measured and predicted (both models) for mod-
ule ID 2 during a casted (left) and clear-sky day (right).

3.3 Predicted versus measured module temperature

In order to qualify the prediction accuracy for the stationary model in terms of modelled module
temperature one week with only cloudy days and one week with only clear sky days is used.
Figure 2 shows the difference between predicted (modelled) and measured module tempera-
ture for both scenarios, exemplarily for module ID 2. The prediction accuracy for clear sky days
shows a mean for the distribution of 0.71 + 1.48 K and -2.48 + 1.64 K for cloudy days. More
interesting is the maximum deviation which is + 5 K for clear sky and -8 K resp. +4 K for cloudy
conditions. The data proves that specifically for clear sky situation the prediction accuracy is
very high. For cloudy days mainly the time lag between the measured module temperature and
the instantaneously updated irradiance leads to larger deviations. On the mathematical site
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only few approaches exist to enhance the prediction accuracy specifically since the module
temperature as measured does not match the cell temperature, neither in a matter of time nor
in a matter of precision since changes in cell temperature propagate not one-dimensional. Any
cell temperature change will propagate over the whole module volume with time.

Furthermore, is the temperature profile over the module area not homogenous, typically
it is 2-4 K higher at the center compared to the edge area. For this reason, any comparison
between the measured module temperature on the panels back side and the predicted module
temperature comes with an uncertainty. The accuracy can be increased by applying a wind
filter which takes out data for larger wind situations leading to larger convective flow of heat at
the modules rear side and hence reduce the prediction accuracy. It must be noted that the
available amount of data is the more reduced the smaller the threshold for the wind filter is.

3004 |D2: Sunpower Temperature difference 250 Temperature di_fference ID2: Sunpovyer
One week with calculated (stationary) 7|calculated (stationary) one week Wlth‘ _
cloudy days to measured temperature to measured temperature clear sky condition

220 Mean . 248K Mean © 071K

Standard deviation: 1.64 K 2007 standard deviation: 1.48 K
& 2001 z
& S 150+
= 3
o150 o
e a
e L 1004
100
50
50
0- 04
-8 -6 -4 -2 0 2 -6 0 2 6
Temperature difference (K) Temperature difference (K)

Figure 2. Histogram of temperature difference between modelled (stationary) and measured
temperature for one week with cloudy days (left) and clear sky (right) for module 1D 2.

3.4 Predicted versus measured module power

In the following the predicted module temperature as calculated by the stationary approach is
used — in combination with the experimentally determined module parameters (e.g. tempera-
ture coefficients and in case performance degradation is seen the STC module parameters) to
calculate the modules current and voltage values and hence power Pupp statioc and fill factor as
well as efficiency. In a first step the accuracy of the model is evaluated on single days of the
year, representing completely different weather situations. As Figure 3 quantitatively shows,
measured power Pmppmeasured @and calculated power Pmpp staic for module ID 2 at casted (here
the 13th of March 2022) and clear sky conditions (here the 9th of August 2022) is modelled
with only small deviations hence high accuracy.
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Figure 3. Power (measured and predicted) for module ID 2 during a casted (left) and clear-
sky day (right).
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Mean and standard deviation of the difference between measured and modelled power and
temperature is APayg = -0.03 £ 3.43 W and ATayg = 2.39 + 1.89 K for clear-sky, resp. APayg =
4.52 + 2.22 W and ATayg = 0.50 + 2.07 K for casted conditions. The devolution for measured
and predicted power over the course of the day also matches which can specifically be seen
for the casted day. Even sudden module power changes as measured are precisely predicted.

Figure 4 shows Pmppstatic @s calculated based on data from the stationary model versus
Pmpp.measured fOr one week with only clear sky (right) and only casted (left) condition. The linear
regression analysis shows a slope of 1.022 and an R? of 0.999 for clear sky and a slope of
1.020 and an R? of 0.999 for casted conditions. The data shows no larger deviations in the plot
Pmpp,statio versus Pmpp,measured-
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Figure 4. Modelled (stationary) versus measured Py for one week with cloudy days (left)
and clear sky condition (right) for module ID 2.
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In a next step the modelled temperature, power and energy is calculated from 27th of June
2022 to 5th of September 2022 hence reflecting three months with various changing weather
situations. Table 2 shows the statistical analysis results for measured vs. predicted tempera-
ture, power and energy for all three modules for three months. For the evaluation R?, RMSE
and MAE are determined. Results prove the high prediction accuracy of the approach if ambi-
ent data is used to calculate the required parameters for the stationary temperature model in
real time. One of the main reasons for larger deviations between predicted and measured
module temperature is shading by clouds which leads to sudden module current and cell tem-
perature changes which are only reflected with a time lag in the module temperature as meas-
ured by the PT1000 at the outside of the module.

Table 2. Statistical analysis results for all modules calculated between 27.06.22-05.09.22.

ID Temperature Pmpp Energy
R? RMSE MAE R? RMSE MAE R? RMSE MAE
(K) (W) (kWh)

1 0.959 2.421 2.055 0998 4.085 3.500 0.998 0.031 0.025
2 0.966 2.539 2.069 0999 3.138 2.688 0.999 0.029 0.027
3 0.971 2.147 1.729 0.997 5437 4814 0.998 0.052 0.050

Based on the measured and calculated module power the energy is calculated by performing
an integration over the individual days between 27th of June 2022 and 5th of September 2022.
Therefore, days with cloudy, clear sky and mixed weather conditions are included. The pro-
duced energy as an example for the Sunpower module (ID 2) based on the measured, calcu-
lated by the NOCT model and stationary model power is 118.4 kWh, resp. 116.7 kWh and
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117.8 kWh. This is equivalent to an uncertainty of 1.4% for the NOCT model and only 0.5% for
the stationary model.

3.5 Proposal for optimization measures

To further increase the accuracy of the module temperature calculation by the stationary model
several measures can be named:

e Application of a wind filter to neglect data for situations with larger wind speeds leading
to larger convective flow of heat at the modules rear side

¢ Increase of the number of temperature sensors on the rear side and distributing the
location of the sensors at the outer and inner module area

e Replacing the static temperature by irradiance dependent temperature coefficients

e Optimization of parameters as given in formula 3

4. Conclusion

This paper presents results on the application of the stationary temperature model by using
weather data as measured by a weather station to calculate the module temperature, module
power and generated energy. For this, a software tool was programmed in MatLab App De-
signer which is able to import and process data from a weather station as well as from high
accuracy module performance measurement devices from single days up to several months.
It is found that the source for larger deviations between modelled and measured temperature
mainly stems from the time lag between instantaneously measured irradiation and module
temperature on the rear side of the module which is used to compare the predicted tempera-
ture. This leads to larger uncertainties specifically for days with casted sky conditions. A com-
parison of the module temperature as calculated by the stationary and the simple NOCT model
shows that the simplicity of the formula behind the NOCT model comes with advantages for
casted days where the prediction accuracy of the NOCT model is more accurate if compared
to the stationary model. For specific days the mean for the clear sky day is 1.16 + 1.68 K for
the stationary and 3.87 + 2.67 K for the NOCT model. The mean for the casted day is -2.91 +
1.15 K for the stationary and -1.08 + 1.91 K for the NOCT model. Based on the predicted
module temperature the module power is calculated. A linear regression, performed for the
stationary approach for one week with only clear sky and one week with only casted conditions
reveals a slope of 1.022 and an R? of 0.999 for clear sky and a slope of 1.020 and an R? of
0.999 for casted conditions for the relation between predicted versus measured module power.
Furthermore, shows the data no larger deviations or outliers. Finally, the stationary model is
applied for a longer time period from 27th of June 2022 to 5th of September 2022 hence re-
flecting three months with various changing weather situations for three commercially available
solar modules with different cell and interconnection technologies. A statistical evaluation for
the stationary model shows an RMSE for the calculated temperature < 2.5 K for all three mod-
ules and an RMSE for the calculated power < 4.1 W for module ID1 and ID2 and ~5.4 W for
module ID3. The mean absolute error (MAE) for the power is 3.5, 2.7 and 4.8 for module ID 1,
2 and 3. The produced energy for the Sunpower module based on the measured, calculated
by the NOCT model and stationary model power is 118.4 kWh, resp. 116.7 kWh and
117.8 kWh. This is equivalent to an uncertainty of 1.4% for the NOCT model and only 0.5% for
the stationary model. Results prove the high accuracy of the modelling approach if big meas-
urement data for modelling plus precise module performance data for the calculation and ver-
ification of the individual modules is used.
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