
Budapest University of Technology and Economics
Faculty of Electrical Engineering and Informatics

Department of Electron Devices

Electro-Thermal Modelling of
Photovoltaic Systems

Ph.D. Dissertation

Ali Kareem Abdulrazzaq

Thesis supervisors:
György Bognár, Ph.D.

Balázs Plesz, Ph.D.

Budapest
2022



Ali Kareem Abdulrazzaq
http://eet.bme.hu/~kareem/

May 2022

Budapesti Műszaki és Gazdaságtudományi Egyetem
Villamosmérnöki és Informatikai Kar
Elektronikus Eszközök Tanszéke

Budapest University of Technology and Economics
Faculty of Electrical Engineering and Informatics
Department of Electron Devices

H-1117 Budapest, Magyar tudósok körútja 2.

http://eet.bme.hu/~kareem/


Declaration of own work and references

I, Ali Kareem Abdulrazzaq, hereby declare that this dissertation, and all results claimed
therein are my own work, and rely solely on the references given. All segments taken word-
by-word, or in the same meaning from others have been clearly marked as citations and
included in the references.

Nyilatkozat önálló munkáról, hivatkozások átvételéről

Alulírott Abdulrazzaq Ali Kareem kijelentem, hogy ezt a doktori értekezést magam készítet-
tem és abban csak a megadott forrásokat használtam fel. Minden olyan részt, amelyet szó
szerint, vagy azonos tartalomban, de átfogalmazva más forrásból átvettem, egyértelműen, a
forrás megadásával megjelöltem.

Budapest, May 18, 2022

Abdulrazzaq Ali Kareem

iii





Acknowledgements

This dissertation marks a checkpoint in my career, and I am grateful to so many people for being a
part of this incredible journey and helping me develop both personally and professionally.

First, I would like to thank my family for their continuous and unconditional support and for
staying bymy side through all the highs and lows. Thank you tomymother Hawazen andmy brothers
and sisters for their continuous support. I am especially grateful to mywife, Hanan, and my daughters
(Napsugár and Dora) for their unconditional love, support, understanding, and encouragement.

On the professional side, I would like to start with my Ph.D. supervisors, György Bognár and
Balázs Plesz. I found them to be not only skilled academic advisors but also personal mentors. They
were always able and willing to solve any issue hindering my research progress. My supervisors’ en-
lightening ideas always gave me what I needed to keep moving forward. Particularly helpful to me
during this time was Prof. Zólomy Imre, as he was one of the main reasons behind my admission
to the Department of Electron Devices. Furthermore, I am also thankful to Profs. András Poppe and
Ferenc Ender for their support and consideration in helping to ease my integration into the depart-
ment environment. I gratefully acknowledge the assistance of Richárd Vági and Márton Szabó for
helping with the outdoor measurements for the photovoltaic system. I also had the great pleasure
of sharing the office room with Péter Pálovics, Márton Németh, and Mahmoud Darwish; discussions
with them were always beneficial. I would also like to thank Ildikó Némethné and Zsuzsanna Biró for
their help and for being infrastructural and technical helpdesks for me. Ildikó provides continuous
unconditional help. I very much appreciate the help and the consideration of my colleagues in the
Department of Electron Devices during my research. I am also thankful for Ákos Hajdu for providing
the dissertation’s LaTeX template.

Support. The research described in the dissertation and the publication of its results received fi-
nancial support from various scholarships and institutions, including the Stipendium Hungaricum
Scholarship Programme and the University of Thi-Qar.

v



Summary

Modelling has become an essential tool for accurately estimating output power production while
considering changing environmental, structural, and installation parameters. The Photovoltaic (PV)
electronic junction temperature is considered one of the main parameters that affects the PVmodule’s
output power. Increasing the PV device temperaturewill decrease its efficiency, producing even higher
temperatures; hence, both parameters are dynamically and inversely related. The junction tempera-
ture is considered a complicated parameter because it is impossible to directly measure it for in-field
modules. Its value is affected by a wide range of other parameters; hence, it is evident that accu-
rate power production requires considering the electrical parameters as dynamic values that change
depending on the temperature. The temperature is also dynamically controlled by the converted elec-
trical energy. This implies using the electro-thermal modelling concept in which both sub-models
interact, iterating functional parameter values to provide accurate and reliable output. This work ad-
dresses challenges related to the aforementioned requirements in four different problem domains,
proposing effective solutions.

Thesis 1 involves extracting the photovoltaic cells’/modules’ single-diode model (SDM) five pa-
rameters from the measured current-voltage (I-V ) curves. I proposed seven different extraction meth-
ods. Every method is mathematically described, and the primary considerations when writing the
MATLAB codes are highlighted. All proposedmethods are verified by comparing I-V curves measured
in a wide range of environmental conditions and validated through comparison with well-regarded
literature in this field.

Thesis 2 focuses on comparing the newly proposed parameter-extractionmethods, observing their
applicability using PV samples made of different technologies. These methods have also been vali-
dated through comparison with well-regarded literature in this field. The aim is to investigate how
different extraction methods perform when applied to PV devices of different technologies and error-
containing I-V curves.

Thesis 3 targets the electrical modelling of photovoltaic devices. I present an efficient method for
constructing the I-V characteristics for a PV cell incorporating the environmental conditions. The
proposed model is based on the idea of dividing the voltage axis of the solar cell’s I-V characteris-
tics with a fixed interval. A two-dimensional current matrix is calculated for each voltage interval
point, corresponding to different irradiance conditions and temperatures. Polynomial surface fitting
is used to build sub-models for each voltage interval. Two different methods calculate the current
two-dimensional matrix for each point. The first method is based on linear interpolation of the mea-
sured I-V curves, while the second uses pre-extracted five parameters for the SDM at a wide range of
environmental conditions.

Thesis 4 targets the thermal modelling of PV systems. I introduced a novel thermal model to
estimate the PV layer’s temperature of the modules/cells. This model involves a novel coefficient that
I define as the forced convection adjustment coefficient to imitate the module’s tilt angle effect on
the forced convection heat transfer mechanism. This work presents a comprehensive review of the
existing PV thermal sub-models and the related parameters, which all have been tested to determine
the best combination. The heat balance equation has been employed to construct the thermal model.
The new combination of effective sub-models found in the literature produces a unique and reliable
method for estimating the temperature of the PV modules/cells by incorporating the new coefficient.

All contributions have been implemented and are available publicly. I also evaluate the presented
contributions with various photovoltaic samples and through comparison to existing models to prove
their applicability. Results show that the presented contributions successfully address the targeted
challenges and provide effective modelling approaches.
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Acronyms

PV Photovoltaic
I-V Current-Voltage
P-V Power-Voltage
Si Crystalline silicon
c-Si Silicon
AM1.5 Atmospheric mass = 1.5
SDM Single-diode model
DDM Double-diode model
MPP Maximum power point
EVA Ethylene-vinyl acetate
ARC Anti-reflection coating
CVD Chemical vapour deposition
HCL Hydrochloric acid
MAPE Mean absolute percentage error
MAE Mean absolute error
MSE Mean square error
RMSE Root mean square error
MBE Mean bias error
RelErr Relative error
ACT Algorithm convergence time
HBE Heat balance equation
FF Fill factor
STCs Standard testing conditions
EQIs Error quantifying indicators
PSO Particle Swarm Optimization
GA Genetic algorithm
GSK Gaining–sharing knowledge-based algorithm
PB Personal best
GB Global best
LSM Least-square fitting method
NR Newton–Raphson solving method
IMPL Implicit form of the single-diode model equation
LAMB Explicit form of the single-diode model using the Lambert W function
LIM Linear interpolation method
SDMBM Single diode model based method
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Notations

I Electrical current (A)
V Voltage (V)
Iph Photogenerated current (A)
ID Diode current (A)
VD Diode voltage (V)
Io Reverse saturation current (A)
VT Thermal voltage (V)
Rs Serial resistance (ohm)
Rsh Shunt resistance (ohm)
Isc Short circuit current (A)
Voc Open circuit voltage (V)
Im Current at the maximum power point (A)
Vm Voltage at the maximum power point (V)
Pm maximum power point (W)
Xo Single-diode model parameters’ initial values
MIter Maximum number of iterations
N Number of measured I-V points
E Square sum of electrical current error (A2)
di Electrical current error (A)

w
PSO related factor, inertia weight that tunes between exploration and exploita-
tion

c1, c2 PSO control factors
Rand, r1, r2 Random number between 1 and 2
J(X) Jacobian matrix
Pc Genetic algorithm - crossover probability
Pm Genetic algorithm - mutation probability
Er Genetic algorithm - elitism factor
Pr Genetic algorithm selected parent
Child Genetic algorithm produced child
Chr Genetic algorithm chromosome
Fitness Genetic algorithm population fitness
G Irradiance (W/m2)
T Temperature (K)
C Thermal capacitance ( J K−1)
Cmodule Total module thermal capacitance ( J K−1)
d Layer thickness (m)
c Specific heat (J kg−1 K−1)
cpair Specific heat at constant pressure of air (J kg−1 K−1)
hc Convection heat transfer coefficients (W m−2 K−1)
q Heat flux (W m−2)
qconv Convection heat flux (W m−2)
qrad Radiation heat flux (W m−2)
hc,forced Forced convection coefficient (W m−2 K−1)
hc,free Free convection coefficient (W m−2 K−1)
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Lc PV module characteristics length (m)
∆T Temperature difference between the PV module surface and the ambient (K)
∆Tf Temperature difference between the PV layer and the front side surface (K)
∆Tb Temperature difference between the PV layer and the back side surface (K)
δT Constant value (K)
Tf The average between the surface and ambient temperatures (K)
Gr Grashof number (-)
Nu Nusselt number (-)
Nuforced Nusselt number of the forced convection (-)
Nufree Nusselt number of the free convection (-)
Ra Rayleigh number (-)
Pr Prandtl number (-)
Re Reynolds number (-)
kair Thermal conductivity of air (W m−1 K−1)
Rf Thermal resistivity between the PV layer and the front surface (m2 K/W)
Rb Thermal resistivity between the PV layer and the back surface (m2 K/W)
W Module width (m)
S Module perimeter (m)
A Module area (m2)
F View factor (-)
H Forced convection adjustment coefficient (-) or module length (m)

m
Empirical factor of the forced convection to the tilt angle and wind relationship
(-)

R2 Coefficient of determination (-)
r Correlation coefficient (-)
δ Error at the maximum power point (-)
α Absorptivity (-)
αfg Absorptivity of the glass layer (-)
αPV Absorptivity of the semiconductor layer (-)
Φ Total received irradiance (W/m2)
η Efficiency (-)
τ Transmittance (-)
τfg Transmittance of the glass layer (-)
ρ Density (kg m−3)
β Module tilt angle (◦) or air thermal expansion coefficient (K−1)
θ Angle of the module to the vertical axis (◦)
µair Dynamic viscosity of air (kg m−1 s−1)
νw Wind speed (m s−1)
σ Stefan–Boltzmann constant (W m−2 K−4)
ϵ Emissivity (-)
Pc Probability of crossover(-)
R Random number (-)
Pm Probability of mutation (-)
xU Vector that holds parameters’ search space upper limit )
xL Vector that holds parameters’ search space lower limit
Chr Genetic algorithm population (-)
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Chapter1

Introduction

1.1 Background and problem definition

Finding solutions to the problems of global environmental concerns and increasing energy demands
requires the use of modern technologies. Renewable energies, particularly photovoltaic (PV) technol-
ogy, are considered themost satisfactory solution [1]. PV power supplies are cost-efficient, employable
at both small and large scales, clean, and require little maintenance [j4],[2]. PV systems convert solar
energy directly to electrical energy using devices of semiconductor material - usually silicon. Solar
energy is known as the most abundant source of energy, and silicon (Si) is an abundant, environ-
mentally inert, and technically well-understood material [3]. These facts point to adopting PV power
generation as a governmental policy, replacing fossil energy [4]. However, one of the main challenges
for effectively utilizing PV systems are their fluctuating power output under variable weather condi-
tions [5]. Hence, modelling has become a necessary tool for accurately estimating the output power
production while considering the changing environmental, structural, and installation parameters
[6]. While some of the parameters can be easily defined for a given PV system using a manufacturer
datasheet, other essential parameters can only be defined as dependent parameters that incorporate
other parameters’ effects.

The p-n junction temperature of the photovoltaic cell is considered one of the main parameters
affecting the PV module’s output power. For a typical commercial single-junction PV module, only
13-20% of the received solar irradiance is converted to electrical energy [7]. That means that a sig-
nificant portion of the absorbed solar irradiance is converted to unwanted thermal energy. This will
considerably increase the PV module’s operating temperature, negatively affecting its performance
[8]. For a typical silicon-based PV module, an increase of 1 ◦C in the junction temperature causes an
efficiency decrease of about 0.45% and exponentially increases the aging rate [9], [10]. Hence, the two
parameters (the junction temperature and the PV module efficiency) are dynamically and inversely
related. The junction temperature is considered a complicated parameter because it is impossible to
directly measure it for in-field modules and because its value is affected by a wide range of other
parameters, hence, it is evident that accurate power estimation requires considering the electrical
parameters as dynamic values that change depending on the temperature. The temperature is also
dynamically controlled by the converted electrical energy. This implies using the joint electrical and
thermal (electro-thermal) modelling concept in which both sub-models interact, iterating functional
parameter values to provide accurate and reliable output power estimation.

This dissertation proposes an electro-thermal model to provide the PV cells’/modules’ output
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1. Introduction

power, electronic junction temperature, and front and back surface temperatures, as well as reproduc-
ing the full current-voltage (I-V) curve under any irradiance condition and environment temperature.

1.2 The working principle of a solar cell

To produce energy from solar irradiance, there are three basic requirements. First, there must be a
material that can absorb the solar irradiance and create charge carriers. Second, a process is required to
handle the movement of the generated charge carriers through an external circuit to produce current.
Third, there must be great enough voltage to produce usable power. As previously indicated, the solar
cell is a special kind of p-n junction. Constructing such a structure from a doped semiconductor like
silicon will result in a p-type side, an n-type side, and a space charge region in between, producing an
internal electric field. Illuminating the area near the junction with energy larger than the energy band
gap of the material will cause the generation of free electron-hole pairs by releasing electrons from
the valance band to the conduction band. Due to the existence of the built-in electric field, electrons
will flow toward the n-type side and holes toward the p-type side. This will prevent recombination
and enable current flow through the external circuit formed by connecting the load between the n-
type side and p-type side terminals using metal strips (see Figure 1.1). The newly generated electrons
in the n-type side and the holes in the p-types side will create an electric field in opposition to the
originally existing one. This will increase the forward diffusion current, and a new equilibrium state
will be reached, producing a voltage across the p-n junction. Therefore, the net current flows in the
external circuit (I [A]) is equal to the difference between the light-generated current (Iph [A]) and the
forward-biased diode diffusion current (ID [A]). The output voltage of the model (V [V]) will be the
forward-biased diode voltage.

--

++
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--

--
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--

Electrode

Anti-reflection film

n-type Si

p-type Si

Electrode

Light

I

-

+

++

-

-

-

+

-

Electrode

Anti-reflection film
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Electrode

Light

I

V

Figure 1.1: The basic structure of a PV cell.

1.2.1 The I-V characteristics of a PV cell

This discussion involves investigating the PV cell’s I-V characteristics and highlighting some essential
characteristic points on these curves. Practically, there are two different ways to measure an I-V char-
acteristic’s curve: (1) by using a variable resistor as a load and recording the PV cell output current
and voltage for each load resistor value or (2) by sweeping the terminal voltage over a specific range
and record the resulting current. Figure 1.2 shows the diode characteristics in a dark condition which
complies with the Shockley equation - see Equation 1.1. For low values of diode voltage (VD [V]), the
diode current (ID [A]) is approximately equal to the reverse saturation current (Io [A]), which is in

2



1.2. The working principle of a solar cell

ID
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0 0.1 0.2 0.3 0.4 0.5
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Figure 1.2: The diode I-V characteristics in dark condition.
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Figure 1.3: The PV cell I-V characteristics in dark condition.

the order of a few nA. Increasing the diode’s voltage to a large value compared to the thermal voltage
(VT [V]) also increases the current rapidly as the exponential term dominates.

ID = Io(e
(VD)

nVT − 1) (1.1)

Io indicates the material quality [17]. The higher the material quality, the lower Io will be. It
increases significantly with temperature. For silicon PV cells near room temperature, Io doubles
with every 10 ◦C rise in temperature [18],[19]. n is the ideality factor [-]; it is related to the phys-
ical construction of the p-n junction [20]. Its value is adjustable by the manufacturer and normally
between 1 and 2 [21]. VT is the thermal voltage [V], equaling kBT /q, where k is the Boltzmann
constant (1.38 × 10−23 JK−1), T is the temperature in Kelvin, and q is the charge of an electron
(1.602× 10−19C). VT has a value of 25.84mV at 300K. Since the PV cell current is meant to be out
of the output positive terminal, I = −ID , as shown in Figure 1.3.

By starting to illuminate the PV cell, a new component - the photo-generated current (Iph [A]) -
will be added to the equivalent circuit as a constant current [22]. The net output PV cell current will
be equal to the difference between Iph and ID . Therefore, increasing the illumination level will lead
to an increase in the net generated current [23]. Figure 1.4 shows the I-V characteristics of a single
PV cell under illumination.

However, the practical model involves some parasitic parameters, including series and shunt re-
sistances. The series resistance (Rs) models the combined resistances of contacts [ohm], metal grids,
and the p and n semiconductor layers. The shunt resistance (Rsh) models the physical effect of leak-
ing current through the p-n junction [ohm]. A large value of Rs or a small value of Rsh represent
low material quality PV cells or poor manufacturing processes significantly affecting the generated
power, especially at lower irradiance levels [14]. Figure 1.5(a) shows the complete single-diode model

3



1. Introduction

IID

DIph V

0 0.1 0.2 0.3 0.4 0.5
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Figure 1.4: The PV cell I-V characteristics in light condition.
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Figure 1.5: The complete PV cell: (a) single-diodemodel (SDM) equivalent circuit; (b) double-diodemodel (DDM)
equivalent circuit.

(SDM) equivalent circuit of a PV cell. Hence, a single diode represents both the charge carriers’ dif-
fusion and the recombination in the depletion region [24]. However, some researchers employ two
diodes to separately imitate both physical phenomena, calling it the double-diode model (DDM) [25]-
see Figure 1.5(b).

The mathematical representation of the SDM model is shown in Equation 1.2.

I = Iph − Io(exp
(V +IRs)

nVT − 1)− V + IRs

Rsh
(1.2)

Adding the parasitic parameters (Rs andRsh) gives the complete I-V characteristics of a PV cell at
a given irradiance and temperature [26], as shown in Figure 1.6. At lower voltages, the current through
the diode is very low; therefore, the output current is high and very close to the photo-generated
current. Increasing the voltage above a certain range decreases the current more intrepidly [27]. There
are two important points to be highlighted on this curve, the point of short-circuit current (Isc [A])
and the point of open-circuit voltage (Voc [V]). Isc is the maximum current that one can get from a
PV cell [28]. This current is measured in a short-circuit condition (V = 0V ). For small Rs values,
Isc is approximately equal to Iph. The short-circuit current depends on the material characteristics,
dimensions of the PV cell, solar irradiance level, and the spectrum of light. Isc has a very low positive
temperature coefficient (about 0.05%K−1) [29],[30]. Typically, Isc is given in the datasheet of a PV
module as a measured value in well-defined standard testing conditions (STCs). Voc is the maximum
output voltage measured with zero external output current (I = 0A) of the PV cell. A mathematical
expression to determine Voc deduced from the ideal PV cell model is given as [31]:

Voc = nVT ln(
Iph
Io

+ 1) (1.3)
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Figure 1.6: The PV cell I-V complete characteristics.

From this, it can be seen that the lower the value of the reverse saturation current Io, the higher
Voc is. This implies that the open-circuit voltage has a high negative temperature coefficient (about
−0.35%K−1) [30], [32]. Since the reverse saturation current appears in its mathematical expression,
Voc also depends on the material quality. The irradiance level has a small effect on the Voc value
because it appears in the logarithmic term [33]. These two characteristic points are not simultaneous;
hence, the PV cell’s optimum operating point (i.e., its maximum power point) is located on the I-V
curve between the Isc and Voc points, where both current and voltage levels are relatively large. The
rest of this subsection will discuss the effect of the solar irradiance, the junction temperature, and the
SDM five parameters on the PV cell I-V characteristics.

1.2.1.1 Irradiance effect on the solar cell I-V characteristics

Changing the solar irradiance will significantly affect the photo-generated current; hence, the PV
cell output current will change by the linear relationship between the irradiance level and the short-
circuit current [20]. The output voltage slightly decreases with the decrease of the irradiance level
[34]. This relationship can be realized mathematically from Equation 1.3. Inside the logarithm term,
Iph is divided by the Io. Recall that Iph is greater than Io by several orders of magnitudes. Figure 1.7(a)
shows the output characteristics for a PV cell under different illumination levels.

1.2.1.2 Temperature effect on the solar cell I-V characteristics

The temperature changingwill also affect the I-V characteristics of a PV cell. Its most dominant impact
is on the open-circuit voltage [17]. As previously discussed, Voc is highly temperature-dependent,
with a negative temperature coefficient of −0.35% for every oC [30], [32]. Figure 1.7(b) illustrates
this concept by showing the I-V characteristics of different temperatures. The short-circuit current
will slightly increase as the temperature increases since the semiconductor material’s band gap will
slightly decrease; that is, more electron holes are generated. However, the resulting change in the Isc
current is not significant.
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Figure 1.7: The effects of different environmental and physical parameters on the PV cell I-V characteristic
curves. The depicted parameters are: (a) irradiance, (b) temperature, (c) series resistance, (d) shunt resistance,
and (e) ideality factor.
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1.2. The working principle of a solar cell

1.2.1.3 Series resistance effect on the solar cell I-V characteristics

The curves resulting from simulating a particular solar cell for different Rs values is shown in Figure
1.7(c). It can be seen that the current shows a rapid decrease at lower voltages, and the slope of the
curve is significantly reduced near the open-circuit voltage point. This can be explained by consider-
ing the PV cell equivalent circuit model. For higher values of Rs, the exponential term is increased,
leading to a rapidly decreasing output current [35]. However, as seen from the simulated curves, the
series resistance has no significant impact on the short-circuit current and the open-circuit voltage
values. This is because, for low voltages (nearby the short-circuit current point), the whole exponen-
tial term will be much lower than 1. Near the open-circuit voltage point, the output voltage will be
dominated in the exponential term. The slope of the I-V curve near the Voc point is typically used to
estimate the value of Rs.

1.2.1.4 Shunt resistance effect on the solar cell I-V characteristics

The shunt resistance typically has a large value [14]. Measuring a lower value forRsh indicates device
degradation [36]. Figure 1.7(d) shows the simulated I-V curves for different shunt resistance values
under the same irradiance and temperature conditions. Rsh refers to the resistance through which
leakage current is flowing. As seen in the PV cell equivalent circuit shown in Figure 1.5(a), this current
is equal to the voltage across the diode divided by the shunt resistance. Hence, the main effect of Rsh

will appear on the I-V curve for the midrange voltages. This region corresponds to the maximum
power point (MPP). Therefore, a lower value of Rsh will negatively affect the MPP produced by the
solar cell, decreasing its efficiency. Zooming in the simulated curve near the Isc point as shown in
Figure 1.7(d), it can be seen that the slope of these curves is drastically different, corresponding to
different shunt resistance values. Therefore, a measured I-V curve is typically used to estimate the
shunt resistance value from the slope near Isc.

1.2.1.5 Ideality factor effect on the solar cell I-V characteristics

The ideality factor is a measure of the quality of the PV cell’s p-n junction [37]. The better manufac-
turing processing of the p-n junction higher the material quality, the lower the ideality factor and the
reverse saturation current will be [38]. The ideality factor value ranges from 1 to 2 [39]. Figure 1.7(e)
shows multiple PV cell’s I-V characteristic curves simulated for different ideality factor values. In the
single-diode model equation, using the same principle discussed for Rs and Rsh, n has a noticeable
effect on the maximum power point region of the I-V characteristics.

1.2.2 The P-V Characteristics of a PV cell

Understanding the power-voltage (P-V ) PV cell characteristics is essential in designing photovoltaic
solar systems. This involves a special consideration for the critical parameters, like the maximum
power point and the fill factor (FF [-]). In this subsection, the irradiance level and temperature effects
are studied using the single-diode model of the PV cell. Figure 1.8(a) shows the I-V and the P-V curves
simulated for given cell parameters. Since the power equals the current produced by the voltage, the
power increases almost linearly, increasing the voltage.When the current starts to decrease at a higher
rate, the power shows a nonlinear increasing behavior. Shortly beyond this point, the power reaches
its maximum value [40]. As previously discussed, the point at which the maximum power occurs is
called the maximum power point (Pm [W]) or MPP [41]. The corresponding voltage and current for
this point are the maximum voltage (Vm [V]) and the maximum current (Im [A]), respectively. One of
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Figure 1.8: PV cell power characteristic: (a) I-V and P-V curves; (b) fill factor definition.

the main objectives for the PV system’s design is to ensure operation at this maximum point. Another
point could be specified on the dual characteristics shown in Figure 1.8(b), by the intersection of the
Voc and ISC (i.e., both current and voltage at their maximum possible values). Although this point is
only theoretical and not a normal operation point for any PV cell, it provides a standard to evaluate
how good a PV cell is [42]. The closer the actual maximum power point is to this theoretical point,
the better the design and the higher the energy yield. This is typically defined as the fill factor of the
PV cell, which is determined by Equation 1.4. A fill factor with a low value indicates higher losses due
to parasitic resistances and other non-ideal parameters.

FF =
VmIm
VocISC

(1.4)

The rest of this subsection will discuss the effects of the solar irradiance, the junction temperature,
and the SDM five parameters on the PV cell’s P-V characteristics.

1.2.2.1 The irradiance level effect on Pm and FF

As it has been previously discussed, the irradiance level mainly effects the photo-generated current
and, in turn, the output current of the PV cell. However, it only slightly affects the value of the open-
circuit voltage. Therefore, decreasing the irradiance level will cause a significant decrease in the max-
imum point of the generated power and the FF value [43]- see Figure 1.9(a).

1.2.2.2 The temperature effect on Pm and FF

Temperature changes mainly affect the diode characteristics via the values of the reverse saturation
current. Figure 1.9(b) shows the simulated curves for dual I-V and P-V characteristics for two different
temperatures. It shows that increasing the temperature will produce an apparent reduction in the
maximum power generated by the solar cell. The temperature coefficient of the maximum power
is about −0.45%K−1[32],[44]. The impact of temperature on the I-V curve is also shown, mainly
affecting the open-circuit voltage.

1.2.2.3 The series resistance effect on Pm and FF

Figure 1.9(c) shows the simulated curves for the I-V and P-V characteristics for different series resis-
tance values. Increasing theRs will significantly decrease both the maximum power point and the FF
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Figure 1.9: The effects of different environmental and physical parameters on the PV cell P-V characteristic
curves. The depicted parameters are: (a) irradiance, (b) temperature, (c) series resistance, (d) shunt resistance,
and (e) ideality factor.
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[45]. it can be seen that the effect of Rs is greater more effective at higher output voltage values, and
the slope of both curves is significantly different, especially near the open-circuit voltage point.

1.2.2.4 The shunt resistance effect on Pm and FF

Simulated curves for the dual characteristic PV cell for different shunt resistances is shown in Figure
1.9(d). I conclude that the effect on both curves appears at a lower voltage range, where the I-V curve
decreases at a faster rate for lower shunt resistance and the P-V increases more slowly. A lower shunt
resistance value will produce a lower maximum power point and lower FF because both Vm and Im
are significantly reduced while Voc and Isc keep almost the same values for a larger Rsh [46].

1.2.2.5 The Ideality Factor Effect on Pm and FF

Two different ideality factor values are considered to produce simulation curves for investigating its
effect on the maximum power point and the FF, as shown in Figure 1.9(e). The effect of the ideality
factor is mainly near the maximum power point. A higher n value shows lower maximum power
values and lower fill factor [47].

1.3 Major types of PV technology

PV power generation requires light-absorbing material as the functional part of the PV cell or mod-
ule structure to generate free electrons. There are different types of PV technology based on the
PV materials used and the required manufacturing steps. In this section, I review only silicon-based
technologies for two main reasons. First, silicon technology dominates the photovoltaic market, re-
sponsible for 91% of the PVmarket [48]. Second, the three PV samples used to verify the results of this
work are all based on silicon. Most PV types can be fit in one of two main types, namely, crystalline
and amorphous silicon. Each type has unique specifications, including those related to the module
appearance, performance, installation requirements, and cost.

1.3.1 Crystalline silicon

This type of PV cells/modules is made of crystalline silicon (c-Si) produced by the microelectronics
technology industry. The crystalline technology is further classified into monocrystalline and poly-
crystalline, depending on the crystal structure. Monocrystalline silicon PV cells/modules, as the name
indicates, are made of pure Si, ideally without defects. It provides better conversion efficiency than
other commercial technologies, typically in the range of 15-22% [49]. Another advantage is that this
technology is well understood since it was the first commercially used technology and is considered
part of the first generation of PV systems [50]. However, the monocrystalline Si material purification
and cell manufacturing processes are complicated and expensive. The monocrystalline PV cell pro-
duction process is performed in two phases: wafer fabrication and cell manufacturing. The following
steps briefly summarize both phases [51]:

• Quartzite gravel or crushed quartz is melted using an electric arc furnace (evaporating the oxy-
gen) to form a rod of impure silicon. The impurity level of the resulting in silicon is 1-2%, which
is comparable to 108 m−3 of dopants.

• The impure silicon is dissolved with hydrochloric acid (HCl), evaporated, and distillated result-
ing in silicon with a low level of contamination.
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Figure 1.10: PV module physical structure: (a) PV module I-V curves represented by individual cells as building
blocks; (b) schematic structure of a basic photovoltaic (PV) module.

• A single crystal structure could be grown using the Czochralski process, among others. A seed
crystal is dipped into melted pure polycrystalline silicon. The seed will be rotated and lifted,
forming a pure silicon ingot. This step is considered a time- and energy-consuming process.

• The ingot is sliced into wafers. While the expected final shape of a PV cell is square, the cells
are typically cut with rounded edges to avoid much material loss and to be more stable me-
chanically.

• The junction is formed by introducing phosphorous to the surface of the wafer. This process is
carried out in a furnace with a temperature slightly below the silicon melting point.

A single PV cell is capable of producing about 30mA current and 0.55V under defined conditions.
Hence, cells are electrically connected in series and in parallel, forming a module (or panel) to reach
the required output power level [1],[16]. Voltage and current are increased with series and parallel
connections, respectively. Figure 1.10(a) illustrates this concept by showing the effect the number of
the connected cells has on the I-V characteristics and the maximum power produced. The polycrys-
talline PV module is made of multiple grains of silicon. Its main advantage is the low production cost
compared to monocrystalline modules, the polycrystalline modules have slightly lower efficiencies;
the commercially available polycrystalline modules have efficiencies in the range of 14-19% [1]. This
PV type involves different production steps than monocrystalline technology. The melted silicon is
poured into a ceramic crucible, the solidification starts at many different places within the crucible,
resulting in many crystal orientations (multi-grain crystals). It is possible to impose specific grain
orientations by dipping seeds in the melted silicon.

Although photovoltaic technologies are advancing rapidly, leading to higher efficiency and lower
costs, the basic PV module’s physical structure has not changed much over the years [52]. Figure
1.10(b) shows the basic structure of a typical PV crystalline module. The active semiconductor layer
consists of several photovoltaic cells interconnected in series and in parallel depending on the required
output current and voltage levels. The active layer is encapsulated between two layers of ethylene-
vinyl acetate (EVA) - the most commonly used material - to bind the PV cells to the top and bottom
layers and provide moisture resistance and electrical insulation [53]. Fundamentally, the glass layer is
tempered (to increase themechanical strength of themodule) and highly transparent, aswell as having
low iron content and a textured upper surface (to reduce solar irradiance reflection and absorption
losses). The back layer is usually made of the polymer Tedlar, which functions as an irradiance blocker
and provides moisture resistance [54]. The anti-reflection coating (ARC) layer is typically added to
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the PV layer for efficient light trapping (not shown in Figure 1.10(b)) [55]. The active semiconductor
layer may consist of materials like monocrystalline or silicon.

Typically, amonocrystalline cell has rounded edges and is black in color due to the light interaction
within the surface. Blue is usually the color of a polycrystalline module due to light interaction with
silicon surface fragments.

1.3.2 Amorphous silicon (thin-film)

The amorphous silicon PV modules are made of a thinner layer of photovoltaic material (∼ 10 nm)
compared to the crystalline technologies (200-300 nm). There are different types of thin-film technol-
ogy based on how the semiconductor junction is formed and the materials used; however, the most
prevalent type is made of amorphous silicon and utilizes a PIN (p-type, intrinsic, n-type) junction.

Amorphous PV modules are widely used due to their low manufacturing costs. However, the
overall installation cost could be higher for harvesting the same amount of power because of their
low efficiencies compared to crystalline modules. Flexibility and versatility are key advantages of
adopting this technology. Amorphous PV panels can be manufactured on different kinds of mate-
rial substrates, including metal and plastic. Unlike rigid panels (monocrystalline and polycrystalline),
amorphous modules may cover entire rooftops or the sunlight-facing side of a building. Another in-
teresting fact about amorphous modules is that the efficiency is not significantly affected by changing
the temperature as in crystalline technologies. Manufacturing amorphous PV modules starts with a
bulk silicon, then a series of different layer deposition processes are performed. Layer deposition is
performed through different methods, such as chemical vapor deposition (CVD). The following steps
briefly summarize the steps for manufacturing amorphous modules:

• A transparent conductive layer is deposited with CVD
• An amorphous silicon layer is formed with CVD
• Metal layer deposition of aluminium with magnetron sputtering or silver with vacuum evapo-
ration

• Electrical contact deposition
• Sealing

While other technologies required cells to be interconnected together to get higher output voltage,
laser cutting is used to remove certain layers to deposit metal contacts in thin-film technologies. Even
though the active layer’s amorphous technology is 300 times thinner than the crystalline technolo-
gies, including the frame, they have a similar thickness. Amorphous modules have different colors
depending on the materials used.

Figure 1.11 shows generic layer configurations of a single-junction thin-film amorphous PV mod-
ule.

1.4 Mathematical representation of a physical system

Mathematical representation of a system is an abstract representation model that defines the rela-
tionship between the input and the output. This formulation makes it possible to determine the sys-
tem outputs corresponding to different inputs; hence, a model may involve the physical and struc-
tural characteristics of the system as different parameters. In practical systems, physical parameters
change with respect to the surrounding environmental conditions, so building the system model im-
plies determining the system parameters under different environmental conditions. Substituting these
parameters in the system’s mathematical representation gives a valid model for the corresponding
environmental conditions. The process of determining the system parameters is called parameters
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Figure 1.11: Schematic structure of a single-junction thin-film amorphous PV module.

extraction. This process includes two fundamental steps: (1) defining the mathematical equation (or
set of equations) that describes how these parameters interact and their relation to the system and (2)
solving these equations to reveal the values of the parameters. Subsections 1.4.1 and 1.4.2 will discuss
these procedures in more detail.

It is worth mentioning that extracting the model parameters is just the first step for building a
model that imitates the system behavior under different environmental conditions. The second step is
to define a relationship between each of the physical parameters and the affecting conditions. The en-
vironmental conditions will act as inputs, influencing the system’s decisions in producing the output.
This process, as a whole, is called modelling.

1.4.1 Defining the system mathematical representation

Depending on the nature of the system, its mathematical model could be linear or nonlinear. In a linear
system, all of its physical parameters have constant rate of change. On the other hand, in a nonlinear
system, one or more system parameters lack constant changing rates. The nonlinear equations are
classified further into explicit and implicit formulations. Explicit equations give the main variable in
terms of the system’s physical parameters and other elementary terms. In implicit equations, none of
the system’s main variables can be represented as a function of elementary terms [56]. Considering
a system as an optimization problem implies defining its objective function. Objective function is a
mathematical representation of a system that is conceptually considered a problem to be solved by
minimizing or maximizing this function. Complex systems may involve multiple objective functions.
A system’s multiple-objective functionmay have similar objectives - either minimizing ormaximizing
- or conflict objectives that require trade-offs to reach optimal solutions [57].

1.4.2 Solving the system’s mathematical representation

There are different solving techniques, including analytical, numerical, optimization, and genetic al-
gorithms. Analytical solving methods are applicable for solving linear and nonlinear equations with
algebra. There are two main conditions for applying this solving method. One is having the same
number of equations as the variables to be extracted. The other condition is that all equations are ex-
plicit. The main advantage of using this technique is the lower computational cost compared to other
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methods. Numerical techniques are meant to solve nonlinear equations while retaining the conditions
of having a similar number of variables and equations. Numerical methods scan a range, substituting
values in the equation to be solved and searching for equality. The iterative nature of these solving
methods makes them applicable for implicit equations. One drawback that has to be considered when
using numerical methods is the high computational cost compared to analytical methods. Systems
involve different numbers of unknown parameters, and equations require the use of another solving
method. The problem of having fewer equations than the parameters to be extracted can be fixed if
I understand the system’s physical properties. In this case, physical assumptions and mathematical
approximations have to be made to reach a system formulation that can be solved analytically. How-
ever, this results in a lower accuracy of the solution. Computational intelligence, optimization, and
genetic algorithm are widely adopted methods for solving implicit and nonlinear equations. These
solving techniques involve defining an objective function based on the system given mathematical
representation. Solving an objective function means finding its minimum or maximum, depending on
the system’s nature. In a general sense, the terms "minimum" and "maximum" both are replaced with
the term "optimum". The term "optimization" is more meaningful when dealing with multiple objec-
tive systems. The aim is to find an optimum solution, revealing the best set of system parameters.
Substituting the optimum set of extracted parameters in the system’s mathematical representation
gives the model imitating the system the ability to make decisions.

1.5 Research contribution

The main goal of this theses work is to construct a combined electro-thermal PV model for accurate
and reliable output power estimation. Figure 1.12 shows this research contributing by highlighting
different theses numbers that will be discussed in the following chapters.
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Figure 1.12: Theses contributions
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1.6. Error-quantifying parameters

The first research thesis work. I propose several new methods for extracting the single-diode
model parameters of the PV cells/modules. Aiming for the most accurate and reliable results, I have
applied different solving techniques, including numerical, optimization, and genetic algorithms, to
solve different formulations of the single-diode equivalent model. All methods have been mathemat-
ically described, and the primary considerations are highlighted when writing the MATLAB codes,
enabling better understanding and future usability for other researchers. There are two main targeted
aims in the overall pursuit of reaching a high level of accuracy with the lowest possible computational
cost: (1) to find the optimum number of iterations to be performed and (2) to determine the optimum
number of current-voltage (I-V ) points that have to construct the PV sample’s characteristic curve.

The second research thesis work. I compare the seven newly proposed extraction methods, in-
vestigating their applicabilities using PV samples of different technologies and under different en-
vironmental conditions. I will investigate whether different extraction methods perform differently
when applied to various PV technologies and error-containing I-V curves. Since the ultimate goal is
to build an electrical model based on the values of the extracted parameters and their environmen-
tal dependences, I will investigate the effects temperature and irradiance level have on the extracted
parameters.

The third research thesis work. I develop a new electrical model that can reproduce the I-V
curves for PV cells/modules incorporating the environmental conditions. I will construct the electrical
model using I-V curves measured under the whole range of typical outdoor operation environments.
Twomethods will be used to build this model; one is based on pre-extracted single-diode model (SDM)
parameters, and the other is based on linear interpolation. Comparing both methods is also targeted
in this thesis.

The fourth research thesiswork. I introduce a new thermalmodel that estimates the temperature
of the embedded electronic junction in PV modules/cells and their front and back surface tempera-
tures. Considering that various heat transfer mechanisms contribute to the thermal behavior of a PV
device, I will present a comprehensive literature review of these mechanisms’ mathematical represen-
tations. One aim is to determine the best combination of the existing sub-models to build an accurate
and reliable thermal model. Among the novelty points that I am targeting is the combined effect of
both tilt angle and wind velocity on the PV device’s thermal behavior.

1.6 Error-quantifying parameters

Statistical analysis is carried out to quantify the error produced by the different modelling approaches
proposed in this work. This has been conducted by comparing our calculated results with measure-
ments of actual PV devices. To ensure the accuracy of the presentedmodelling methods, I use different
error-quantifying indicators (EQIs). These indicators are vital components for evaluating the achieved
results. Among the error-quantifying parameters used by the scientific community, I chose the most
popular, given as:

Mean absolute error (MAE). is the sum of the average difference between the measured and es-
timated values [A], calculated using Equation 1.5. It indicates how close the computed value is to the
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measurement.

MAE =
1

n

n∑
i

|(Iimeas − Iicalc)|. (1.5)

where Imeas and Icalc represent the measured and calculated currents at the specified operating point
amongst measured I-V pairs [A], respectively; n is the number of the measured points; i is the index
of the points.

Mean absolute percentage error (MAPE). is based on the concept of the MAE, but each absolute
difference is divided by themeasured value to give the relative difference [-], calculated using Equation
1.6 [58]. The value of the MAPE is not defined when the measured value is 0, and its value is not stable
when the measured value is close to 0.

MAPE =
100%

n

n∑
i

|(Iimeas − Iicalc)|
Iimeas

. (1.6)

Mean square error (MSE). as the name suggests, is a measure of the variance of the residuals [A],
giving more weight to larger errors, calculated using Equation 1.7 [59]. It is mainly useful when the
deviation to be quantified is positive and negative [60].

MSE =

∑n
i (I

i
meas − Iicalc)

2

n
. (1.7)

Root mean square error (RMSE). measures the standard deviation of residuals quantifying the
nonsystematic error [A], calculated using Equation 1.8. Researchers usually refer to it as the standard
deviation indicator between the measured and the calculated values [61],[62]. RMSE depends on the
order of the magnitude of the compared values; hence its value range changes significantly from one
application to another [63]. As a result, the RMSE is preferred when the error is small and tolerable,
with large errors producing in appropriate results [58].

RMSE =
√
MSE =

√∑n
i (I

i
meas − Iicalc)

2

n
. (1.8)

Coefficient of determination (R2). represents the net division of the sum square of regression
by the sum square of the total average [-], calculated using Equation 1.9 [11]. It measures the overall
variability of a model. It is not recommended for comparing different models, since it is directly de-
pendent on each model and increases as the number of points to be compared increases. TheR2 value
range is (1) − (−1). A negative R2 value indicates that the model involves variability compared to
the situation of generating a constant rate of deviation [63].

R2 = 1−
∑n

i (I
i
meas − Iicalc)

2∑
(Iimeas − 1

n

∑n
i (I

i
meas))

2
. (1.9)
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1.6. Error-quantifying parameters

Mean bias error (MBE). quantifies the systematic error by capturing the average bias in the calcu-
lations [-], determined using Equation 1.10 [61],[64]. Hence, the MBE is not applicable in estimating
the overall model accuracy because errors may compensate each other. Instead, it is generally used
to describe the model’s tendency to overestimate or underestimate [58].

MBE =
1

n

n∑
i

(Iimeas − Iicalc)

Iimeas

. (1.10)

Correlation coefficient (r). measures the magnitude and direction of the linear relationship be-
tween the measured and estimated values in order to quantify the proportionality between the two,
calculated using Equation 1.11 [62],[65],[66].

r =
n
∑n

i I
i
measI

i
calc −

∑n
i I

i
meas

∑n
i I

i
calc√

n
∑n

i (I
i
meas)

2 − (
∑n

i I
i
meas)

2
√

n
∑n

i (I
i
calc)

2 − (
∑n

i I
i
calc)

2

. (1.11)

Moreover, it is important to evaluate the computational cost by calculating the average conver-
gence time (ACT [s]) of all proposed modelling methods.
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Chapter2

Electrical Parameters Extraction for

Photovoltaic Cells/Modules

Estimating the electrical parameters of the photovoltaic cell/module plays a significant role when
an accurate power estimation of a photovoltaic system is targeted. This chapter presents seven dif-
ferent approaches for extracting the five SDM model parameters of PV cells/modules. All methods
were verified using a wide range of I-V measured characteristics at various irradiance conditions and
temperatures. Three different photovoltaic samples made of different technologies were employed in
the verification process. Quantifying the error has been carried out using different indicators. One
of the main objectives of this chapter is to compare different parameters extraction methods and
conclude their applicability using different types of PV samples. The results have been validated by
comparison to the well-regarded literature in this field. Comparing the results of the different pro-
posed methods provides a clear vision of their capabilities and how they are affected by different
photovoltaic technologies and measurements accuracy. I start this chapter by introducing the basic
concepts of extracting the SDM parameters (Section 2.1). Then, I define different objective functions
based on the SDM (Section 2.2). I introduce the used solving methods in Section 2.3. In Section 2.4, I
present our method for estimating the initial values of the SDM parameters. I present the results of
this thesis work in Section 2.5. The results discussion is presented in Section 2.6. Section 2.7 contains
the comparison of our results to the literature. Finally, this chapter summary is presented in 2.8.

2.1 Background and literature review

Photovoltaic (PV) systems as power sources have increased over the past years, resulting in solutions
for energy shortage and environmental pollution problems [67]. Accurate estimation of the PV cell/-
module electrical parameters has a direct positive impact on the electrical modelling and the resulting
estimated power of the PV system. Several electrical parameters contribute to determining the PV de-
vice characteristic, depending on the adopted equivalent circuit that models the device. Considering
what have been introduced in Subsection 1.2.1 about different solar cell equivalent circuits, the SDM
provides a good compromise between solving complicity and result accuracy [68]–[77]. This thesis
considers the SDM (shown in Figure 1.5(a)) to imitate the PV cell/module electrical behavior.
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2.1.1 Literature review

Various methods in the literature are applied to extract the SDM parameters. This section presents
a survey of the existing techniques, including approaches based on the datasheets information or
measured data and solving methods such as analytical, numerical, or optimization algorithms. A por-
tion of the studied literature is presented in Tables 2.1 to 2.4 by grouping methods based on similar
approaches.

Table 2.1: SDM parameters extraction methods using manufacturers’ datasheets.

Ref. Main concept Main result

[78]

The method is based on the fine-tuned iteration of
the ideality factor, extracting the other parameters
of the SDM. An empirical formula that describes a
correlation between Rsh and n was proposed.

The results have been validated by comparison to
another method based on iterating the value ofRsh,
showing that the proposed method performs better
in the low-temperature range.

[79]
The authors consider the initial value of Io as
a dummy variable when analytically solving the
problem, starting from the SDM equation.

The method’s applicability has been approved by
comparison to similar methods. The adopted ap-
proximation allows a solution without needing an
iterative approach, hence low computational cost.
The executable version of the extraction method is
downloadable.

[80]

The authors use the solar panel data information
at three characteristics points: the open-circuit, the
short-circuit and the maximum power point to
solve the SDM.

The accuracy of the analytical model based on
datasheet information comes in last place compared
with other methods based on the numerical method
or genetic algorithm.

Table 2.2: SDM parameters extraction methods using nemerical methods.

Ref. Main concept Main result

[81]

A numerical method to solve the Lambert W-
function formulation of the SDM at the maximum
power point. This method calculates Rs and Rsh

while assuming that the ideality factor n is known.

The method has been validated by comparison to
other methods. Relatively, fast convergence has
been achieved. It has been concluded that varying
irradiance levels would cause a higher error when
estimating the Pmax

[80]

Newton-Raphson method has been employed to
numerically determine the solution for a set of
equations deduced from finding the derivative of
the SDM equation at the three characteristics points
based on the datasheet information.

Compared to a genetic algorithm-based method,
this method shows the same accuracy. However, the
genetic algorithm method performs better near the
maximum power point.

[70]

The method is based on using the Newton-Raphson
method to solve a system of five equations. This sys-
tem of equations is produced by substituting five
measured points of the I-V curve in the Lambert W
function formulation of the SDM.

This method’s applicability has been proved by
comparing the achieved level of accuracy to an ex-
isting analytical approach.

2.1.2 Objectives

This chapter proposes seven newmethods to extract the SDMmodel’s five parameters. In the verifica-
tion phase, I compare the reconstructed I-V curves (using the estimated parameters) to the measured
ones of three different PV samples made of different technologies. Table 2.5 depicts the introduced
methods by defining their objective functions and the corresponding solving methods.
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Table 2.3: SDM parameters extraction methods using optimization method.

Ref. Main concept Main result

[82]

An optimization method is used to determine the
upper and lower limits for Rsh. The other four
parameters of the SDM are calculated using a
datasheet based formulation for different values of
Rsh within a defined range. The best Rsh value is
selected by comparison to the measured I-V curves.

The accuracy of the achieved result has been veri-
fied by comparing the constructed I-V curves with
the information given in the datasheet at three
characteristic points.

[83]
Particle Swarm Optimization (PSO) algorithm and
statistical and clustering analysis were employed to
determine the characteristic parameters.

Not considering constraints for the parameter val-
ues increases the probability of having results far
from the physically reasonable values.

[84]

A metaheuristic algorithm named gaining–sharing
knowledge-based algorithm (GSK) has been used to
estimate the SDM and the DDM parameters. The
effect of population size on the algorithm conver-
gence capability is empirically investigated.

The results show that the population size directly
affects the proposed method’s performance.

Table 2.4: SDM parameters extraction methods using genetic algorithm.

Ref. Main concept Main result

[80]
Comparative study for extracting the SDM five pa-
rameters using analytical, numerical and genetic al-
gorithm (GA) approaches.

The results show that the GA model has a better
performance than the other two methods, offering
a good compromise between accuracy and compu-
tational cost.

[77]

The SDM equation is reformulated as an optimiza-
tion problem and solved using GA. The objective
function is fitted to a measured I−V curve of only
five pints to reduce the computational cost.

Validated by comparison with other solving algo-
rithms. Low computational cost due to considering
only five I − V points.

[85] GA was used to extract the PV module parameters,
performing different implementation alternatives.

The extracted results were compared to the data ob-
tained from the manufacturers’ datasheet. The best
result corresponds to the usage of the SDM and is
solved using the GA toolbox in Matlab.

Table 2.5: The used objective functions and the applied solving methods.

# Objective functions Solving methods Method name

1 SDM implicit form (IMPL)

Particle swarm optimization
(PSO)

IMPL-PSO

2 SDM explicit form based on Lambert
W-function (LAMB) LAMB-PSO

3

System of equations based on the least
square method (LSM)

LSM-PSO

4
Newton-Raphson (NR) LSM-NR

5

Genetic algorithm (GA)

LSM-GA

6 SDM explicit form based on Lambert
W-function (LAMB) LAMB-GA

7 SDM implicit form (IMPL) IMPL-GA
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2. Electrical Parameters Extraction for Photovoltaic Cells/Modules

One research aim is to compare the introducedmethods to conclude, classifying their performance
using different PV devices. To minimize the computational cost, I will study the effect of reducing the
number of I-V points and its impact on the accuracy of the results. Another research objective is to
investigate the applicability of the introduced methods on error containing I-V curves. The validation
phase has been conducted by comparing the collected results to the best and well-regarded literature
in this field.

2.2 Objective functions

Multiple objective functions are considered to be solved, extracting the five parameters with minimal
error compared to the measured I-V characteristics. The implicit form of the SDM defines the first
objective function. The second is deduced as an explicit representation of the SDM equation using the
Lambert W-function. The third objective (system of equations) is constructed using the least-square
method (LSM) for curve fitting.

2.2.1 SDM implicit equation

The first objective function used to determine the five characteristics parameters is the implicit form
of the SDM shown in Equation 1.2. The implicit transcendental nature of this equation is based on
the fact that neither the cell’s current nor its voltage can be explicitly expressed as a function of
elementary terms [56]. Since it is only one equation with five unknowns, a computer intelligence
method is required to calculate these unknowns, like optimization methods or a genetic algorithm.

2.2.2 SDM explicit form based on Lambert W-function

The LambertW-function allows solving problemwhere the variable is both as a base and an exponent.
It represents the inverse of f(x) = xex [86]; hence, if f = z, thenW (z) verifies

W (z)ew(z) = z. (2.1)

Equation 2.1 is knows as the Lambert W-function (where W is its principal branch) [87], [88] that
can be employed to formulate explicit version of an implicit relation. Equation 2.2 shows the explicit
representation of the SDM model’s equation based on the Lambert W-function, where the current is
expressed in terms of voltage and other characteristic parameters [89]–[91]. Such a formulation is ex-
pected to be a convenient and efficient computational alternative for using the original transcendental
form [92].

I =
Rsh(Iph + Io)

Rsh +Rs
− nVT

Rs
W

(RsIo
nVT

Rsh

Rsh +Rs
e

Rsh(V +Rsh(Iph+Io))

nVT (Rsh+Rs)

)
− V

Rsh +Rs
, (2.2)

However, the Lambert W-function itself is defined implicitly. Therefore, a numerical iterative method
or optimization algorithm is required to minimize such an objective function [93].

2.2.3 A System of equations based on the least square fitting

The third objective function (system of equations) was constructed based on the concept of curve
fitting of a model to the PV cell/module measured I-V curves. Curve fitting captures the trend in the
data by assigning a single function across the entire measurement range. The LSM introduced in [94]
is considered one of the valuable tools used for curve fitting and error minimization. As the name
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2.2. Objective functions

suggests, this approach minimizes the square sum of the errors. Due to considering the square error,
positive and negative errors are taken into account equally, and higher errors are weighted more
heavily. The general expression of this method for minimizing the error considering a PV device is
given as

E =

N∑
i=1

(di)
2 =

N∑
i=1

(Ii − I(Vi, X))2, (2.3)

whereN is the number of measured points, (Ii and Vi) are the measured current and voltage, [A] and
[V], respectively; X refers to the coefficients vector, I(Vi,X) is the calculated current as a function
of the measured voltage and the extracted coefficients [A], di is the deviation between the measured
value and the function result at each point [A], and E is the square sum of errors [A2]. The goal is to
identify the coefficients of the function to be fitted such that the error is sufficiently small. Substituting
the SDM into Equation 2.3 gives

E =

N∑
i=1

[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]2
. (2.4)

Hence, the error has to be minimized to identify the five characteristics parameters of the SDM. Find-
ing the minimum of a function is performed by the well-known method of equating its first deriva-
tive to zero. The partial derivatives of Equation 2.4 with respect to each parameter are calculated and
equated to zero as follows:

∂E

∂Iph
= −2

N∑
i=1

[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]
= 0 → f1. (2.5)

∂E

∂Io
= −2

N∑
i=1

(exp
Vi+IiRs

nVT − 1)
[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]
= 0 → f2. (2.6)

∂E

∂Rsh
= −2

N∑
i=1

(
Vi + IiRs

R2
sh

)
[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]
= 0 → f3. (2.7)

∂E

∂Rs
= −2

N∑
i=1

(
IoIi
nVT

e
Vi+IiRs

nVT +
Ii
Rsh

)
[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]
= 0 → f4.(2.8)

∂E

∂n
= 2

N∑
i=1

(
Io(Vi + IiRs)

n2VT
)
[
Ii − Iph + Io(exp

Vi+IiRs
nVT − 1) +

Vi + IiRs

Rsh

]
= 0 → f5. (2.9)

Equations 2.5 to 2.9 are system of five non-linear equations with five unknowns which can be solved
using numerical tool.
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2.3 Solving methods

The above presented objective functions require an iterative solving approach. This thesis will use
three different solving techniques: particle swarm optimization, the Newton-Raphson method, and
the genetic algorithm. These solving techniques are applied to the objective functions according to
Table 2.5, as mentioned before.

2.3.1 Particle swarm optimization

Particle swarm optimization (PSO) is one of the well-regarded algorithms in the optimization litera-
ture and is widely used in both science and industry. PSO is well described in [95]–[97]; however, this
section briefly describes this algorithm. PSO works on a population of potential solutions (particles)
within a search space (5-dimensional in this thesis) by following the current optimum particles. PSO
follows three rules: Each particle needs to record its best solution achieved so far. All swarm particles
need to communicate and update the global best solution reached. Each particle needs to note the next
movement speed and direction (velocity). Each particle’s next velocity is calculated as the tendency
resulting from its current velocity, its best solution (local best), and the swarm best solution (global
best). The formal expression for calculating the particle’s next velocity is given as:

−−−→
V t+1
i = w

−→
V t
i + c1r1(

−→
P t
i −

−→
Xt

i ) + c2r2(
−→
Gt −

−→
Xt

i ), (2.10)

where i is the index of the particle, t is the iteration number,
−−−→
V t+1
i is the particle’s next velocity,

−→
V t
i

is the particle’s current velocity,
−→
Xt

i is the particle’s current position,
−→
P t
i is the particle’s local best,

−→
Gt is the global best, w is the inertia weight that tunes between exploration and exploitation, c1 and
c2 are control parameters, and r1 and r2 are random values between 1 and 0. It is worth mentioning
here that w is normally decreased linearly (usually: 1 > w > 0) with increasing t to change from
exploration to exploitation gradually. c1 and c2, are used to balance between the particle individual
and social tendency (last two terms of Equation 2.10). r1 and r2, indicating the stochastic nature of
the PSO by randomly changing the weights of the individual and the social components. The next
position of the particle is calculated using Equation 2.11:

−−−→
Xt+1

i =
−→
Xt

i +
−−−→
V t+1
i . (2.11)

PSO implementation requires initial values for the SDM parameters. For this purpose, I introduce
an efficient technique discussed in Section 2.4. Algorithm 2.3.1 illustrates the PSO algorithm code
implementation.

2.3.2 Newton-Raphson method

Newton-Raphson (NR) method is a popular iterative computational technique used for finding ap-
proximate roots of implicit transcendental functions [80], [98], [99]. It is favorable because of its sim-
plicity, robust performance and fast convergence [100]. A general expression for the Newton-Raphson
method is given in Equation 2.12

X(t+1) = X(t) − [J(X(t))]−1[F (X(t))]. (2.12)

Employing this method for solving the system of equations results from the least-square method,
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2.3. Solving methods

Algorithm 2.3.1: Particle swarm optimization code implementation.
input : (I − V )s: Measured data

(Xo): SDM parameters initial values
(C): PSO control factors

output: X : SDM parameters
1 xU , xL := Limiting the search space based on the initial guess parameters.
2 foreach Particle do
3 // Initializing the swarm particles
4 Px := Placement within the search space
5 Pv := Specify initial velocity
6 PB := Initialize the particles local best value
7 GB := Initialize the particles global best value
8 for Number of iterations do
9 // Main loop

10 foreach Particle do
11 Fittness := Evaluating the objective function using the current parameters values
12 PB := Updating the local best value
13 GB := Updating the global best value
14 if GB got new value then X := updating the current value of the SDM parameters ;
15 C := Updating the PSO control factors.
16 foreach Particle do
17 Pv := Updating particle velocity
18 Px := Updating particle position
19 return X

both X(t+1) and X(t) are five-element vectors that hold the next and the current values of the five
parameters, respectively. J(X(t)) is the Jacobian matrix that contains the partial derivatives for each
equation (Equations 25 to 49), shown in the Appendix 4.7. Hence, it includes 5×5 elements computed
using the current values of the five parameters. F (X(t)) consists of the LSM five partial differential
equations to be calculated using the current values of the parameters. The developed system of non-
linear equations can be represented in Equation 2.13
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(2.13)

where (t) is the iteration index. Solving a system of equations using the Newton-Raphson method
requires an initial value for each parameter, as discussed in Section 2.4. After solving the system of
equations at each iteration, the MAPE of comparing the measured and the constructed I-V curves is
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2. Electrical Parameters Extraction for Photovoltaic Cells/Modules

calculated and recorded. This process of iterations will continue until the error value is lower than the
value specified by the user. I also include an option to terminate the process in the case of reaching a
predefined number of iterations. The resulted MAPE vector will be scanned; its lowest value indicates
the best set of parameters. Algorithm 2.3.2 illustrates the implemented method.

Algorithm 2.3.2: Newton-Raphson numerical calculation methodology.
input : (I − V )s: Measured data

(Xo): SDM parameters initial values
(MIter):Maximum number of iterations

output: X : SDM parameters
1 xU , xL := Limiting the search space based on the initial guess parameters.
2 for Number of iterations, t as index do
3 // Main loop
4 F (Xt) := Evaluating the system of equations results from applying the LSM for curve

fitting (Equations 2.5 to 2.9), using the current values of the SDM parameters.
5 J(Xt) := Evaluating the Jacobian matrix, using the current values of the SDM

parameters.
6 Xt+1:= Calculating the next parameters values, using Equation 2.12.
7 // Quantifying the error at each voltage point; n is the number of points, i is the index
8 Error

t := sumn
i=1 MAPEi(measured current vs calculated current based on the current

SDM parameters set, using Equation 2.2)
9 if Error < Error limit OR t = MIter then Break ;

10 Scan the Error vector, select its lowest value and the corresponding X .
11 Plot the constructed I-V curves, using X , to be compared with the measurements.
12 Display the numerically calculated parameter and other error-quantifying indicators.
13 return X

2.3.3 Genetic algorithm

This subsection discusses employing the genetic algorithm (GA) as a solvingmethod to extract the five
parameters with the lowest possible error. Using a genetic algorithm to solve a non-linear equation
implies the need for initial values for the parameters to be extracted. The initial guess values and
limiting the search space directly affect the solution’s accuracy and the computational cost. PSO is
used to determine optimum values of the GA control factors.

The genetic algorithm is a fast and well-regarded evolutionary algorithm in the literature [101],
[102]. Before discussing the details of using this algorithm in solving our problem, I introduce the
following terminologies:

• Chromosome: a set of the SDM five parameters
• Gene: a single parameter of the SDM
• Generation: performing the genetic algorithm for a single iteration, evaluating the current chro-
mosomes and creating a new set of chromosomes to be passed to the next iteration (next gen-
eration).

• Population: all chromosomes in a specific generation.
• Parents: the selected chromosomes from the current generation using a predefined selection
mechanism. Parents will be used later to form the population of the next generation.
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• Children: the chromosomes which are created after exchanging genes between parents.
In the rest of this subsection, I will discuss the four fundamental mechanisms that model the genetic
algorithm to find an optimum solution.

Selection. In selection, those chromosomes which increase the chance of finding better solutions
(less fitting deviations) are preserved and multiplied from one generation to the next. In this thesis,
I chose the roulette-wheel technique to perform the selection. This mechanism’s detailed steps are
listed as follows:

• Calculating the normalized fitness value for each chromosome. This is an essential step because,
typically, the magnitude range of the fitness function is not known.

• Sorting the normalized fitness values. Since our current objective is a minimization problem,
the lowest fitness value will refer to the best chromosome in the current population. It will be
kept as the first element in the sorted vector, and so on, sorting the other chromosomes.

• Calculating the accumulative sum for each fitness value. For that, one have to sum the fitness
values from the current fitness individual until the end of the vector. The first (the best) individ-
ual will have 1.0 as an accumulative sum, and the rest have decaying values. The accumulative
sum vector is considered the roulette-wheel.

• A random number in the interval [0,1] will act as a ball moving randomly over the created
wheel to select a chromosome. It is easy to see that the first individuals will incorporate the
highest probability of winning as the selected chromosome than other accumulative sum values
incorporating smaller portions of the roulette-wheel.

The above steps are followed to select two chromosomes from the current population; I call them
parent#1 and parent#2. In the current implementation, the code has been written to ensure parent#1,
and parent#2 are different. Algorithm 2.3.3 illustrates the selection mechanism.

Algorithm 2.3.3: Selection mechanism.
input : Chr: Current population

Fitness: Current population fitness
output: [Prt, P rt+1]: Two parents.

1 ScaledF it := Scaling the current fitness vector to avoid having negative values.
2 NormFit := Normalizing the ScaledF it vector.
3 SortF it := Sorting the NormFit vector and the corresponding chromosomes.
4 CumSum := Calculating the cumulative sum from the SortF it vector.
5 Prt := Selecting parent using roulette-wheel mechanism.
6 Prt+1 := Selecting parent using roulette-wheel mechanism.
7 return [Prt, P rt+1]

Crossover. The selected parents will exchange genes, producing children and forming the next
generation’s population. Exchanging the genes between different chromosomes is called crossover or
recombination. This process aims to create a new and better generation. The used crossover technique
in this thesis is based on the following two equations (2.14 and 2.15):

Child1i = βi ∗ Parent1i + (1− βi) ∗ Parent2i, (2.14)

Child2i = (1− βi) ∗ Parent1i + βi ∗ Parent2i, (2.15)
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where i indexing the gene number, βi is a random number in the interval [0,1] generated for the i−th
gene. Child1i is the i − th gene in Child1, Child2i is the i − th gene in Child2, Parent1i is the
i − th gene in Parent1 and Parent2i is the i − th gene in Parent2. However, not all parents are
involved in the crossover; instead, the crossover probability is defined by a specific factor (Pc).

Mutation. In mutation, the genes face random changes within a predefined range (search space).
Suppose the mutation results in a better gene; the selection and the crossover will preserve and trans-
fer them to the next generation. The mutation is necessary and complementary to the previous two
mechanisms because good genesmay be lost during selection and crossover. Themutationmechanism
will revert the lost genes or add new ones to promote the diversity of the generation chromosomes. In
this thesis, I replace a gene with a random value within its predefined physical range. This process is
controlled by a factor called the probability of mutation (Pm). If Pm is larger than a random number
(Rand), then the mutation is performed. The higher Pm is, the more genes will be mutated. The value
of this factor is a number in the interval [0,1], and it highly depends on the problem type to be solved.
Algorithm 2.3.4 illustrates the mutation mechanism.

Algorithm 2.3.4:Mutation mechanism.
input : Chr: Current population

xU : Vector that holds Genes upper limit
xL : Vector that holds Genes lower limit
Pm : Mutation probability

output: NewChr: Two parents.
1 foreach Chromosome do
2 foreach Gene do
3 if Pm ≥ Rand1 then // Rand1 is a rundom number [0,1].
4 NewChr := xL + (xU − xL) ·Rand2 // Rand2 is a random number [0,1]. ;
5 return NewChr,

Elitism Elitism mechanism has been involveed to avoid losing chromosomes that provide better
solutions than the newly generated chromosomes. The elitism mechanism will ensure preserving the
best chromosomes for the next generation. The elitism factor (Er) will define the percentage of the
population that should be kept and transferred unchanged to the next generation. To implement this
concept, I sort the chromosomes of the current generation based on their fitness value. Based on the
Er value, I pass some of the best chromosomes unchanged to the next generation.

Algorithm 2.3.5 illustrates of the implementation of the GA algorithm.

2.4 Algorithm for estimating the parameters’ initial guess values

When solving the non-linear SDM, the initial guess values of the five parameters require special care
because of their direct effect on the convergence of the numerical solving method. In this thesis, I
consider the case where measured I-V characteristics of the PV cells/modules are available. Hence,
the following formulation is proposed to determine the starting values for the five parameters only
from the measured I-V curves.

At the point of short-circuit condition, for small Rs values, Isc is approximately equal to Iph.
Therefore, we can consider the photo-current equal to the measured current value corresponding to
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Algorithm 2.3.5: Genetic algorithm solving algorithm.
input : (I − V )s: Measured data

(Xo): SDM parameters initial values
(C): GA control factors

output: X : SDM parameters
1 xU , xL := Limiting the search space based on the initial guess parameters.
2 for Number of generations, t as index do
3 // Main loop
4 foreach Chromosome do
5 Fitness := Evaluating the objective function using the current parameters values
6 foreach Two chromosomes (Chrt, Chrt+1) do
7 // Performing multiple GA steps for each chromosoms couple (Chrt, Chrt+1)
8 // Selecting two parents (Prt and Prt+1) to form the new population
9 [Prt, P rt+1] := SELECTION(Chr, Fitness). ○Algorithm 2.3.3

10 // Exchange gens between parents, producing two children (Chit and Chit+1)
11 [Chit, Chit+1] := CROSSOVER(Prt, Prt+1). ○Equations 2.14 and 2.15
12 // Individual child could be mutated or laft intact, depnding on the mutation

propability (Pm), producing new chromosome (NewChr)
13 [NewChrt] := MUTATION(Chit, Pm,xU ,xL). ○Algorithm 2.3.4
14 [NewChrt+1] := MUTATION(Chit+1, Pm,xU ,xL). ○Algorithm 2.3.4
15 // Elitism preservs the best chromosomes for the next generations.
16 [NewChrE ] := ELITISM(Chr, NewChr, Er).
17 foreach Chromosome do
18 // Evaluate the resulting population to choose the best chromosome
19 Error

t := MAPEt(measured current vs calculated current based on the current SDM
parameters set, using Equation 2.2)

20 Scan the Error vector, select its lowest value and the corresponding chromosome (X).
21 Plot the constructed I-V curves, using X , to be compared with the measurements.
22 Display the numerically calculated parameter and other error-quantifying indicators.
23 return X

the measured positive voltage that is close to zero value. The open-circuit voltage corresponds to the
lowest positive value of the solar cell’s measured current. The shunt resistance’s effect on the I-V
characteristics mainly appears near V = 0V . This concept is used to estimate the value of Rsh by
finding the derivative of the output current from the SDM with respect to the output voltage using
Equations 2.16 and 2.17:

dI

dV
= − Io

nVT

(
e

V +IRs
nVT (1 +Rs

dI

dV
)
)
− 1

Rsh
− Rs

Rsh

dI

dV
, (2.16)

dI

dV
(1 +

Rs

Rsh
+

IoRs

nVT
e

V +IRs
nVT ) = − Io

nVT
e

V +IRs
nVT − 1

Rsh
. (2.17)

Because we are interested in the slope of the curve at the short-circuit region (when V ≃ 0) therefore,
we can make the following approximation: e

V +IRs
nVT = e

IscRs
nVT ≃ 0, where the term IscRs is minimal
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compared to nVT . It is also known that Rs is much smaller than Rsh (usually the difference is some
orders of magnitude), that is, Rs

Rsh
≃ 0. This gives a simple expression to find the initial value of the

shunt resistance defined by the negative slope of the I-V curve near the short-circuit region given in
Equation 2.18:

Rsh = −dV

dI
|S.C., (2.18)

which can be determined using a measured I-V curve. Rs significantly affects the slope near the
open-circuit voltage point (Voc). By substituting I = 0A and V = Voc in the SDM equation, we get
the expression shown in Equation 2.19

0 = Iph − Io(e
Voc
nVT − 1)− (

Voc

Rsh
). (2.19)

Note that the term Voc
Rsh

is very small compared to Iph and the exponential term is much higher than
1, that is,

Ioe
Voc
nVT = Iph. (2.20)

Substituting this expression into Equation 2.17 leads to a series of mathematical relations as follows
(Equations 2.21 to 2.24)

dI

dV
(1 +Rs(

1

Rsh
+

Iph
nVT

)) = −(
1

Rsh
+

Iph
nVT

) (2.21)

1 +Rs(
1

Rsh
+

Iph
nVT

) = −dV

dI
(
Iph
nVT

+
1

Rsh
) (2.22)

Rs(
Iph
nVT

+
1

Rsh
) = −dV

dI
(
Iph
nVT

+
1

Rsh
)− 1 (2.23)

Rs = −dV

dI
− (

1
1

Rsh
− Iph

nVT

). (2.24)

Another approximation comes from the fact that 1
Rsh

<<
Iph
nVT

. As a result, we have an expression
for the series resistance as a function of the ideality factor given in Equation 2.25

Rs = −dV

dI
− nVT

Iph
. (2.25)

An expression to estimate the value of Io is deduced from the Equations 2.19 and 2.20, shown as
follows 2.26

I0 = −
Iph

e
Voc
nVT

. (2.26)

The ideality factor generally has a value between 1 and 2. It is mainly affecting the maximum
power point and the FF [47]. Therefore, I used the SDM equation at the maximum power point for
calculating n as shown in Equation 2.27

Im = Iph − Io(e
(Vm+ImRs)

nVT − 1)− Vm + ImRs

Rsh
. (2.27)

The values of Vm and Im are determined by scanning the I-V curve and calculating the power at each
I-V point. To get the initial estimation values of the three unknown parameters (Rs, Io and n), we
have to solve the three non-linear Equations 2.25, 2.26 and 2.27, numerically.
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2.5 Methods demonstration and verification

This section is dedicated to verifying each of the seven newly proposed methods for extracting the
SDM model’s five characteristic parameters. This verification procedure starts by selecting the opti-
mum values of the controlling factors for each method to ensure high results accuracy while keeping
the computational cost as low as possible. Three different PV samples have been used to verify the
proposed methods. The first sample is a monocrystalline silicon cell manufactured especially for re-
search purposes [90]. Fourteen I-V curves of the monocrystalline cell have been measured under lab
environment at a wide range of solar irradiance (200W/m2 - 1268W/m2) and temperature (10oC
- 85oC). The average number of points recorded between the short-circuit current (ISC ) and open-
circuit voltage (VOC ) is 40. The second sample is a commercial polycrystalline PV module (SPS 10W
12V) that includes 36 cells in series. The third sample is an amorphous module with 68 cells connected
in series (WSK0045). Seven I-V curves were measured under normal outdoor environment conditions
for each one of the polycrystalline and the amorphous modules. Our outdoor measurement system
records 500 points between (ISC ) and (VOC ).

Different error-quantifying indicators (introduced in Section 1.6) are used to compare the con-
structed I-V curves with the measured ones, using the extracted SDM parameters. I calculate the mul-
tiple curves average values of the error-quantifying indicators and the ACT for the three PV samples
to monitor the results better.

The difficulty of convergence, reaching the global minimum, has been mended by limiting the
search space around the initial estimated values. From experience, the following strategies have been
used to select the search space limits for each one of the five characteristics parameters:

• Iph : Subtracting and adding 1% to 5% (depending on the slope near the short circuit point)
from and to the highest measured current value to be considered as a lower and upper limit,
respectively.

• Io : Two orders of magnitude below and above the initial guess value.
• Rsh : One order of magnitude below and above the initial guess value.
• Rs : One order of magnitude below and above the initial guess value.
• n : between 1 and 2.

This strategy would increase the probability of convergence towards a good solution if the initial
guess values were accurate enough. Inaccurate initial values can be mended by broadening the upper
and lower limits of the search space values around each parameter’s initial guess value. However, this
may cause a longer computational time. To ensure a good solution and find the global minimum, the
calculated five parameters are substituted in the explicit form of the single-diode model (Equation
2.2), at each iteration. This allows the construction of an I-V curve to be compared with the measured
one using multiple errors quantifying parameters. This procedure improves the solution and leads
to a better fitting than the traditional way of comparing the sum of the squared errors to a specific
limit. This is mainly because evaluating multiple objective functions (within the same problem) gives
results that differ from each other by orders of magnitude. Thus, the lowest error value (the square
sum of their solutions) does not necessarily indicate the best fitting. Since the equation that will be
evaluated to a higher value will significantly impact the summed error.

The rest of this section is structured to verify all of the seven proposed extraction methods based
on the used solving techniques. Subsection 2.5.1 is dedicated to ascertaining the LSM-NR method. In
Subsection 2.5.2 I demonstrate the three methods that use GA as a solving algorithm. The last three
SDM parameters extraction methods, which are based on PSO, are discussed in Subsection 2.5.3.
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2.5.1 Verifying Newton-Raphson-based method

As indicated previously, I formulate the SDM using the LSM fitting to extract the five characteristic
parameters using Newton-Raphson solving method (LSM-NR). The verification procedures have two
main objectives to reach the required results’ accuracy with the lowest possible computational cost.
The first is to find the optimum number of iterations to be performed. Second, determine the optimum
number of I-V points that have to construct the PV sample characteristic curve. Figure 2.1 shows
how different error-quantifying indicators are changing with increasing the number of iterations for
different PV samples.
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Figure 2.1: LSM-NR method: accuracy versus the maximum number of iterations, using different error-
quantifying indicators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

Before deciding about the optimum number of iterations, we shall discuss the effect of the number
of the measured I-V points for each curve. From Figure 2.1(d), it can be seen that ACT significantly in-
creases with increasing the number of iterations for the polycrystalline and the amorphous modules.
This is because these I-V curves include a high number of points (500) compared to the monocrys-
talline cell (the average number is 40). Figure 2.2 shows the effect of the measured I-V points for the
polycrystalline and the amorphous modules.

The ACT increases with increasing the measured I-V points because, in the case of using the
Newton-Raphson as a solving method, many complex mathematical expressions have to be evaluated
for each point at each iteration. However, Figure 2.2 also shows that involving points number above
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Figure 2.2: LSM-NR method: accuracy versus the number of measured I-V points (range between 5 and 500) for
each curve, using different error-quantifying indicators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

45 for each curve does not improve the accuracy of the results. Hence, we will be focusing on inves-
tigating the number of points effect in the range between 5 and 45. Figure 2.3 shows how the results
accuracy and the ACT are changing with increasing the number of points from 5 to 45 for the three
PV samples.

Based on the results introduced in this figure, I choose 30 as the optimum number of I-V points
to ensure excellent accuracy with the lowest possible computational cost. It is worth mentioning that
the results shown in Figures 2.2 and 2.3 were recorded after performing 3000 iterations. Hence, the
next step is to verify the LSM-NR method’s applicability using fewer of iterations. Figure 2.4 shows
how the accuracy of the results changes with increasing the number of iterations when solved by
Newton-Raphson method.

The results presented in Figure 2.4, show no significant improvement in the accuracy of the so-
lution for both monocrystalline and polycrystalline PV samples after 500 iterations. However, there
is a slight improvement in the amorphous module between 500 and 3000 iterations. Hence, I choose
500 as an optimum number of iterations for the LSM-NR method to extract the characteristic five
parameters of the single-diode model for the three used PV modules. Performing a higher number of
iterations is possible if higher accuracy is required for the amorphous module.
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Figure 2.3: LSM-NR method: accuracy versus the number of measured I-V points (range between 5 and 45) for
each curve, using different error-quantifying indicators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

2.5.2 Verifying GA-based methods

In this section, we verify three methods of SDM parameters extraction that use GA to solve three
different objective functions. These three methods (as defined in Table 2.5) are IMPL-GA, LAMB-GA
and LSM-GA. There are several steps through which the demonstration and verification processes are
performed.

Step 1 By following the procedures used to define the GA-based solving method, the first step is to
find the optimum values of the GA controlling factors (Pc,Pm and Er), using the PSO (described in
Subsection 2.3.1). This step has been performed with the following considerations:

• PSO number of particles is 20.
• PSO number of iterations is 100.
• The number of the GA chromosomes forming the population is 200.
• The number of GA generations is 200.

The result of running the PSO model reveals that the optimum values of the GA controlling factors
are Pc = 0.6, Pm = 0.2 and Er = 0.2.
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Figure 2.4: LSM-NR method: accuracy versus the number of iterations, using different error-quantifying indi-
cators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

Step 2 An essential step when using the GA is to decide about the number of chromosomes in the
population and the number of generations. Obviously, the higher the values of these two parameters,
the more accurate the result is; however, the higher the computational cost. To find their optimum
values, I perform two concepts. First, I modified the GA code to perform better when the number of
generations equals the number of chromosomes. This has been implemented by decreasing the muta-
tion probability gradually from one generation to the other after performing half of the generations.
Second, I run the proposed method to extract the SDM five parameters for the monocrystalline cell
corresponding to different populations and generations to select the optimum value.

By combining the two steps, Figure 2.5 depicts the results of the three methods IMPL-GA, LAMB-
GA and LSM-GA, using different population and generation numbers.

From Figure 2.5, I conclude the following points:
• Using any of the three methods, the accuracy of the obtained results is improved by increasing
the number of chromosomes and generations.

• The excellent achieved level of accuracy is comparable using any of the three methods. This
result reveals the effectiveness of using GA as a solving method.

• Figure 2.5(d) shows that the time required to reach a solution (ACT) for the LAMB-GA is longer
compared to the other methods. This is mainly because the Lambert W-function itself is an
implicit function and requires a relatively long time to be evaluated.
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Figure 2.5: Result of extracting the SDM parameters for the monocrystalline cell using IMPL-GA, LAMB-GA
and LSM-GAmethods (accuracy versus the population/generation number). The figure includes different error-
quantifying indicators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

• Figures 2.5(a), 2.5(b) and 2.5(c), show that using any of the three methods, the achieved level of
accuracy shows no significant improvement after 300 generations.

• As a result, I consider 300 as the optimum number of both chromosomes in the population and
generations.

Step 3 This step is dedicated to investigating the effect of measured I-V points count of each curve
on the result accuracy and the computational cost of the three methods under verification. This con-
cept is vital in the case of having a measurement system that records a high number of I-V points
for each curve, which is the case for our outdoor measurement station. Figure 2.6 compares the av-
erage performance quantifying indicators for the amorphous module parameters extraction results
to the average number of the measured points for the same curves, reduced using polynomial fitting
method. In this figure I use measured data that contains 1000 I-V point per each curve. Figure 2.6(d)
compares the total time required to find a solution to the time required for only evaluating the ob-
jective function, which is directly dependent on the number of the measured points. Figures 2.6(a),
2.6(b) and 2.6(c) show how the result accuracy (represented by the RMSE, MAPE and RelErr (relative

36



2.5. Methods demonstration and verification

error), respectively) is not improving with increasing the number of the measured points for each I-V
curve.
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Figure 2.6: Result of extracting the SDM parameters for the amorphous module using IMPL-GA method (accu-
racy versus the number of the measured I-V points). The figure includes different error-quantifying indicators:
(a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

Step 4 Next is to focus on the range of the number of points between 5 and 45, aiming to reduce
the computational cost while maintaining an excellent level of accuracy. Hence, I report the results
shown in Figure 2.7, for the three PV samples using IMPL-GA method. From Figures 2.6 and 2.7 I can
summarize the following points:

• The number of the measured points affects the proposed solving method in the code’s part,
where the Objective function is evaluated. Hence, its effect will be more significant with in-
creasing the number of points. See Figure 2.6(d).

• Figures 2.6(a), 2.6(b) and 2.6(c) show that an excellent accuracy level is achieved using a number
of points below 40. From the same figures, it can be seen that the accuracy is not improved with
increasing the number of points (above 40). On the contrary, the amount of the quantified error
is slightly increased (but still in the same range). Hence I report no improvement in the result
accuracy with increasing the number of points above the range of 5 to 45.
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Figure 2.7: Result of extracting the SDM parameters for the three PV samples using IMPL-GA method (accu-
racy versus the number of the measured I-V points in the range 5 to 45). The figure includes different error-
quantifying indicators: (a) MAPE, (b) RMSE, (c) RelErr and (d) ACT.

• Figure 2.7 explores the number of points effect within the 5 to 45 range. The results in this
figure are collected using IMPL-GA method to extract the SDM parameters for three different
PV samples.

• Figure 2.7(d) emphasizes that the number of points does not significantly affect the total con-
vergence time within the 5 to 45 range. This is because (within this range) the time required to
perform the GA steps dominates compared to the time required to evaluate the fitness function,
in which all I-V points have to be substituted.

• Figures 2.7(a), 2.7(b) and 2.7(c) show that 30 could be considered the optimum number of mea-
sured points to get an excellent level of accuracy with the lowest possible computational cost.

• It is worth mentioning that because GA implementation steps are based on different factors
probabilities, including random numbers between 0 and 1, the best results are not always nec-
essarily achieved by using 30 as a number of points. However, based on our experience, it is in
the range of 20 to 35 points.
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2.5.3 Verifying PSO-based methods

Referring to Table 2.5, I propose three methods for extracting the SDM five characteristic parame-
ters by using PSO as a solving method for three different objective functions. These methods (to be
demonstrated and verified in this section) are IMPL-PSO, LAMB-PSO and LSM-PSO. There are two
steps to perform the demonstration and verification processes.

Step 1 The result of the four previously verified methods led us to choose 30 measured I-V points to
represent each curve for which I extract the SDM five parameters. Therefore, I consider this number
when verifying the methods to be demonstrated in this section.

Step 2 This step is dedicated to specify the optimum values of the PSO control factors. These factors
include number of of particles, number of iterations, w, c1, c2, r1 and r2, see Subsection 2.3.1. r1 and
r2 are random values between 1 and 0. c1 and c2 are set to 1. w is decreased linearly from 1 to 0
with increasing the iteration number. Following the same concepts discussed when using GA as a
solving method, the higher the number of particles and the higher the number of iterations, the better
accuracy is. However, I consider constructing extraction methods that require low computational cost
while keeping an excellent level of accuracy. Hence, our current focus is to find the optimum number
of particles and iterations to be performed. For this purpure, I consider two facts based on the results
obtained in Subsections 2.5.1 and 2.5.2. First, a single error-quantifying parameter like MAPE (among
others) could be enough to report the accuracy of the results. Second, The conclusions made about
the solving methods’ controlling parameters for the monocrystalline cell are applied to the other two
PV samples (polycrystalline and the amorphous modules). These two considerations help reduce the
number of figures and compact the discussion in this thesis.

Figures 2.8, 2.9, and 2.10 show the parameters extraction results for the monocrystalline cell using
IMPL-PSO, LSM-PSO and LAMB-PSOmethod, respectively. These figures include the results of choos-
ing different number of the PSO particles in the range 10 to 1000 and performing different number
of iterations between 10 and 1000 also. These results show that the ACT is significantly increasing

(a) (b)

Figure 2.8: Result of extracting the SDM parameters for the monocrystalline cell using IMPL-PSO method (ac-
curacy versus the number of PSO particles (y-axis) and number of iterations (x-axis)). The figure includes (a)
the MAPE as an error-quantifying parameter, and (b) the ACT.

with increasing both numbers of iterations and particles in the swarm. However, the MAPE reaches
an excellent level of accuracy in lower values of the scanned ranges with no significant enhancement
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(a) (b)

Figure 2.9: Result of extracting the SDM parameters for the monocrystalline cell using LSM-PSO method (ac-
curacy versus the number of PSO particles (y-axis) and number of iterations (x-axis)). The figure includes (a)
the MAPE as an error-quantifying parameter, and (b) the ACT.

(a) (b)

Figure 2.10: Result of extracting the SDM parameters for the monocrystalline cell using LAMB-PSO method
(accuracy versus the number of PSO particles (y-axis) and number of iterations (x-axis)). The figure includes
(a) the MAPE as an error-quantifying parameter, and (b) the ACT.

when increasing any of the two variables. These results provide flexibility to make a trade-off between
the accuracy and the computational cost. Hence, I choose both particles and iterations numbers to be
300 when using PSO to solve any of the three objective functions. However, it is also possible to pick
an optimum number of iterations and PSO particles to solve each objective function for each of the
three PV samples under investigation. Figures 2.8, 2.9 and 2.10 include results of 196 runs times of
the parameters extraction results. I sort these results based on the value of the MAPE in an ascend-
ing order, the best 100 runs results are plotted versus the ACT in Figures 2.11(a), 2.11(b) and 2.11(c)
for the monocrystalline cell using IMPL-PSO, LSM-PSO and LAMB-PSO methods, respectively. Based
on these results and by performing the same steps for the other two PV samples, I list the optimum
number of the iterations and particles in Table 2.6.

2.6 Discussion

In this section, we discuss and compare the results of seven SDM parameters extraction methods that
have been proposed and verified in the previous sections. It is worth reminding at this point that
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Figure 2.11: Results of best 100 runs (using different number of POS particles and iterations) to extract the
monocrystalline cell SDM parameters using (a) IMPL-PSO, (b) LSM-PSO, and (c) LAMB-PSO.

Table 2.6: The optimum iterations and PSO particles numbers for different PV samples using different methods.

PV Sample Method Number of PSO
particles

Number of
iterations MAPE(%) ACT(s)

monocrystalline
IMPL-PSO 25 200 0.13 0.4

LSM-PSO 500 75 0.13 4.1

LAMB-PSO 25 600 0.11 6.4

Polycrystalline
IMPL-PSO 600 50 0.21 3.0

LSM-PSO 300 50 0.861 1.7

LAMB-PSO 500 75 0.22 15.3

Amorphous
IMPL-PSO 100 200 0.70 1.4

LSM-PSO 10 500 1.79 0.8

LAMB-PSO 50 100 0.73 2.1

the collected results during the verification phase (which will be used in this discussion) represent
the average values of the error-quantifying indicators of the SDM parameters extraction using many
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I-V curves for each PV sample. Fourteen I-V curves have been used for the monocrystalline cell and
seven curves for each of the polycrystalline and the amorphous modules. These different curves were
measured under different environmental conditions to ensure the proposed method’s applicability as
a practical solution.

The presented methods provide excellent results using PV samples made of different technolo-
gies. However, the various methods show different performances when extracting the PV samples
parameters, and the same method shows changing performance when applied to different samples.
The following points summarize our discussion based on proceeding results.

• Applying any of the seven methods for the monocrystalline solar cell generally results bet-
ter accuracy than the other two modules. This is presumed to be a result of recording the I-V
characteristics curves in a laboratory environment with high accuracy measurement set-up and
steady light conditions. In contrast, the I-V curves of the other two modules were collected un-
der outdoor conditions. In addition, the SDM that has been considered to model the different
PV samples’ electrical behavior is more fitted to a cell than a module. Moreover, PV device like
the amorphous module which is based on the tandem p-i-n diode structure is not the perfect fit
for the SDM.

• One of the research objectives in this thesis is to investigate the effect of themeasured I-V points
count of each curve on the result accuracy and computational cost. This concept is vital in the
case of having a measurement system that records a high number of I-V points for each curve,
which is the case for our outdoor measurement station. The results shown in Figures 2.3 and
2.7 prove that considering 30 as an optimum number of I-V point per each curve is applicable
using any of the proposed extraction methods.

• The ACTs of the GA and PSO -based solving methods are almost the same for all the three
PV samples (in the case of running the extraction method for the same number of iterations).
However, the Newton-Raphson -based approach could be different every time I run the solving
algorithm if I choose to wait to reach a specific accuracy level instead of constant iterations
number. The main reason for that is the systematic convergence of GA and PSO algorithms. For
example, in PSO, the inertia weight transfers from exploration to exploitation with increasing
iteration numbers. Hence, the same ACTwill be realized each time the algorithm runs as long as
I use the same number of particles and the same inertia weight. The convergence of the Newton-
Raphson method, however, includes some stochastic behavior. Hence, apart from verification
purposes, I recommend including an option for terminating the Newton-Raphson in case of
reaching the required level of accuracy. Figure 2.12(a) shows an example of how the amorphous
module’s photo-current of all particles converge to an optimal value that satisfies the model.
Figure 2.12(b) shows a sample of PSO algorithm convergences for I-V curve.

• The extraction methods that used the Lambert W-function as an objective function (LAMB-GA
and LAMB-PSO) incorporate the most prolonged ACT because of the implicit nature of the
Lambert W-function, which has to be evaluated at every iteration.

Figures 2.13(a), 2.13(b) and 2.13(c) depict the parameters extraction results using the seven pro-
posed methods for the three PV samples. These results represent the average values of the MAPE as
an error-quantifying indicator and the ACT of different curves measured at a wide range of environ-
mental conditions.

Aiming for another comprehensive picture, assisting our comparison, Figure 2.14 shows the
stacked accumulative sum of different error indicators and the ACT of the seven extraction meth-
ods applied to the three PV samples used in this demonstration.

From the proceeding results, I can conclude the following facts:
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Figure 2.12: Convergence process of the PSO algorithm: (a) Photo-current changing versus the PSO iteration
number; (b) Sum of the errors squares versus the PSO iteration number.
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Figure 2.13: The achieved accuracy level represented by the MAPE versus the ACT of employing different
SDM parameters extraction method for (a) the monocrystalline cell, (b) the polycrystalline module and (c) the
amorphous module.
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Figure 2.14: A comprehensive view of different error quantifying indicators and the ACT, represented by the
stacked error by applying the seven introduced methods to extract the SDM parameters for (a) the monocrys-
talline cell, (b) the polycrystalline module and (c) the amorphous module.
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• Although that all methods provide excellent solutions when applied to any of the three sam-
ples, the IMPL-PSO extraction method (the implicit SDM as an objective function and using a
modified version of PSO as a solving method), provides the best results when applied to any of
the three samples. Hence, I choose it as the preferred method.

• Table 2.7 shows the extracted parameters for the individual I-V curves for the monocrystalline
cell using the IMPL-PSO method. The table also shows the error-quantifying indicators for
each curve. It can be seen from this table that all parameters values are within their expected
physical range and some of them show the expected dependence on the environmental condi-
tions. The photo-current, for example, shows a clear linear increase with increasing the light
intensity and a slight increase with increasing the temperature. On the other hand, the reverse
saturation current is not affected by the change in the light intensity but shows an exponential
increase with the temperature. Due to the proposed methods’ ability of extracting values with
physical meaning from measurements, they are suitable to serve as a base for the SDM-based
investigation and modelling of PV devices.

• Figures 2.15(a) and 2.15(b) show the constructed I-V curves together with the measurements
curves. These figures have been constructed by substituting the extracted parameters (using
IMPL-PSO) in the explicit form of the SDM (Equation 2.2).

• To test the performance of the proposed methods in the case of measured I-V curves, containing
a certain range of errors. Figure 2.16(a) shows the average MAPE average values result from
applying the proposed seven methods to extract the parameters of fourteen monocrystalline
cell I-V curves. Based on these results, I report that all seven methods are always converging
to a solution with the same original computational costs; however, the introduced error affects
the accuracy to a slight degree. This result is logical since the new curves that include error are
deviating from a normal PV cell I-V behavior.
Figure 2.16(b) depicts the results of applying the IMPL-PSO method for a bunch of errors con-
taining I-V curves. The maximum value of the introduced random error is within ±1% of the
actual measured electric current values.

Table 2.7: Results of extracting the SDM parameters for the monocrystalline cell using I-V curves of different
irradiance conditions and different temperatures.

G(W/m2) T(oC) Iph(A) Io(A) Rsh(Ω) Rs(Ω) n δ% R2 MAPE% ACT(s)

200

35

0.0091 2.2 · 10−5 361.4 0.78 1.92 0.0004 0.9999923 0.089 6.1

400 0.0174 1.4 · 10−5 362.1 1.20 1.78 0.0001 0.9999874 0.096 5.9

600 0.0245 2.3 · 10−5 604.4 0.98 1.89 0.0002 0.9999931 0.081 5.9

800 0.0313 1.4 · 10−5 166.1 1.01 1.77 0.0008 0.9999969 0.051 5.9

1000 0.0381 1.3 · 10−5 142.3 1.06 1.74 0.0003 0.9999951 0.063 5.9

1118 0.0450 2.4 · 10−5 189.4 0.99 1.87 0.0008 0.9999987 0.038 5.9

1268 0.0509 3.1 · 10−5 214.4 0.98 1.92 0.0009 0.9999901 0.085 5.9

800

10 0.0291 1.1 · 10−6 267.6 1.70 1.76 0.0137 0.9995278 0.517 6.0

20 0.0299 2.7 · 10−6 246.9 1.41 1.76 0.0049 0.9999073 0.241 5.9

30 0.0307 7.0 · 10−6 298.7 1.22 1.77 0.0007 0.9999955 0.055 5.8

40 0.0318 2.3 · 10−5 219.3 0.92 1.86 0.0001 0.9999853 0.119 5.9

50 0.0326 4.6 · 10−5 331.0 0.93 1.85 0.0003 0.9999936 0.077 5.9

60 0.0332 7.6 · 10−5 691.1 1.00 1.79 0.0010 0.9999943 0.073 5.8

70 0.0339 9.5 · 10−5 1377.9 1.19 1.66 0.0008 0.9999942 0.079 5.9
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Figure 2.15: Comparing the constructed I-V curves to the measured curves at (a) different irradiance conditions
and (b) different temperatures.
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Figure 2.16: Results of extracting the SDM parameters for the monocrystalline cell: (a) Changing of MPAE using
different methods versus the added measured current percentage error; (b) I-V curves that include error within
1% limit, using the IMPL-PSO method.

2.7 Comparison

This section is dedicated to briefly highlighting the scientific improvement that has been introduced
in this work. Hence, I compare our results to some of the well-regarded work from the literature to
validate the presented method. The selected papers in this comparison present different methods for
extracting the SDM characteristics parameters. These methods were verified under different envi-
ronmental conditions, using PV samples of different technologies. Among the seven methods I have
presented, I select the IMPL-PSO method to represent our work in this comparison - see Table 2.8 .
From the literature, the selected models for this comparison are based on the single diode model for
extracting the parameters of a monocrystalline cell. Table 2.8 compares the best results reported by
each reference (Ref. best) with the result of our presented method represented by best (Pr. best) and
the average values (Pr. aver.) of the corresponding parameters by running the model for extracting
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the parameters over the whole available environmental range (mentioned in Section 2.6).

Table 2.8: Comparison of the proposed method with different existing methods

Ref. Description Module type EQI Ref. best Prs. best Prs. aver.

[12]
Comparison of four different

Monocrystalline
MAPE 5.5376% 0.038% 0.119%

methods based on analytical
R2 0.9934 0.9999987 0.9999537

and optimisation algorithms.

[44]
Method based on imperialist Monocrystalline MAE 4 · 10−3 3.9 · 10−6 2.33 · 10−5

competitive algorithm (ICA). Polycrystalline MAE 5 · 10−4 3.49 · 10−4 7.96 · 10−4

Amorphous MAE 8.3 · 10−3 6.76 · 10−4 9.69 · 10−4

[103]
Based on the Flower Pollination Monocrystalline RMSE 7.27 · 10−4 5.57 · 10−6 2.03 · 10−5

Algorithm (BPFPA). Polycrystalline RMSE 5.87 · 10−4 4.62 · 10−4 1.12 · 10−3

Amorphous RMSE 3.65 · 10−4 8.24 · 10−4 1.16 · 10−3

[71]
Analytical algorithm, calculate

Monocrystalline RMSE 2.26 · 10−2 5.57 · 10−6 2.03 · 10−5many solutions and select

the one with the lowest RMSE.

[104] Iterative method - Gauss Seidel Monocrystalline RMSEn 2.3 · 10−3 3.2 · 10−4 1.1 · 10−3

[80]
Comparative study between

Polycrystalline RMSE 3.0 · 10−2 4.62 · 10−4 1.12 · 10−3analytical, numerical

and GA approaches

[85]
GA-based method, using

Monocrystalline δ 1.0 · 10−3 1.1 · 10−4 1.9 · 10−3

Matlab optimization toolbox

2.8 Summary

The work presented in this chapter has been summarized by adopting different scientific statements
within two thesis groups, as shown in the following two subsections.

2.8.1 Introducing seven new SDM parameters extraction methods

The first research thesis work proposes seven different methods for extracting PV cells’/modules’
single-diode model parameters. To verify these methods, I have collected measurements of I-V curves
for three different PV samples (i.e., monocrystalline cell, polycrystallinemodule, and amorphousmod-
ule) under different irradiance conditions and temperatures. Numerical, optimization, and genetic
algorithm solving techniques were applied to solve different formulations of the single-diode equiva-
lent model. All methods aremathematically described, and the primary considerations are highlighted
when writing the MATLAB codes. The performance and the robustness of the proposed methods are
evaluated using various error quantifying parameters. All seven methods show the ability to extract
the SDM parameters for a wide range of I-V curves for three PV samples measured at different envi-
ronmental conditions. Accurate initial guess values for the five parameters and the limitation of the
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search spaces are the critical factors for the robust implementation of the proposed methods. Our
contributions are summarized as follows.

Thesis 1 With the configuration and application of different approaches for extracting single-
diode model parameters of photovoltaic cells/modules, I have shown and validated seven differ-
ent robust and applicable extraction methods for the single-diode model parameters of current-
voltage curves on three photovoltaic samples measured at environmental conditions at the typ-
ical operating range.
1.1 I have modified existing solving algorithms with detailed explanations to improve results

accuracy and reduce the computational cost.
1.2 It has been concluded that 30 can be used as an optimum number of the measured current-

voltage points.
1.3 I have introduced an effective technique to determine good initial guess values of the

five parameters and limiting the search spaces, that significantly improved the proposed
methods’ abilities to find accurate results with low computational cost.

Highlights
• The single-diode model has been adopted to imitate the electric cells’/modules’ behavior
and to formulate different objective functions to extract its physical parameters.

• Following the basic principle of the semi-empirical modelling approach, the single-diode
model’s five parameters are to be extracted from current-voltage curves measured under
various environmental conditions.

• The five electrical parameters to be extracted are the photo-generated current, the reverse
saturation current, the ideality factor, the shunt resistance, and the series resistance.

• The seven newly introduced parameters extraction methods were constructed by combin-
ing three different objective functions and modified versions of three solving methods.

– The three objective functions include the implicit form of the single-diode model, a
system of equations formulated using the least square fitting, and the explicit form
of the sing-diode model using the Lambert-W function.

– The three tuned solvingmethods are genetic algorithm, particle swarm optimization,
and Newton-Raphson method.

• Among the targeted research goals, I highlight:
– Reaching an excellent level of accuracy, monitored by various standardized error

quantifying indicators.
– Minimizing the used computational resources by finding the optimum number of

current-voltage pints in each characteristic curve, reducing the number of the can-
didate solutions in the used evolutionary solving methods, and reducing the number
of iterations.

2.8.2 Comparison of the seven new developed extraction methods

This thesis has compared different SDM model parameter-extraction methods, observing their appli-
cability using different PV samples. These methods have also been validated by comparison to the
well-regarded literature in this field. The performance and the robustness of the proposed methods
were evaluated using different error-quantifying parameters. The following points were concluded
from this work:

48



2.8. Summary

• Although a high level of accuracy was achieved using the LAMB-PSO method, its convergence
time is high compared to other methods. This is because the LambertW function itself is defined
implicitly and requires a relatively high computational cost to be calculated.

• Using the PSO algorithm to minimize the error of the system of equations resulting from the
LSM method (LSM-PSO) shows better MAPE results in the case of PV modules. However, in
the case of the single solar cell, using Newton–Raphson as a solving method provides more
accurate results (lower MAPE).

• In the case of low quality measured I-V curves, the IMPL-PSO method shows better results
compared to other PSO-based methods when considering the MAPE values. Considering error-
quantifying indicators besides MAPE, the IMPL-PSO extraction method provides the best re-
sults when applied to any of the three samples. Hence, I choose it as the preferred method.

• Comparisons with some of the well-regarded literature on the subject reveal the importance of
the proposed work in terms of results accuracy.

• With each method, the extracted parameters reflect the physical properties of the investigated
PV samples. Therefore, I state that these methods are applicable in studying the effects of dif-
ferent environmental conditions on the values of the five parameters.

Our contributions are summarized as follows:

Thesis 2 I have compared the seven newly developed extraction methods, investigating their
applicability using photovoltaic samples of different technologies under different environmental
conditions.
2.1 Using the implicit form of the single-diode model gives the best results compared to other

objective functions for any of the three PV samples. The achieved average improvement
compared to the other two objective functions is given as 20 seconds and 0.7% in the
average convergence time and the mean absolute percentage error, respectively.

2.2 Using the implicit form of the single-diode model as an objective function and a modified
version of the particle swarm optimization as a solving method gives the best results when
applied to any one of the three photovoltaic samples. Compared to the other six methods
in the convergence time, its average improvement is 28, 28 and 34 seconds and in the mean
absolute percentage error 0.11%, 2.22% and 0.63% for the monocrystalline, polycrystalline,
and amorphous modules, respectively.

2.3 In measured current-voltage curves affected by noise, all proposed methods are able to
find a solution with excellent and comparable accuracy. The “implicit single-diode model
solved by particle swarm optimization” as an extraction method performs better than the
other six methods, considering the computational cost. The average improvement com-
pared to the six other methods is about 0.8%.

2.4 Investigating the extracted parameters value reflects the expected physical behavior for
changes in temperature.

Highlights
• The performance of the presented parameters extraction methods has been compared us-
ing three photovoltaic devices under various environmental conditions.

• Imitating the situation in which current-voltage curves containing errors, random±1% of
the actual measured electric current values has been added intentionally.

• Among the targeted research goals, I highlight:
– Concluding the applicability of the used objective functions and solving methods.
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– Validating the presented methods by comparison with the recent literature.
– Targeting extracted values of the electrical parameters with physical meaning could

be related to the change in the environmental conditions.

Publications. The first method for extracting the SDM (LSM-NR) where published in [j1]. The
first method and other three methods use PSO as a solving method for different objective functions
where compared in [j2]. The proposed extraction methods has been employed to construct a PV cells-
modules electrical model, published in two different papers, [j5] and [j3].
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Chapter3

Electrical Modelling of Photovoltaic

Cells/Modules

Accurate and reliable PV device modelling is fundamental for optimizing system performance. The
regular operation of a PV system in an outdoor condition implies the need for amodel that involves the
environmental effects. This thesis presents an efficient method for constructing the I-V characteristic
for a PV cell/module incorporating the environmental conditions.

I start this thesis by introducing the basic concepts of extracting the SDM parameters (Section
3.1). In Subsection 3.1.1, I review the recent literature in this field. Subsection 3.1.2 briefly defines
the main thesis objectives. In Section 3.2, I present the detailed steps of constructing the electrical
model. Presenting and discussing the results is covered in Section 3.3. Finally, I summarize the thesis,
highlighting the main contributions in Section 3.4.

3.1 Background and literature review

Accurate power prediction under various environmental conditions is crucial for the PV system power
investment. Developing countries face severe challenges in selecting the proper PV modules to cope
with various environmental conditions for efficient power production. A reliable modelling tool is
essential to optimize system performance and cost-effectiveness [39], [105], [106]. The PV module’s
datasheet information measured at STCs is insufficient to build accurate and reliable system models.
The goal is to reproduce the I-V characteristics, considering the changing operating conditions such
as different irradiances and varying temperatures [107].

3.1.1 Literature review

Researchers are using various approaches for describing the current-voltage characteristics (I-V
curves), each with different theoretical and physical basements and different levels of results accuracy.

Some methods are entirely empirical [108]–[110]. The primary goal of these approaches is to have
an explicit mathematical description of the current in dependence on the voltage and other elementary
environmental factors. Such methods that do not include technological or structural parameters have
limitations in exploring the device’s behavior. An advantage of these modelling methods is not losing
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accuracy due to relying on imprecise physical definitions. In [109], the authors proposed a model for
the I-V characteristics given in Eqution 3.1

I =
VOC − V

A+BV 2 − CV
, (3.1)

where the coefficient A represents the ratio of the open-circuit voltage to the short circuit current, B
and C are calculated from two selected points of a measured I-V curve. An extension for this work
has been presented in [110] to obtain a closed-form solution for transient voltage and current when
a solar device is loaded with R− L or R− C loads. Their model is shown in Equation 3.2

I =
√
K11V 2 +K2V +K31, (3.2)

whereK11 ,K2 andK31 are obtained by satisfying the three characteristics points: the open-circuit,
maximum power and short circuit of the PV device. The research work presented in [111] introduces
a characteristics model that takes into consideration the temperature of the panel and the effect of
the irradiance. Their proposed model is given in Equation 3.3

I(V ) = α · Imax · τi(1− e
( V
b·(γ·α+1−γ)·(Vmax+τv)

− 1
b
)
) (3.3)

where α is the percentage of the effective light intensity, τi is the current’s rate of change, τv is the
voltage’s rate of change, Imax is the ideal maximum current (when V = − inf at STCs), b is the
characteristics I-V constant, γ is the shading linear factor, Vmax is the open-circuit voltage at 25 ◦C
and 1118W/m2.

The other main modelling approach is based on a theoretical foundation that describes the oper-
ation of the PV device considering the technological parameters. Using deep theoretical knowledge
allows predicting the effects of changes in materials, technology or structural parameters. The diffi-
culty in applying such an approach is the lack of the technological and structural parameters required
to build the model. The work presented in Vaillon et al. [111] is considered an example of the the-
oretical model. The authors proposed a physical and numerical solar cell model as a function of the
irradiance and temperature. Their model uses a single p-n junction to imitate a solar cell as a simplified
case to develop a coupled heat transfer - photoelectric phenomena comprehensive model.

Approaches incorporating both empirical and theoretical modelling concepts are considered semi-
empirical models. Thereby combining both approaches advantages. This approach is implemented by
one of the two following modelling techniques: single diode model and the double diode model.

3.1.2 Objectives

In this thesis, a new solar cell modelling technique is proposed to reproduce the I-V characteristic
curve at any irradiance condition and temperature. The model is based on the concept of dividing
the voltage axis with a fixed interval. The voltage interval points track the solar cell output current
values corresponding to different environmental conditions. Each voltage interval point must record
the currents under a wide range of measured I-V curves to produce a two-dimensional current matrix.
A sub-model is constructed for each point using a polynomial surface fitting. The top-level model that
provides an I-V curve at any given environmental condition is based on the combination of all sub-
modules by evaluating them and calculating the current for the corresponding voltage interval point.
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3.2 Electrical model

The work presented in this thesis is based on tracking the current values corresponding to fixed volt-
age interval points. Each of these voltage intervals will be subject to investigating the output current
dependence on the irradiance and temperature dependence. This concept has been implemented by
utilizing two different methods to determine the current values corresponding to a specific voltage
interval under different irradiance conditions and temperatures Ii(G,T ) [A], where i is the voltage
interval points index. As a result, we will get a two-dimensional matrix of current values for each
voltage interval in dependence on the temperature and the irradiance, representing the first part of
building the model. The second part includes fitting a polynomial surface to create a sub-model for
each voltage interval point. The following two subsections show more details about building the
model.

3.2.1 Construction of the two-dimensional current matrix for each voltage
interval point

The linear interpolation method (LIM) is the first technique for calculating the current matrix
Ii(G,T ). The available measured I-V curves include data points where the voltage steps between
the measurement points are different from one curve to another. This method aims to reproduce the
measured I-V curve, such that the new interpolated data is selected to be always at the same voltage
interval. Hence, a new I-V data set is generated corresponding to each measured curve under different
environmental conditions, from which we shall construct the Ii(G,T ) matrix.

The second method for calculating the current matrix is based on the pre-extracted five param-
eters of the SDM (I use the abbreviation SDMBM for this method) for each measured curve under
the environmental investigation range. For this purpose, I employ the LSM-NR extraction method
presented in Chapter 2. In which the least square method is used as an error minimization technique
for fitting the non-linear transcendental model equation of the solar panel to the measured I-V char-
acteristics. Newton-Raphson method is applied to solve the system of five non-linear equations that
represent each parameter’s error.

For each voltage interval point, the current values will be calculated using the extracted five pa-
rameters corresponding to each input I-V curve. The used formula for calculating the currents is the
explicit form of the SDM based on the Lambert W-function (Equation 2.2).

3.2.2 Surface fitting for constructing the model

Using both methods from Subsection 3.2.1, considering the availability of measurement at different
temperatures and irradiance conditions, a two-dimensional matrix of current values will be calculated
for each voltage interval point. A polynomial surface function is required to be fitted to the current
matrix data to generate a sub-model corresponding to each voltage interval point.

For this purpose, we are using a fifth-order polynomial surface function. Hence, there is 21 coef-
ficients for each voltage interval point. Although there is a large number of coefficients, calculating
them has to be done only once. Figure 3.1 shows an example of the fitted surface for the current val-
ues for the voltage interval points 0.1V, 0.2V, and 0.3V, using the second method (based on the
SDM pre-extracted parameters). The mathematical representation of the sub-models resulting from
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the fitted function is given in Equation 3.4

Iiout =
3∑

k=1

Bi
k · T k−1 ·Gk−1 +

4∑
l=2

Bi
l+2 · T ·Gl +

4∑
m=2

Bi
m+5 · Tm ·G +

5∑
n=1

Bi
n+9 · Tn

+

5∑
p=1

Bi
p+14 ·Gp +

3∑
q=2

Bi
q+18 · T 5−q ·Gq, (3.4)

where Iiout is the calculated current value corresponding to a specific voltage interval point (i) [A],
Bi

1 −Bi
21 are the fitting coefficients corresponding to the surface function of the current at the same

voltage interval point depending on the irradiance and the temperature. T and G are the targeted
temperature and irradiance conditions, [oC] and [W/m2], respectively, at which a new I-V curve is
required to be constructed.

I (A)

V (V)0.1 V 0.2 V 0.3 V

Figure 3.1: Surface fitting for the current values corresponding to three different voltage points (0.1V, 0.2V,
and 0.3V) under a wide range of environmental conditions.

The final step is to calculate the current corresponding to each voltage interval point using the
corresponding coefficients as a function of the targeted T and G, and by considering only the I-V
points in the first power quadrant. Algorithm 3.2.1 illustrates the structure of the electrical model.

3.3 Results and discussion

I use I-V curves measurement under irradiance range of 200–1268W/m2 and temperature range of
10–85 ◦C for the monocrystalline cell testing and verifying the proposed model. For this specific PV
sample, the maximum voltage that could be realized as an output under the considered environmental
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Algorithm 3.2.1: Electrical model (using SDMBM).
input : Gi: Solar irradiance at which the electrical power need to be estimated.

Ti: Temperature at which the electrical power need to be estimated.
X : The SDM parameters for I-V curves measured at wide range of irradiance

conditions and temperatures.
output: (I − V )i: Constructed I-V curve for a given environmental condition.

1 foreach V do
2 // For each voltage interval between 0 V and Voc, a 2-dimensional current matrix is going

to be calculated
3 foreach G do
4 foreach T do
5 I2D := 2-dimensional current matrix calculated at different irradiance conditions

and different irradiance using the pre-extracted SDM parameters, substituted in
○Equation 2.2 .

6 foreach V do
7 I := Calculate the output current for each voltage point under the given environmental

conditions (Gi and Ti), using ○Equation 3.4 .
8 return (I − V )i

ranges is 0.5V; therefore, 50 points starting from 0.01V up to 0.5V (voltage interval is 0.01V) has
been selected to construct the model. Figures 3.2(a) and 3.2(b) show the constructed I-V curves of the
PV sample at different temperatures and irradiance conditions, respectively, for the linear interpola-
tionmethod (LIM).While Figures 3.3(a) and 3.3(b) show the results when using the SDM pre-extracted
parameters based model (SDMBM). Evaluating the model’s performance presented in this work and
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Figure 3.2: New constructed I-V curves based on the LIM together with the measured data: (a) at 1118W/m2

and different temperatures; (b) at 20 ◦C and different irradiance conditions.

quantifying the error is performed by calculating the error at the maximum power point (δ) and the
mean absolute percentage error (MAPE). Tables 3.1 and 3.2 show the evaluating parameters for the
proposed model based on both I(G,T ) calculation methods for different irradiance conditions and
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Figure 3.3: New constructed I-V curves based on the SDMBM together with the measured data: (a) at
1118W/m2 and different temperatures; (b) at 20 ◦C and different irradiance conditions.

temperatures, respectively. Table 3.1 shows the result of different irradiance conditions at 20 ◦C of
temperature. Table 3.2 shows the result of different temperatures at 1118W/m2 irradiance.

Table 3.1: Model evaluation at different irradiance conditions for both I(G,T ) calculation methods.

Method G2 (W/m2) δ MAPE%

LIM

200 1.87 1.37

400 2.78 0.14

600 2.82 5.44

800 1.80 0.26

1118 1.38 0.78

1268 0.57 0.66

SDMBM

200 1.10 0.47

400 1.37 0.96

600 1.32 0.19

800 0.66 0.85

1118 0.60 2.13

1268 0.99 0.49

Table 3.3 shows the performance monitoring indicators which are calculated by comparing 456
constructed I-V curves with the measured characteristics at the corresponding environmental condi-
tions, using the proposed model based on both presented current calculation methods.

The presented validation results reveal the proposed model applicability under a wide environ-
mental range using both introducedmethods for calculating the current matrices values. From Figures
3.2 and 3.3 and Tables 3.1, 3.2, and 3.3, I can conclude a slightly better performance in the case of us-
ing the SDM based method for constructing the current matrices values. As shown in Table 3.3, the
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Table 3.2: Model evaluation at different temperatures for both I(G,T ) calculation methods.

Method T2 (◦C) δ MAPE %

LIM

10 1.36 0.66

25 0.97 0.13

40 5.08 1.68

55 2.41 3.31

70 1.00 5.15

85 0.78 0.12

SDMBM

10 0.53 3.97

25 0.54 1.50

40 1.75 0.24

55 0.20 0.92

70 2.67 3.40

85 2.71 2.48

Table 3.3: Evaluation of the proposed model using 456 curves at different environmental conditions.

Method Parameter Average value Worst recorded
value

Percentage of
curves with
error value >

5%

LIM
δ 1.69% 7.77% 3.2%

MAPE 1.86% 5.93% 4.8%

SDMBM
δ 2.11% 5.69% 2.1%

MAPE 1.67% 4.91% 0.0%

average value of the MAPE is below 2% using both methods for extracting the current matrices. The
average error at the maximum power point is 1.69% when using LIM, while it is 2.11% with the
SDMBM. However, this should not be considered as a performance advantage for the LIM because
both methods inherent very low error values and these numbers are very close to each other. The last
column in Table 3.3, shows the percentages that indicate how many modelled curves out of the 456
include errors above 5% for both error evaluation parameters. From this part of the table, it can be
seen that SDMBM give a better result, compared with LIM, for both error parameters values, where
no MAPE was recorded above 5% and only 5% of the tested curve got δ values between 5% and
5.69% as maximum.

3.4 Summary

In this thesis, a new, simple, and accurate model for constructing the PV cell’s/module’s I-V charac-
teristics is developed and presented. The model concept considers the voltage axis as fixed interval
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points for tracking the current value changes under different irradiance conditions and different tem-
peratures. The model is constructed in two steps. The first step is to calculate the current values under
different environmental conditions I(G,T ) for each voltage interval point; the two methods imple-
menting this concept were linear interpolation and another method based on using the pre-extracted
SDM five parameters. The second step of constructing the model is performed by fitting a polynomial
surface to the resulting two-dimensional current matrix and creating a sub-model for each voltage
interval point. The model is verified using a single crystalline solar cell with 456measured I-V curves
under a wide range of environmental parameters. The proposed model is evaluated by calculating
the error at the maximum power point and the mean absolute percentage error. The overall aver-
age MAPE is below 2%; its value is lower (1.67%) in the case of modelling based on SDMBE. The
model based on the LIM shows the lowest error at the maximum power point, with an average value
of 1.69%. The results based on SDMBE provide modelling results with no MAPE above 5%. Our
contributions are summarized as follows:

Thesis 3 I have constructed a new electrical model capable of producing a full current-voltage
curve for the photovoltaic (PV) cell/module in any given environmental condition based on
measurements.
3.1 The proposed model has the advantage of mitigating possible errors in the measurement

of the current-voltage curve since it relies on surface fitting.
3.2 I showed that building the model using pre-extracted single-diode model parameters gives

an average value of 0.19% improvement in the mean absolute percentage error compared
to using linear interpolation of the measured data for the constructed 450 curves using
both methods.

Highlights
• The presented model utilizes current-voltage measured curves at environmental condi-
tions covering the normal operating ranges to build an efficient electrical model.

• In the first stage of constructing the model, two different methods for calculating the
electrical current have been used. The first one is by substituting the pre-extracted single-
diode model parameters in the explicit equation form of the model. The second is by linear
interpolation from the measurement.

• In the second stage, an explicit formulation is provided to determine the current at any
given environmental condition.

• Increasing the day count measurements will ensure better results accuracy.
• Among the targeted research goals, I highlight:

– Produce the photovoltaic device’s current-voltage characteristics at any temperature
and irradiance condition.

– Utilizing the pre-extracted electrical parameters to build the electrical model with
the best possible accuracy.

Publications. The thesis main concept has been published [j3]. The proposed electrical model has
been employed in a combined electro-thermal model published in [j5].
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Chapter4

Thermal Modelling of Photovoltaic

Cells/Modules

The temperature has a significant effect on the photovoltaic module output power and mechanical
properties. Measuring the temperature for such a stacked layers structure is impractical to be car-
ried out, especially when we talk about a high number of modules in power plants. This chapter
introduces a novel thermal model to estimate the temperature of the embedded electronic junction in
modules/cells and their front and back surface temperatures. The novelty of this thesis can be realized
through different aspects. First, the model includes a novel coefficient, which we define as the forced
convection adjustment coefficient to imitate the module tilt angle effect on the forced convection
heat transfer mechanism. Second, the new combination of effective sub-models found in the litera-
ture produces a unique and reliable method for estimating the temperature of the PVmodules/cells by
incorporating the new coefficient. In addition, this work presents a comprehensive review of the ex-
isting PV thermal sub-models and the determination expressions of the related parameters, which all
have been tested to find the best combination. The heat balance equation has been employed to con-
struct the thermal model. The validation phase shows that the estimation of the module temperature
has significantly improved by introducing the novel forced convection adjustment coefficient. Mea-
surements of polycrystalline and amorphous modules have been used to verify the proposed model.
Multiple error indication parameters have been used to validate the model and verify it by comparing
the obtained results to those reported in recent and most accurate literature.

I start this chapter with a brief introduction, discussing the temperature effect on PV devices (Sec-
tion 4.1). Then, I discuss the general considerations and requirements when constructing a thermal
model (Section 4.2). In Section 4.3, I introduce different thermal modelling concepts. Based on the
introduced terminologies and thermal model classifications, I review the related literature in Section
4.4. Then, I present the theory of our model in Section 4.5. The result presentation and discussion is
covered in Section 4.6. Finally, I summarize the thesis, highlighting our contributions in Section 4.7.

4.1 Introduction

The increasing need for electricity, environmental pollution, and global warming risks are the main
problems, growing interest in renewable and clean energy sources [112]. Solar energy sources using
PV modules recently have the main focus among other renewable sources. This is due to several rea-
sons, such as the abundance of solar irradiance, the significance of PV phenomenon, employability
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at both small and large scale, non-polluting, clean and reliable energy source. The increase in the
temperature of the silicon-based technology PV modules directly affects the device’s current–voltage
(I-V ) characteristics. Hence, adversely affecting the power production and causing a significant drop
in efficiency [113], [114]. Therefore, it is insufficient to rely only on the rated efficiency to estimate the
output power. One has to consider the operating temperature of the PV module, and other environ-
mental conditions and structural parameters [115]. The temperature of the PV module is affected by
the module material compositions, mounting structure and environmental conditions [7], [53]. Mul-
tiple heat sources are physically contributing to the increment of the module temperature [7]. The
first is the incoming short-wave solar irradiance, where only up to 20%will be converted to electrical
energy, and the rest will be converted to thermal energy [115], [116]. The second heat source is the
long-wave infrared radiation. Accurate temperature prediction is not only needed for a precise predic-
tion of the output power but is also essential for estimating lifetime and quantifying the degradation
of PV modules [116]–[119].

The heat generated in the PVmodule is conducted through the stacked layers of the PVmodule to
the external surfaces (front and back surfaces). Radiation, forced convection and free convection heat
transfer mechanisms are involved in dissipating the generated thermal energy from the surfaces to the
surrounding environment. Therefore, robust PV thermal modelling is required to estimate the operat-
ing temperature of the PV module under the given environmental, physical and structural conditions.
These conditions are represented by physical parameters, which act as an input for the model.

The main objective of this work is to propose a novel thermal model to estimate the PV module
temperatures at three different planes: The semiconductor p-n junction (electronic junction temper-
ature), the front and the back surface of the PV module. The proposed model is constructed by a
new combination of effective sub-models found in the literature and includes a novel solution for
considering the effect of the module tilt angle on the forced convection heat transfer mechanism.

4.2 Thermal modelling general considerations

This section discusses the main environmental, physical and structural parameters that determine the
thermal behavior of a PV module.

4.2.1 Physical structures of PV modules

An accurate description of the PV module is fundamental to accurately estimating the operating
temperature and its profile through different layers. Although photovoltaic technologies are advanc-
ing rapidly with higher efficiency and lower cost, the basic solar module physical structure has not
changed much over the years [52]. Figure 1.10(b) shows the basic structure of a typical PV module.
The active semiconductor layer consists of several photovoltaic cells interconnected in series and in
parallel depending on the required output current and voltage levels. The active layer is encapsu-
lated between two layers of ethylene-vinyl acetate (EVA) to bind the PV cells to the top and bottom
layers and provide moisture resistance and electrical insulation [53]. Fundamentally, the glass layer
is tempered (to increase the mechanical strength of the module), highly transparent, has low iron
content and has a textured upper surface (to reduce the solar irradiance reflection and absorption
losses). The back layer is usually made of Tedlar polymer, functioning as irradiance blocker and pro-
viding moisture resistance [54]. The anti-reflection coating (ARC) layer is typically added to the PV
layer for efficient light trapping [55]. The active semiconductor layer may consist of materials like
mono-crystalline, polycrystalline or amorphous silicon.
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4.2.2 Parameters that affect the PV module thermal behavior

A well-known fact is that the temperature directly affects the output power of the PV module. The
maximum output power is decreased by 0.3 to 0.5% per Kelvin of temperature increase [120], [121].
This is because the open-circuit voltage decreases significantly with increasing temperature while the
short-circuit current increases only slightly [122]. However, several parameters affect the PV module
temperature. These parameters have a different impact on the temperature value; therefore, some of
them are essential to be considered when constructing the thermal model. Following is a list of these
parameters [4], [7], [54], [115], [123]–[127].
• The amount of solar irradiance captured by the module and its spectral distribution.
• Ambient temperature.
• Wind speed, direction and airflow pattern.
• Relative humidity.
• The PV module’ electrical conversion efficiency.
• The PVmodulematerials’ optical and thermal parameters such as irradiance absorptivity, thermal

conductivity, etc.
• Mounting structure of the PV module.
• Homogeneity of the irradiance over the module surface.
• The connected electrical load.
• PV technology.

Some of these parameters strongly influence the module temperature; however, other parameters
affect the thermal properties of the module only to a smaller extent [128]. For example, the module
temperature is highly sensitive to the wind speed and much less to the wind direction [32], [129].
Some of these parameters are not easy to be included in a general approach for estimating the module
temperature since the module thermal behavior is changing for different technologies [122].

4.3 Thermal modelling concepts

This section will review different thermal modelling techniques and focus mainly on the energy bal-
ance and heat transfer mechanisms.

4.3.1 Classification of PV modules thermal modelling concepts

The wide range of parameters that affect the PV module temperature (material and environmental
parameters) and different heat transfer mechanisms that take place through the module or on its
surfaces give rise to the need for complex models for estimating the junction temperature. However,
for commercial products, the manufacturers do not provide all of the required information. Generally
speaking, the module temperature is a dynamic, nonlinear and implicit function incorporating the
controlling parameters [118]. Factors like the required level of accuracy, details of the temperature
changing profile and the model complexity produce different types of modelling approaches. The
various existing thermal models in the literature, which are different in accuracy and complexity, can
be grouped depending on their nature to be represented by the following.
• Direct physical equations based on theoretical expressions incorporating different environmen-

tal, physical and structural parameters [120]–[122]. To create such an explicit relation, physical
assumptions and mathematical approximations have to be made.

• Empirical expressions which are mainly based on observations and experimental measurements
[32], [130]–[134]. However, these models are optimized to represent the behavior of the system
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under observation and are difficult to be generalized to describe other systems, which are based on
different technologies. Although these types of models require a low number of input parameters,
their output accuracy is questionable [120], [135]. Empirical approaches are also used to evaluate
the heat transfer mechanisms, being part of models that have been constructed using different
approaches [7], [117], [123], [136].

• Dimensional analysis of the PV module [9], [53], [115], [127], [137]. This type of modelling will
provide the capability to investigate the temperature profile and its changing rate through the PV
module structure, including different thermal loss mechanisms as boundary conditions. However,
it requires a relatively high computational cost.

• Evaluating the heat balance equation for each structural layer of the PV module [6], [123]. Dif-
ferent layers temperatures are estimated by substituting the effect of various heat transfer mech-
anisms, including thermal conduction between these layers.

• Treat the PV module as a single block of material and employ a single heat balance equation,
including different heat loss mechanisms [7], [54], [113], [114], [116], [117], [124], [126], [136],
[138]–[143]. The thermal resistivity and thermal capacity (in the case of a dynamic model) will
be summed to find the component of the heat generated inside the module. Therefore, the model
results will provide themodule temperatures, but typically, without details about the temperature
profile. The heat balance equation will be used as the model’s core, incorporating different heat
loss mechanisms from the module surfaces.
Recently, the last approach attracted the researchers’ focus and interest because of its applicability

and high level of accuracy for estimating the module temperature. However, different researchers
consider different methodologies when building up their thermal models. Based on this approach, this
thesis aims to propose a new thermal model. Sections 4.3.2 and 4.4 will discuss its physical translation
and review the existing methods in the literature, respectively.

4.3.2 Energy balance and heat transfer mechanisms

It is well-known that electronic junction temperature is not directly accessible from outside and can-
not be directly measured using normal methods. Instead, models are used to estimate its value. One of
the widely used methods considers the PV module as a single block of material and employs a single
thermal heat balance equation (HBE). The absorbed energy (qabsorbed) should equal the sum of the
converted (qconverted) and the lost (qlost) energies - see Equation 4.1 [W m−2].

qabsorbed = qconverted + qlost. (4.1)

The absorbed energy results from collecting the irradiance by the front surface of the PV mod-
ule represent the overall input energy for the PV system. The converted energy includes the output
produced electrical energy and the heat energy generated within the PV module. The last term in
Equation 4.1 is related to the heat losses to the surrounding environment by different heat transfer
mechanisms. The heat losses can be classified into two groups. The first group is mainly driven by
the temperature difference between the module and its surrounding environment. The second group
involves different effects such as the energy initiated due to partial shading, low irradiance, dirt ac-
cumulation, joule heat through the wire contacts and diodes losses. Considering all types of heat loss
mechanisms gives rise to a complex modelling design that requires various parameters, related to
the material properties and the surrounding environment. Such a detailed model is impractical to be
used for commercial products. Therefore, some of these losses are neglected due to their minor effects
[118]. Conduction heat transfer between the PV module and the holding structure is also neglected
because of the small contact area and relatively small temperature difference [54], [114], [142].
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Each term in the heat balance equation (including its different components) needs to be modeled
to estimate their values individually because their effects cannot be directly measured [116], [138].
Such an analysis should be based on the instantaneous temperature of the PV module. Therefore, an
iterative process is needed. Conduction (between the PV module layers), convection and radiation
(from front and back surfaces) are the three main heat transfer mechanisms that have to be evaluated
to calculate the amount of losses.

Even in case it is not explicitly mentioned, the majority of the existing models share common
assumptions, which are listed as follows [9], [53], [114]–[118], [123], [126], [136], [142].
• The temperature has a homogeneous distribution over the surface of the PV module.
• The ground temperature is equal to the ambient temperature.
• The thermal losses from the side edges of the PV module are negligible due to its small area

compared to the front and back surfaces.
• The effect of the ARC layer is neglected due to its small thickness compared to other physical

layers.
• The effect of the metallic frame that surrounds the PV module structural layer is neglected.
• Each of the PV module physical layers is treated as isothermal, neglecting the boundary effects.
• The optical and physical parameters of the PV module materials are homogeneous, isotropic and

not changing with temperature or the irradiance wavelength.
• The ambient temperature is homogeneous all around the PV module.
• The solar irradiance is reaching the front surface of the PV module equally.
• Neglecting the conduction heat transfer between the PV module and the holding structure.
• Neglecting energy losses due to partial shading, low irradiance, dirt accumulation, joule heat

through the wire contacts and diodes losses.
Some researchers are going further in simplifying their models by eliminating other effects or

parameters due to dealing with specific environmental conditions, materials properties or mounting
structures. Table 4.1 shows some of these simplifications and assumptions.

4.4 Reviewing the existing sub-models

As previously mentioned, each of the HBE terms (including their different components) need to be
modelled and individually estimated. This section is dedicated to briefly discussing each term of the
HBE with scanning the literature to review the typical methods adopted to estimate their values.

4.4.1 Absorbed energy

The absorbed energy represents the PV module’s energy due to the total captured short wave irra-
diance. Different parameters are affecting the amount of absorbed energy, such as [53], [113], [115],
[116]:
• The intensity of the direct and the diffused irradiances.
• Optical parameters including the absorptivity, the reflectivity, the scattering and the transmit-

tance of the front layers.
• Material defects and physical limitations.
• Mounting structure of the PV module.

A widely used equation to determine the short wave absorbed energy given in Equation 4.2 [113],
[114], [136], [138]–[141]:

qabsorbed = α · Φ ·A, (4.2)
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Table 4.1: Special case assumptions found in the literature.

# Introduced Simplifications Ref.

1 Neglecting the radiation heat losses from the back surface based on the assumption
that the module back surface is at the same temperature as the building fabric it faces.

[138]

2 Back surface emissivity is assumed to be equal to the front surface emissivity. [117]

3
The heat transfer by free convection is assumed to be the same for both top and bottom
surfaces. This assumption is applicable for a near vertical angles but introduces error
for PV modules mounted flat.

[117]

4 The cell temperature is assumed to be the same as the front surface temperature, and
it is linearly related to the back surface temperature.

[7]

5 Neglecting the radiation heat losses of both surfaces. [7], [141]

6 The total value of convective heat losses is the sum of the forced convection loss from
only the PV module front surface and free convection loss from only the back surface.

[141]

7 The temperature is assumed uniform throughout the PV module five layers. [54], [120]

8 To avoid disturbing influences of fast irradiance changes at sunrise and sunset, the
authors only analysed data from 10 am to 3 pm.

[122]

9 Neglecting the forced convection from the back surface. [137]

where α is the absorptivity of the front surface of the PV module [-],Φ is the total received irradiance
[W/m2], and A is the surface area [A2].

4.4.2 Converted energy

The energy is converted into two forms: electrical energy (qelec) and thermal energy (qtherm), formu-
lated as shown in Equation 4.3 [W m−2]

qconverted = qtherm + qelec. (4.3)

To determine the amount of the produced electrical energy, the current and voltage values at the
maximum power point (Im, Vm) are required. Therefore, the fill factor (FF ) and the efficiency of the
PV module (η) play a major role as shown in Equation 4.4 [54], [114],

qelec = ImVm = (FF )IscVoc = ητqabsorbed, (4.4)

where τ is the front layer transmittance [-], and Isc and Voc are the short-circuit current and open-
circuit voltage, respectively. For the sake of a higher level of accuracy, researchers tend to consider
the environmental effects on the electrical performance of the PV module. Therefore, they include a
dedicated electrical model for estimating the instantaneous value of the generated electric power [6],
[124]. These details are out of the scope of this thesis.

The portion of the absorbed energy not converted to electrical energy is converted to heat, causing
higher PV module temperature. The thermal energy will be lost to the surrounding environment
with time, mainly due to the temperature difference. However, this process requires some time before
reaching a steady state depending on the thermal properties of the PV module, represented by its
thermal capacity and resistivity. In case of temperature’s evaluation is required within small periods,
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as described in Section 4.3.1, then the dynamic analysis is required to involve different layers’ thermal
capacity. Themodule heat capacity (Cmodule [J K−1]) is determined as the sum of each layer’s capacity
[54], [113], [136], [138], [139] using the following formula (Equation 4.5):

Cmodule =
n∑

i=1

A · di · ρi · ci, (4.5)

where n is the PV module’s number of physical layers, and i is the layer index. Moreover, in Equation
(4.5), we see thatA is the area for each layer [A2], d is the layer thickness [m], ρ is the material density
[kg m−3], and c is the specific heat [J kg−1 K−1].

Another modelling approach adopts the concept of assuming that the temperature is abruptly
following the changes in the absorbed energy. These methods are applicable in case the module’s
temperature and its output power is required to be estimated with time resolution large enough to
reach a steady thermal state, higher than its thermal time constant.

4.4.3 Heat transfer mechanisms

As indicated previously, different heat transfer mechanisms are involved in this context, including
conduction (within the PV module), radiation and convection. The rest of this section presents a brief
description of each one of these mechanisms.

4.4.3.1 Conduction heat transfer mechanism

Typically, conduction is only considered between the structural layers of the PV module. Conduction
to the holding structure is neglected due to the small contact area between themodule and the holding
structure and the low-temperature difference. The conduction heat transfer between the different
layers is analysed based on the thermal resistivity and the thermal capacity of each layer of the PV
module [118]. In such models, the HBE is derived for each layer [123].

4.4.3.2 Convection heat transfer mechanism

Convection is a heat transfer mechanism between the surfaces of the PV module and the surrounding
air based on Newton’s law of cooling [144]. It is modelled by the corresponding heat transfer coeffi-
cients (hc [W m−2 K−1]). The amount of heat convection per unit area (qconv [W m−2]) is evaluated
using the Equation 4.6:

qconv = −hc ·A · (Tmodule − Tambient), (4.6)

where Tmodule and Tambient are module and ambient temperatures [K], respectively. The convection
heat transfer involves two mechanisms (the forced convection mechanism and the free convection
mechanism) which are characterized by forced convection coefficient (hc,forced [W m−2 K−1]) and
the free convection coefficient (hc,free [W m−2 K−1]), respectively. Different researchers deal with
their overall effect to be substituted in Equation (4.6) in different ways, as shown in Table 4.2.

The significance of both types of convection differs under different environmental conditions
[7], [139]. The authors of [141] considered only forced convection for the front surface of the PV
module and only free convection for the back surface. Other authors consider only free convection for
both surfaces [143]. However, most of the recent literature that aims for high accuracy incorporates
both free and forced mechanisms [53], [113], [136]. Modelling and estimating the value of each of
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Table 4.2: Determining the overall convection coefficient.

# Used Expression Eq. # Ref.

1 hc = hc,forced + hc,free T 1.1 [114], [138], [140]

2 h3
c = h3

c,forced + h3
c,free T 1.2 [7], [54], [124], [126], [139]

the heat transfer coefficients is performed using various techniques [53], [113]. Tables 4.3 and 4.4
summarize the well-known equations for estimating the free and forced convection, respectively.
The following points are common between the different expressions listed in both tables. If any sub-
model in the mentioned table uses a different expression or parameter definition, it will be explicitly
mentioned.
• The module characteristics length (Lc [m]) is taken as the longest dimension.
• ∆T is the temperature difference between the PV module surface and the ambient temperatures

[K].
• β is the air thermal expansion coefficient, determined as β = 1/Tf [K−1]. Tf is the average

between the surface and the ambient temperatures, it is also known as the film temperature.
• Considering that the front and back temperatures are different, the film temperature and the

thermal expansion coefficient are different for the two surfaces.
• The Grashof number (Gr) is determined as Gr =

g·ρ2air·cos(θ)·β·∆T ·L3
c

µ2
air

[-], where g is the acceler-
ation due to Earth’s gravity [m/s2], ρair is the air density [kg m−3], µair is the dynamic viscosity
of air [kg m−1 s−1] and θ is the angle of the module to the vertical direction [◦].

• Grc is the critical Grashof number at which the Nusselt number starts deviating from laminar
behavior [7].

• Pr is the Prandtl number calculated as Pr = cpairµair

kair
[-], where cpair is the specific heat at a air

constant pressure [J kg−1 K−1] and kair is the air thermal conductivity [W m−1 K−1].
• Ra is the Rayleigh number calculated as Ra = Gr · Pr [-].
• Nufree andNuforced are the Nusselt number of the free and forced convection [-], respectively.

They are determined explicitly in each model.
• hc,free =

Nufree.kair
Lc

, hc,forced =
Nuforced.kair

Lc
.

• Re is the Reynolds number [-], defined asRe = ρairLc

µair
νw, where νw is the wind velocity [m s−1].

4.4.3.3 Radiation heat transfer mechanism

The heat exchange by radiation heat transfer mechanism involves the long-wave irradiance [118].
The amount of radiative energy per unit time per unit area (qrad [W m−2]) is determined based on
the Stefan–Boltzmann law as follows:

qrad = ϵ · F · σ · (T 4
ob − T 4

sur), (4.7)

where σ is the Stefan–Boltzmann constant [W m−2 K−4], Tob is the radiating object temperature [K],
Tsur is the surrounding temperature [K], ϵ is the emissivity of a surface [-] and F is the view factor
[-]. Table 4.5 summarises various existing methods from the literature for estimating the amount
of thermal radiation. The following notes are common between the expression listed in Table 4.5
unless explicitly defined again: If any sub-model in Table 4.5 uses a different expression or parameter
definition it will be explicitly mentioned.
1. The subscript ground refers to ground, earth or roof in the reference.
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Table 4.3: Free convection equations.

# Used Expression Eq. # Ref.

1 hc,free = 1.31 · (Tmodule − Tambient)
1
3 T 2.1 [138], [140]

2
Nufree = M · Ran, T2.2

[143]
where M and n are constants depend on the geometry of the surface.

3
Nufree = 0.68 + 0.67 · (RaL · R)0.25, T 2.3 [116],

[117],
[136],
[139]

whereR is a function tabulated asR = [1+ (0.495
Pr

)
9
16 ]

−16
9 . The characteristics

length for this model is calculated as Lc = A
2·(H+W )

, where A, H and W are
the module area, length and width, respectively.

4

Nufree−f = 0.13·(GrPr)1/3 − (GrcPr)1/3+0.56·(GrcPr·cosθ)1/4,
for θ < 60◦ T 2.4a

[126]

Nufree−f = 0.13 · Ra1/3, for θ ≥ 60◦ T 2.4b

Nufree−b = 0.56 · (Ra · cosθ)1/4, for θ < 88◦ T 2.4c

Nufree−b = 0.58 · Ra1/5, for 88oθ ≤ 90◦ T 2.4d

where Nufree−f and Nufree−b are the free convection Nusselt numbers for the
front and the back surfaces, respectively.

In this model the characteristics length is considered as the module dimension
in the direction of the natural air flow. In case wind direction is irrelevant, the
authors use the following form Lc = 4 · A/S, where S is the perimeter.

5
Nufree−f = [0.825 + 0.387Ra1/6

[1+(0.492/Pr)9/16]8/27 ]
2 T 2.5a

[7], [113]Nufree−b = 0.14[(GrPr)1/3 − (GrcPr)1/3] + 0.56(GrcPrcosθ)1/4 T 2.5b

In this model the characteristics length is considered as the module dimension in
the direction of the natural air flow.

6
Nufree = 0.825 + 0.387Ra1/6

[1+(0.492/Pr)9/16]8/27 , for Ra > 109 T 2.6a
[114]

Nufree = 0.68 + 0.67(cosθ)Ra1/4

[1+(0.492/Pr)9/16]4/9 , for Ra ≤ 109 T 2.6b

2. The subscript sky refers to sky.
3. The subscripts fs and bs refer to the PV module front surface and back surface, respectively.
4. The subscript rad− front refers to the radiation from the front surface of the PV module.
5. The subscript rad− back refers to the radiation from the back surface of the PV module.
6. The subscript mfsky refers to module front to sky.
7. The subscript mfgr refers to module front to ground.
8. The subscript mbsky refers to module back to sky.
9. The subscript mbgr refers to module back to ground.
10. Fmfsky =

(1+cos(βsurface))
2 , Fmfgr =

(1−cos(βsurface))
2 , Fmbsky =

(1+cos(π−βsurface))
2 , Fmbgr =

(1−cos(π−βsurface))
2 , where Bsurface is the tilt angle between the module and the ground.

11. The ground temperature (Tground [K]) is assumed to be equal to the ambient temperature
(Tambient [K]).

12. Some authors define the radiative heat transfer coefficient (hrad) as: hrad = σ · Fxy · ϵx · (T 2
x +

T 2
y )(Tx + Ty); therefore, the heat energy per unit time per unit area is qrad = hrad(Tx − Ty)
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Table 4.4: Forced convection equations.

# Used expression Eq. # Ref.

1 The authors chose hc,forced to be 2Wm−2K−1 as a constant value. T 3.1 [138]

2
cpair · ρair = 1300.37 − 456864 · |Tf | + 0.0116391 · T 2

f T 3.2a
[117]hc,forced =

cpair·ρair·0.931·( νw·wν
Lc

)0.5

Pr
2
3

T 3.2b

where cpair · ρair is the specific heat and density product that found by curve
fitting. The heat transfer coefficient is assumed to be the same from both sur-
faces; therefore, the overall coefficient will equal to the value determined in
the above equation multiplied by 2.

T 3.2c

3

hc,forced = 3.83 · ν0.5
w · L−0.5, for Lc/L ≥ 0.95 T 3.3a

[126], [145]
hc,forced = 5.74 · ν0.8

w · L−0.2, for Lc ≪ L T 3.3b

hc,forced = 5.74 · ν0.8
w · L−0.2 − 16.46 · L−0.1, for Lc/L < 0.95 T 3.3c

where L is the normal length of the PV module and the characteristics length
in this model is determined as Lc = Rec · v/νw .

4 hc,forced =
0.931ρairvCpRe1/2

LcPr2/3 . T 3.4 [113], [136],
[139]

5
hc,forced = 5.6212 + 3.9252νw , for νw < 4.88m/s. T 3.5a

[140]
hc,forced = (3.290νw)0.78, for 4.88 ≤ νw < 30.48m/s. T 3.5b

6 hc,forced = 8.55 + 2.56νw . T 3.6 [141]

7 hc,forced = 2.8 + 3.0νw . T 3.7 [6]

8 hc,forced = kair

Lc
(2 + 0.41Re0.55). T 3.8 [54]

9
hc,forced = 2kair

Lc

0.3387Pr1/3Re1/2

(1+(0.0468/Pr)2/3)(1/4)
, for Re ≤ 5 · 105. T 3.9a

[114]
hc,forced = 2kair

Lc
Pr1/3(0.037Re4/5 − 871), for Re > 5 · 105. T 3.9b

4.5 Detailed construction of thermal model

Constructing the thermal model in this thesis is based on the approach of treating the PV module as a
single block of material and employing the HBE, including different heat transfer mechanisms. Figure
4.1 shows the thermal behavior of a PV module described by the HBE.

The model will provide the PV module junction temperature as well as the temperature difference
to both surfaces. Therefore, both front and back surface temperatureswill be estimated. This result will
be useful in the validation phase, to compare the back surface estimated temperature to the measured
one by a thermometer attached to the backside of the PV module. The model was constructed based
on different, already existing models from the literature (see Section 4.4). However, the new model
was constructed by incorporating sub-models of different existing models in a new and unique way to
yield improved accuracy. For this, different sub-models of the above-described models were combined
and tested, and the combination with the best accuracy was chosen for this thesis. The total absorbed
energy is consisting of two components (see Equation 4.8), which are given in the Equations 4.9 and
4.10:

qabsorbed = q1 + q2, (4.8)

q1 = αfg ·A · Φ, (4.9)

68



4.5. Detailed construction of thermal model

Table 4.5: Radiation thermal energy losses equations.

# Used Expression Eq. # Ref.

1

qrad = σ
(
Fmfsky ·ϵsky ·T 4

sky+Fmfgr ·ϵground ·T 4
ground−ϵmodule ·T 4

module) T 4.1

[138]
In this model, the temperature of the module back surface is assumed to be very close
to the building roof where the module is installed. Thus, the heat radiation exchange
between the module back surface and both sky and ground are neglected.

Tsky = (Tambien − δT ) for clear sky condition where δT = 20K,Tsky = Tambient

for overcast condition.

ϵsky = 0.95 for clear conditions; 1.0 for overcast condition, ϵground = 0.95,
ϵmodule = 0.9.

2

qrad−front = σ ·Fmfsky · ϵfront · (T 4
fs −T 4

sky)+σ ·Fmfgr · ϵfront · (T 4
fs −

T 4
ground)

T 4.2a

[117]

qrad−back = σ·Fmbsky ·ϵback ·(T 4
bs−T 4

sky)+σ·Fmbgr ·ϵback ·(T 4
bs−T 4

ground) T 4.2b

Tsky = (ϵsky · T 4
ambien)

0.25

ϵsky = 0.727 + 0.0060 · Tdew−c during daytime; 0.741 + 0.0062 · Tdew−c during
nighttime, where Tdew−c is the dew point temperature measured in degree Celsius.

The emissivity of front side (ϵfront) is between 0.9 and 1.

The emissivity of the back surface (ϵback) is assumed to be equal to the front glass
emissivity.

3

hrad−front = σϵfront[Fmfsky ·(T 2
fs+T 2

sky) ·(Tfs+Tsky)+Fmfgr ·(T 2
fs+

T 2
ground) · (Tfs + Tground)]

T 4.3a

[126]hrad−back = σϵback[Fmbsky · (T 2
bs + T 2

sky) · (Tbs + Tsky) + Fmbgr · (T 2
bs +

T 2
ground) · (Tbs + Tground)]

T 4.3b

Tsky = 0.0552 · T 1.5
ambien

ϵfront = 0.85, ϵback = 0.91.

4

qrad−front = σ ·Fmfsky · ϵfront · (T 4
fs −T 4

sky)+σ ·Fmfgr · ϵfront · (T 4
fs −

T 4
roof)

T 4.4a

[139]

qrad−back = σ · Fmbgr · ϵback · (T 4
bs − T 4

rack) T 4.4b

Tsky = (Tambien−δT ) for clear sky condition in which δT = 20K,Tsky = Tambient

for overcast condition.

ϵfront and ϵback is between 0.9 and 1.

Fmbgr = 1, Fmbsky = 0.

The rack temperature Track is approximated to be equal to the ambient temperature.
The roof temperature Troof is calculated as Troof = Tambient + αrΦh, where αr is
the roof absorptivity coefficient and Φh is the incoming total solar irradiance on the
horizontal plane.

5
Same Equations T 4.2a and T 4.2b

[114]ϵfront = 0.91, ϵback = 0.85.

Tsky = 0.037536 · T 1.5
ambien + 0.32 · Tambien
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q2 = τfg · αPV ·A · Φ · (1− η), (4.10)

where q1 is the rate of thermal energy absorbed by the tempered glass layer [Wm−2], q2 is the energy
absorbed by the semiconductor layer [W m−2], τfg is the transmittance of the glass layer [-], αfg and
αPV are the absorptivity of the front glass and semiconductor layers [-], respectively.

Glass Cover

Front EVA

PV Layer

Back EVA

Tedlar Polymer Layer

PV layer
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front surface temperature
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back surface temperature

Radiation Losses

Radiation Losses

Incoming Irradiance
Convection Losses

Convection Losses

Power Out

Figure 4.1: A schematics approximation for the PV module thermal condition.

In this thesis, I consider a static model; I assume that the module output power predicted by
the proposed model is required only with a time resolution that enables the temperature to reach a
steady state. Therefore, the HBE component, which is related to the material’s thermal capacity, is
neglected, and the converted energy is limited only to the produced electrical component, which is
given in Equation 4.11

qconverted = τfg · αPV ·A · Φ · η, (4.11)

The radiation heat losses through both front and back surfaces are calculated using Equation 4.12
and 4.13, respectively [117].

qrad−front = σ · Fmfsky · ϵfront ·A · (T 4
fs − T 4

sky) + σ · Fmfgr · ϵfront ·A · (T 4
fs − T 4

ground).(4.12)

qrad−back = σ · Fmbsky · ϵback ·A · (T 4
bs − T 4

sky) + σ · Fmfgr · ϵback ·A · (T 4
bs − T 4

ground). (4.13)

The view factors are calculated using the expressions given in Section 4.4.3.3 (point number 10).
The sky temperature is, Tsky = (Tambient − δT ) for clear sky condition where δT = 20K,Tsky =
Tambient for overcast condition [138]. The ground temperature is assumed to be equal to the ambient
temperature.

Both free and forced convection mechanisms are considered in creating this thermal model. Their
overall effect is calculated by combining their effect using Equation T 1.2 from Table 4.1. I treat the
front and back surfaces individually for both mechanisms because the properties of the film layer at
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the boundary of each one are different. The free convection heat loss is determined using Equations
4.14 to 4.18, in which the subscript x refers to the front (f ) or back (b) surface; therefore, during
implementation, the equation has to be rewritten for each surface.

Grx =
g · ρ2air,x · cos(θ) · βx ·∆T · L3

c

µ2
air,x

, (4.14)

Rax = Grx · Prx, (4.15)

Nufree,f = 0.27 ·Ra0.25f , (4.16)

Nufree,b = 0.54 ·Ra0.25b , (4.17)

hfree,x = Nufree,x
kairx
Lc

, (4.18)

For estimating the forced convection coefficients (for both surfaces), I modify the expressions used
by Kayhan [54], given as:

Rex =
Vw · Lc · ρairx

µx
, (4.19)

hforced,x =
kairx
Lc

· (2 + 0.41 ·Rex) ·Hx. (4.20)

The introduced modification can be seen in Equation (4.20) where I added a novel coefficient (H
[-]), which is defined as the forced convection adjustment coefficient for both front and back surfaces.
This coefficient modulates the relationship between the tilt angle and the wind effect on the amount
of heat loss by forced convection. This coefficient is calculated as:

Hf = (1 + cos(βsurface))/m, (4.21)

Hb = (1− cos(βsurface))/m, (4.22)

where m is an dimensionless empirical factor estimated with the help of measurement data. The
following points explain the fundamental concept behind the coefficientH by considering PVmodule
mounted with different tilt angles and assuming that the value ofm is equal to 2.
• 0◦ tilt angle:

– The front surface will undergo a maximum effect of the wind that will sweep the hot air
away. This fact is ensured by Equation (4.21), which will be evaluated to 1. The expression
used for calculating the heat loss by forced convection will not be disturbed by the tilt angle.

– There are two facts for a typical PV system: First, the system consists of many PV modules
with a defined density. Second, PV modules are mounted close to the ground in case of
flat and small tilt angles. Therefore, the wind will have no considerable effect on the back
surface of the PV module. Equation (4.22) will be evaluated to zero for a flat surface; that is,
the forced convection heat loss from the back surface will be neglected in this case.
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• 60◦ tilt angle:
– This implies that the wind will face resistance from the front surface of the PV module

compared to the case of flat mounting. Therefore, reducing the ability to sweep out the hot
air away from the surface. Equation (4.21) will be evaluated to 0.75. The tilt angle will be a
reason for reducing the amount of heat loss by forced convection.

– The lower surface will be facing thewind, whichwas not the case for a flat-mountedmodule.
Equation (4.22) will be evaluated to 0.25. Thus, heat loss by forced convection ismuch higher
compared to flat or small tilt angles. However, it is still lower compared to the front surface.

• 90◦ tilt angle: Both front and back surfaces will be directly facing the air flow. Therefore, neglect-
ing the wind direction for its minor effect compared to its speed [32], [129], the wind will equally
act on both surfaces. Both Equations (4.21) and 4.22 will be evaluated to 0.5.
Therefore, I consider that the PV module tilt angle will control the amount of heat losses from

both surfaces. For tilt angles between 0◦ and 90◦, the front surface heat loss by forced convection
is higher compared to the back surface. Increasing the tilt angle (within this range) produces lower
forced convection heat loss from the front surface and higher from the back surface.

I claim that m is a factor that affects the relationship between the tilt angle and the heat loss
by forced convection by involving other installation parameters. These parameters include the PV
modules installation density, the elevation from the ground and the thickness at the module edges at
which the wind speed drops to zero. From experience, I found that this empirical factor has a value
in the range between 1.5 and 2. Therefore, this thesis considers scanning this range with a specific
resolution and running themodel for each value. By increasing the resolutionmore, the value of m can
be determined more accurately. Based on experience, I consider 0.1 as a resolution value considering
a trade-off between the computational cost and accuracy. Therefore, I consider running the thermal
model six times, after which, I decide what is the best value form (by monitoring the error indication
parameters) to be fixed for the module under investigation.

Once I have the value of the empirical factor m, I substitute it in Equations (4.21) and 4.22 to
determine the forced convection adjustment coefficient for the front and back surfaces, respectively.
For each surface, the overall convection coefficient and the corresponding rate of convection thermal
energy losses can be calculated using the Equations T 1.2 from Tables 4.1 and 4.6. The proposed model
also considers the following points.
• The characteristics length Lc is considered as the longest dimension of the PV module.
• The model operates to determine the PV electronic junction temperature. This temperature is

correlated to the front and back surfaces employing temperature differences. Each temperature
difference is defined as the total heat losses from the corresponding surface multiplied by the
thermal resistivity of half of the PV structure (the volume between the half of the semiconductor
layer plane and the corresponding surface plane), as shown in Figure 4.1.

• The Newton–Raphson iterative method is employed to solve the model and calculate the output
PV layer, front surface and back surface temperatures.

• Therefore, with each iteration, Equations 4.23 and 4.24 are evaluated to calculate the front and
back surface temperatures, respectively,

∆Tf = qfront−total ·Rf . (4.23)

∆Tb = qback−total ·Rb. (4.24)

where qfront−total and qback−total are the total thermal losses from the front and back side of
the PV module [W m−2], respectively. Rf , and Rb are the thermal resistivity of the PV module,
between the front and back surfaces and the active layer [m2 K/W], respectively.
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Table 4.6: PV modules technical specifications, physical and installation parameters.

Parameter Polycrystalline Amorphous

Module dimensions 1645 × 990 × 50 mm 350 × 300 × 25 mm

Front side Tempered glass Tempered glass

PV layer Polycrystalline Silicon Amorphous Silicon

Encapsulating material EVA EVA

Back side Tedlar Tedlar

efficiency 12.64% 11.5%

Tilt angle 20 47

αfg 0.04 0.04

αPV 0.93 0.93

τPV 0.94 0.94

ϵfront 0.91 0.91

ϵback 0.85 0.85

4.6 Results and discussion

This model has been verified using a polycrystalline and an amorphous PV module. The verification
data of the polycrystalline module has been taken from a reference [118]. Our measurement system
has been used to collect the amorphous module verification data. This measurement system provides
data such as PVmodule back surface temperature, full I-V curve, global solar irradiance, ambient tem-
perature and wind speed. The global irradiance was measured by Delta Ohm LP RAD 03 pyranometer
that detects solar irradiance within a range of 0–2000W/m2. The temperature of the PV module is
recorded using a circuit board attached to the backside of the module with a thermally conductive
adhesive. The circuit includes a temperature sensor IC (MAX6603ATB+T). The accuracy of the circuit
is ±0.8 ◦C at +25 ◦C. The ambient temperature is measured using PT100 resistance thermometers.
Wind speed data is taken from a wind turbine FD2.5-300 which is capable of measuring a range of
0–60m/s with an accuracy of ±0.3m/s. Table 4.6 shows the technical specifications and physical
parameters of both modules, which are required for running the model.

To verify the model, I use measurement data, including irradiances, ambient temperatures and
wind speed that have been recorded for two different full days for each module. For the amorphous
module, the two days were the 5th and the 11th of October. For the polycrystalline module, the two
days were the 3rd and the 26th of July. Themain difference between the two days of eachmodule is the
wind speed. The average wind speed is 6.14m/s on the 26th and 2.16m/s on the 3rd of July, while it is
2.05m/s on the 5th and 0.77m/s on the 11th of October. As mentioned in Table 4.6, each module has
a different tilt angle. Based on our experience, I claim that the module tilt angle significantly affects
the value of the thermal energy losses by forced convection. As described in the model introduced in
Section 4.5, I introduced a forced convection adjustment coefficient (H) and its empirical factor (m).
In this regard, I report that the value of m typically takes a value between 1.5 and 2. I calculate this
factor by scanning its range and running the model with a step of 0.1.
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4. Thermal Modelling of Photovoltaic Cells/Modules

For evaluating the proposed model and validating the results, I use two error indication param-
eters: the root mean square error (RMSE) and the correlation coefficient (r). These parameters are
used, as shown in Table 4.7, to compare the module’s back surface temperature for each day (en-
tire day measurement) of the two modules with the estimated values using the proposed model for
different values of m.

Table 4.7: Error quantifying indicators corresponding different m values.

Polycrystalline Amorphous

3rd July 26th July 5th July 11th July

m RMSE r RMSE r RMSE r RMSE r

1.3 1.724 0.997 3.099 0.964 1.455 0.965 2.089 0.966

1.4 1.329 0.996 1.740 0.989 1.312 0.971 1.906 0.969

1.5 1.051 0.997 1.090 0.994 1.208 0.976 1.832 0.970

1.6 0.927 0.997 0.937 0.997 1.140 0.978 1.707 0.972

1.7 0.964 0.996 1.228 0.997 1.106 0.980 1.646 0.973

1.8 1.126 0.996 1.558 0.997 1.101 0.980 1.577 0.975

1.9 1.315 0.996 1.891 0.996 1.119 0.979 1.585 0.975

2.0 1.534 0.996 2.216 0.996 1.310 0.971 1.606 0.974

Based on the results shown in Table 4.7, I chose a value ofm = 1.6 for the polycrystalline module
andm = 1.8 for the amorphous module to be used in this study, as these values give the best results.
Figure 4.2 shows both the measured and the estimated PV module back surface temperature for the
polycrystalline module for the two investigated days: 3rd and 26th of July. Each curve includes 120
points as a result of recording the temperatures every 5min between 9 am and 7 pm.
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Figure 4.2: Measured and estimated polycrystalline module backside temperature: (a) 3rd July; (b) 26th July.

Figure 4.3 shows both the measured and the estimated PV module back surface temperature for
the amorphous module, for the two investigated days, 5th of October (49 points between 9 am and
1 pm) and 11th of October (71 points between 9 am and 3 pm).
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Figure 4.3: Measured and estimated amorphous module backside temperature: (a) 5th October; (b) 11th October.

Figure 4.4 shows the absolute value of the temperature difference between the measured and es-
timated values of the back surface temperature using the proposed model for both modules. Figure
4.4(a) shows the absolute temperature different of Figure 4.2(a), while Figure 4.4(b) elaborate the re-
sults shown in Figure 4.3(a).
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Figure 4.4: Absolute values of the temperature difference between the measured and the estimated values: (a)
Polycrystalline 3rd July; (b) Amorphous 5th October.

Figure 4.5 shows the relationship between the junction temperature and both surfaces temper-
atures. It illustrates how these temperature differences are changing with the time of day. Hence,
providing a clear picture of the temperature profile across the PV module. The temperature differ-
ence to the front surface (∆Tf ) is ranges from 0.7 to 2.5◦C, with an average value of 1.86◦C. The
temperature difference to the back surface is between 0.22 and 1.67◦C with 0.96◦C as an average
value.

Figure 4.6 highlights the novel coefficient’s importance and the consideration of the tilt angle in
the forced convection introduced in this thesis. The same figure also shows the effect of neglecting
the wind in the thermal model. Figure 4.6(a) compares the measured back surface temperature (blue
colour) to the estimated temperature with the coefficient H (red colour), without the coefficient H
(black colour), and wind effect (green colour), for the polycrystalline module (measurements used for
3rd July). Figure 4.6(b) shows the absolute temperature difference, comparing different situations.
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Figure 4.5: Temperature difference between the electronic junction and the polycrystalline module (measure-
ments used for 3rd July) front and back surfaces: (a) Difference to the front surface; (b) Difference to the back
surface.
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Figure 4.6: Evaluating the effect of including H in the PV thermal model (the model applied for the polycrys-
talline module, measurements used for 3rd July): (a) Compares back surface temperatures; (b) Compares the
absolute error.

According to the results shown above, I summarize the discussion with the following points.
• One of the focus points of the proposed model is the special dependence of the forced convection

mechanism on the module’s tilt angle.
• Two modules made with different technologies and mounted with different tilt angles were used

to validate the proposed model.
• The forced convection adjustment coefficient (H) has been considered for this purpose, which

includes an empirical factor (m). I calculate this factor by scanning its range as discussed above.
• The model has been validated for each module using measurements of two days with different

average wind speeds.
• Table 4.7 shows the proposed model’s ability to estimate the temperature with high accuracy

characterized by the two error quantifying indicators, namely, RMSE and r. It is worth mention-
ing that the model provides a low error rate for all values of m. However, the highest accuracy
is realized at an optimum value of the factorm.
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• From Figures 4.2 and 4.3, we see that the model results represented by the backside estimated
temperature followed the experimentally measured values for PV modules of different technolo-
gies, different tilt angles and different wind speeds by measurements collected on two different
days for each module.

• Figure 4.4 shows the absolute difference between the measured and the estimated values using
the proposed model for both modules. Figure 4.4(a) shows that this value is always below 2 ◦C,
with an average value of 0.78 ◦C for the polycrystalline module (measurements used for 3rd July).
Figure 4.4(b) shows similar results for the amorphous module.

• Figure 4.6(b) shows the substitutional effect of the coefficientH on the thermal model, enabling
accurate temperature estimation for the PV modules. The same figure also shows that a large
error is produced in the case of neglecting the wind effect (neglecting the forced convection heat
transfer mechanism).

• Figure 4.5 shows that the temperature difference between the PV electronic junction plane and
both surfaces reaches their maximum values around midday. Both ambient and electronic junc-
tion temperatures are at their maximum values. This happens because the ambient temperature is
higher at midday; thus, the temperature difference between the module surface and the ambient
is smaller, reducing the rate of heat loss from the module to the surrounding.

• Table 4.8 shows the achieved accuracy of the proposedmodel using the twomodules under differ-
ent environmental conditions, represented by two introduced error quantifying indicators RMSE
and r.

• For the same module, typically, ∆Tf > ∆Tb. Therefore, the top surface temperature is slightly
lower than the backside temperature due to, relatively, more effective heat transfer mechanisms.

Table 4.8: Thermal model accuracy achieved for the two modules.

PV Module Date RMSE r

Polycrystalline-module
3rd July 0.927 0.997

26th July 0.937 0.997

Amorphous-module
5th October 1.101 0.980

11th October 1.577 0.975

The rest of this section is dedicated to highlighting the scientific improvement that has been
introduced in this work. I compared the proposed model and the results reported by different thermal
models from the recent and most accurate literature using various error quantifying indicators. In
this comparison, I will refer to the best results reported by the references and compare them to our
model using the measurement recorded on the 3rd of July for the polycrystalline module.
• Several thermal models found in the literature use the root mean square error (RMSE)

as an error quantifying parameter to validate the results. The models presented in
[121], [123], [127], [134]–[136], [140], [143], [146], [147] have reported RMSE values ranging
between 4.9 and 1.1◦C. However, in our presented model I report a value of 0.927 ◦C.

• The correlation coefficient (r) is another parameter used in the literature. Thermal model pre-
sented in [121], [127] reported r = 0.98, and 0.95 , respectively. In our thermal model, I calculate
a correlation coefficient of 0.997.

• The authors of [6] used the relative error to validate their proposed thermal model by compres-
sion with other models. They reported an average deviation of 2.7%. Calculating the same error
indication parameter using our proposed model gives 1.26%.
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4.7 Summary

In this thesis, I introduce a novel thermal model to predict the PV electronic junction, as well as the
front surface and back surface temperatures. The model has been verified using on-site measurement
for two modules made with two different technology and mounted at different tilt angles. The mea-
surements have been recorded for each module on two different days, between which the average
wind speed is the main difference. A novel concept has been introduced to consider the effect of the
module’s angle on the amount of heat loss by forced convection. The result presented in Table 4.8
shows that the model can estimate the PV module’s temperature with high accuracy, represented by
RMSE = 0.927◦C and r = 0.997 as the best results for both modules under the considered environmen-
tal conditions. From the same table, calculating the average of these parameters give RMSE = 1.1◦C
and r = 0.987, which are comparable to but slightly better than the best results found in the literature.
During the model validation phase, I found that obtaining a high level of accuracy is only possible
by including the novel forced convection adjustment coefficient (H). Using the same proposed model
without this coefficient gives RMSE = 3.02◦C when the model is applied to estimate the junction tem-
perature of the polycrystalline module (3rd July). The back surface temperature’s absolute differences
between the measured and the estimated values have been calculated for both modules, which give
an average value below 1 ◦C for both studied modules, considering the two-day measurements for
both.

Our contributions are summarized as follows:

Thesis 4 I have proposed an accurate and reliable thermal model that accounts for the com-
bined influence of tilt angle andwind velocity on the forced convection heat-transfer mechanism
to estimate the photovoltaic cell’s/module’s temperature.
4.1 I have constructed the proposed thermal model based on reviewing and determining the

best combination of many well-regarded sub-models for evaluating different heat-loss
mechanisms.

4.2 I introduced a new coefficient that models the relationship between the photovoltaic mod-
ule’s tilt angle and the forced convection heat-transfer mechanism.

4.3 I have concluded that the wind speed and the tilt angle are essential parameters in thermal
modelling photovoltaic devices.

4.4 I have proved that static modelling can be applied with sufficient accuracy for modelling
the daily temperature change of photovoltaic devices.

Highlights
• Proposing a thermal model by considering the photovoltaic device as a block influenced
by different heat transfer mechanisms.

• A single heat balance equation is employed in the model formulation.
• The recent and well-regarded literature has been reviewed, collecting the optimum for-
mulation combination of different heat transfer mechanisms.

• The relationship between the tilt angle and the forced convection heat transfer mechanism
has been defined for the first time, represented by a novel, newly introduced coefficient.

• The system installation parameters such as the density of photovoltaic modules, distances
between them, elevation from the ground, and structural parameters such as the module
thickness have been involved in the introduced thermal model by means of a newly de-
fined empirical factor.
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4.7. Summary

• Among the targeted research goals, I highlight:
– Accurately estimating the photovoltaic layer temperature.
– Investigating the effect of installation parameters, such as the tilt angle, on the pho-

tovoltaic device thermal behavior.
– Verifying and validating the presented thermal model by comparison to the mea-

surements and to the results reported in the literature.

Publications. The thesis main concept has been published [j4] in and [c6]. Some modelling con-
ceptual of the presented model has been employed in a combined electro-thermal model published in
[j5].
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Number of publications: 10

Number of peer-reviewed journal papers (written in English): 8

Number of articles in journals indexed by WoS or Scopus: 6

Number of publications (in English) with at least 50% contribution of the author: 9

Number of peer-reviewed publications: 10

Number of independent citations: 43
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This classification follows the faculty’s Ph.D. publication score system.
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