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ABSTRACT

The global share of photovoltaic electricity has been expanding at a breakneck pace with CAGR of 27% over
the last decade. This resulted in remarkable advancements in photovoltaic technology and design. The per-
formance of the majority of PV modules is determined in laboratories under controlled conditions. Perhaps
the climatic conditions on-site are not always stable when the PV module is installed. As a result, modules
are subjected to changing environmental stressors such as temperature, relative humidity, UV radiation, and
cyclic temperatures. Each of these environmental factors results in a distinct mode and mechanism of degra-
dation, resulting in a loss of performance over time. As a result, determining the rate of degradation of a
photovoltaic module is crucial for performance prediction and financial analysis.

Primarily, this research identifies a degradation model that is adaptable to various of photovoltaic technolo-
gies and designs while maintaining long-term accuracy such model is implemented into PVMD toolbox. We
use this model to explore the degradation of photovoltaic modules in a variety of locations around the world,
as each site has its own distinct environment. We explore a few well-known climates, namely tropical, steppe,
temperate, desert, and cold. According to the study’s findings, the lifetime of Col d > Steppe > Deser t >
Temper ate > Tr opi cal and inverse for degradation rates.

Financial analysis is critical for determining the value and social impact of a project. Thus, the levelized cost
of electricity metric is utilized to determine the economic value of photovoltaic modules under the various
climatic conditions indicated previously. To perform this study an LCOE model is incorporated in PVMD
toolbox consisting of economic and system variables along with growth rate per year parameter to determine
future costs of PV modules. Tropical, steppe, and cold regions are evaluated financially using a variety of eco-
nomic scenarios and discount rates in order to compare the effect of degradation on LCOE. Tropical zones
have the highest LCOE values and the greatest influence on LCOE when the scenario is changed. Cold zones
exhibit the greatest range of LCOE values in sensitivity analysis.

Finally, as crystalline silicon modules approach their theoretical limit, we discovered the tandem module in
quest of more efficient technologies. Due to its broad compatibility with silicon modules, this study focuses
on perovskite/silicon tandem modules. Despite this, new research indicates that perovskite/silicon tandem
modules are susceptible to degradation. As a result, a model is designed with the objective of assessing the to-
tal degradation of tandem modules. We focused on the ability of the perovskite layer degradation to affect the
overall degradation of the tandem module by employing normalized power in tandem degradation research.
To investigate correlations, the energy production loss owing to degradation in tandem modules is compared
to that of an independent crystalline silicon module. Following that, the LCOE of tandem modules is assessed
and compared to that of crystalline silicon modules in order to determine the economic impact. According
to the study, the perovskite layer in 4T tandem modules degrades at a greater rate than the perovskite layer in
2T tandem modules in order to maintain the same lifetime as independent crystalline silicon modules at the
location. When perovskite layers in 2T and 4T degrade at optimal rate, they reach economic equilibrium at
5% and 10% additional module cost over crystalline silicon module.
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ABBREVIATIONS AND SYMBOLS

STC: Standard Test Conditions PTC: PVUSA Test Conditions
IEC: International electrotechnical commission LCOE: Levelized cost of electricity
a-Si: Amorphous silicon CIGS: Copper indium gallium selenide solar

CdTe: Cadmium telluride c-Si; Crystalline silicon
KGPV : Köppe Geiger Photovoltaic PV: Photovoltaic

PET: Polyethylene Terephthalate EVA : Ethyl vinyl acetate
PID : Potential induced degradation IV: Current - Voltage

IC: Inter-connection circuit TCO: Transparent conductive oxide
PLR: Performance loss rates CSI: Clear sky index
PM: Performance metrics LR: Linear regression

CSD: Classical seasonal decomposition HW: Holt winter
STL: Seasonal trend decomposition using loess GUI: Graphical user interface

TMY: Typical mean year GHG: Green house gases
NPV: Net present value

Wpeak : Rated MPP power Isc : Short circuit current
Voc : Open circuit voltage Pmax : Maximum power
Rsh : Shunt resistance Rs : Series resistance

FF: Fill Factor γ: Temperature cefficient
AC: Alternating current DC: Direct current
Y f : Final yield Yr e f : Reference yield

a: Slope b: Y-intercept
c: Frequency factor RMSR: Root mean squared error

Ea : Activation energy kh : Hydrolysis degradation rate
Kp : Photo-degradation rate kTm : Thermo-mechanical degradation rate
µ: Shape factor τ: Power susceptibility

UV: Ultra Violet radiation RH: Relative humidity
ki : Total or per mechanism degradation rate A: Arrhenius constant
n: Relative humidity impact factor X: UV impact factor
θ: Temperature impact factor Tm : Module mean temperature

Tmax : Module maximum temperature Tmi n : Module minimum temperature
CN : Cyclic rate AN : Normalized constant
P(t): Power at time t after degradation P0: Ideal power without degradation
Rd : Degradation rate TP: Temperature-precipitation zones

I: Irradiation zones AH: Tropical high radiation
BK: Desert very high radiation CH: Steppe high radiation

DH: Temperate high radiation EM: Cold medium radiation
r: Discount rate Et : Energy generated at year t

dt : Power loss in year t I0: Initial investment
It : Annual Investment Mt : Maintenance cost
T: Estimated operational duration BOS : Balance of system

PSTC : Power at STC conditions pvk: Perovskite layer
Si: Silicon layer pvk/si: Perovskite silicon tandem module

2T: Two terminal tandem module 4T: Four terminal tandem module
I1: Top layer short circuit current V1: Top layer open circuit voltage
I2: Bottom layer short circuit current V2: Bottom layer open circuit voltage

NP: Normalized power x: Additional manufacturing cost percentage
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1
INTRODUCTION

The status of renewable energy sources is given to pollution free energy resources such as the solar, wind, tidal
and biomass used for electrical generation. Renewable energy sources have exploded in popularity in recent
years, owing to the depletion of conventional fossil fuels and pollution. This advancement was made possi-
ble by the evolution of technology and the decisions made by policymakers [7]. Renewable energies have the
primary advantage of abundant supply, sustainability, and zero emissions. Solar energy, which is converted
to electricity using photovoltaic modules, is one of the most abundant renewable energy sources. Annual
installation volume of photovoltaic technology has surpassed 100 GW [8]. Crystalline silicon is now the dom-
inant technology in the PV market. Technical specifications defining these modules’ operational features are
validated in laboratories under STC circumstances. When these modules are put on-site, they are exposed to
harsh and uncontrollable environmental conditions, which adversely affect the module’s functionality. Thus,
makers of photovoltaic modules claim a general lifetime of 25 years and a degradation rate of 0.8% per year
when assessed under controlled settings. Due to the fact that environmental conditions differ globally, there
is a need for a consistent process for determining the degradation and lifetime of modules based on their
location.

Continuous cycles of environmental elements like as humidity, UV radiation, temperature, and soiling can
have an influence on the module in both reversible and irreversible forms. Humidity, ultraviolet radiation,
temperature, and cyclic temperatures are all considered irreversible degradation factors, but soiling is con-
sidered a reversible degradation factor. Irreversible degradation factors result in degradation modes such as
delamination, corrosion, hot spots, and cell cracks, which significantly impair the modules’ performance [9].
As a result, accurate performance forecasting with degradation is critical for both the manufacturer and the
investor. At the moment, there are two approaches to resolving this issue: (1) simulating outdoor conditions
in acceleration testing facilities in accordance with International electrotechnical commission (IEC) stan-
dards, and (2) using mathematical models to estimate module degradation rates [10]. Due to the inability of
testing facilities to adequately simulate outdoor conditions, mathematical models are necessary. Mathemat-
ical models are developed in one of two ways: physically or data-driven. The physical method is represented
by the degradation mechanisms involved, while the data-driven approach is represented by the long-term
monitoring of performance data from the location. Data-driven models are site-specific and incorporate
operational data, making them precise. A key difficulty is the lack of long-term performance data for all tech-
nologies in all the locations. A physics-based model is built for indoor acceleration test facilities, making
them adaptable with any type of photovoltaic technology and different stress factors, with the problem being
the model’s accuracy due to the controlled environment of acceleration tests [11]. As a result, a hybrid model
is required that incorporates both data-driven precision and physics-based compatibility. Recent research on
hybrid models has resulted in the presentation of few models by Bala Subramaniyan [12] and Ismail Kaaya
[5]. In this thesis, we integrate Ismail Kaaya’s hybrid model into the PVMD toolbox and assess degradation
under a variety of environmental conditions around the world.

The system’s energy output decreases over time as degradation caused by various mechanism giving rise to
different modes have an effect on the module’s performance. Economic estimations made previous to in-
stallation would become unstable as a result of this occurrence. Therefore it is vital for the investor to incor-
porate degradation into the economic assessment. There are several economic measures that can be used
for financial assessment, but the most commonly used statistic for comparing the costs and performance of
renewable energy sources is the levelized cost of electricity (LCOE). It is computed by using the investment
cost of the complete system and the amount of energy generated by the system over its lifetime [13]. The
reliability of PV modules owing to degradation is a significant component in determining the levelized cost
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of energy (LCOE) based on the energy production parameter. Climates such as hot and humid in tropical lo-
cations have demonstrated significant degradation, with PV products having a limited lifetime and not living
up to the manufacturer’s warranty. Investigating LCOE values and variation in such location can be pivotal.
Because degraded modules must be replaced at the end of their useful life, applying a replacement factor
can precisely compute the LCOE of the plant in the site. As a result, in our thesis, we incorporate financial
analysis of LCOE into the PVMD toolbox, along with a degradation factor and a replacement parameter used
to forecast the future cost of PV module that are to replace degraded modules.

In 2015, at the COP21 climate change summit in Paris, InstitutPhotovoltaqued’Ile-de-France (IPVF) set the
30/30/30 target of producing photovoltaic modules with energy conversion efficiencies greater than 30% for
0.30$ per Wpeak by 2030 [14]. Crystalline silicon technology has achieved its zenith, achieving their theo-
retical maximum of 29%, necessitating the development of new technologies to push beyond these bound-
aries. Tandem modules are one such technology, in which different cells are placed one on top of the other
to reach high efficiency that beyond the theoretical limits of crystallin silicon cells. Perovskite cells have the
generic structure ABX3, with A representing an inorganic cation (often lead), B representing an organic cation
(methylammonium), and X representing a halogen anion (halogen group elements). Due to their ability to
react to a broad spectrum of wavelengths, flexibility, tunable bandgaps, and transparency, perovskite cells in
combination with silicon cells have been a game-changing tandem structure [15]. Perhaps even perovskite
suffers from the drawback of degrading in the presence of environmental stressors such as moisture. As a
result, we develop a mathematical model to evaluate the degradation of perovskite silicon tandem modules
into the PVMD toolbox in this work. Further explore the overall variation in performance of the power and
energy generation in tandem module due to the different degradation rates of perovskite layer. To assess the
costs and benefits of tandem modules, these predicted performance characteristics are compared to those of
crystalline silicon modules.

1.1. THESIS OBJECTIVES:
The primary objective of this thesis is to analyze the yield of photovoltaic modules made of crystalline silicon
and perovskite/silicon tandem modules subjected to degradation and to conduct financial analysis under a
variety of climatic circumstances. As a result, the primary objective of the research is:

“Evaluate lifetime yield of crystalline silicon and perovskite/silicon tandem module along with financial
analysis and implementation in PVMD Toolbox“

The following subgoals were established to aid in the achievement of the project’s primary objective:

Objective 1: Implementation of degradation model for crystalline silicon modules and evaluation at vari-
ous climatic conditions

Identification and incorporation of an appropriate degradation model for crystalline silicon modules into the
PVMD toolbox as a new section named "DEGRADATION." The report’s literature review section explains why
the Kaaya hybrid model was chosen. For accuracy and precision, the model was evaluated using data from
the reference article and from independent sources. Various locations throughout the world are used to im-
itate different climatic zones according to the KGPV classification. These locations are computed in order to
investigate degradation and lifetime.

Objective 2: financial assessment modelling of LCOE included with degradation and replacement param-
eter

As a financial metric, the levelized cost of electricity (LCOE) is utilized. In the Toolbox, a section titled "LCOE"
is established where the LCOE mathematical model is used in conjunction with the degradation parameter
to calculate energy produced as a function of time and the replacement parameter is designed as a mathe-
matical function to calculate the future cost of a PV module to replace degraded modules. Sensitivity analysis
is carried out by altering the discount rate variable.
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Objective 3: Application of degradation for perovskite/Si tandem module

This section discusses tandem perovskite/silicon cells. The pre-existing "ELECTRICAL" section of the PVMD
toolbox has been upgraded to incorporate degradation into IV parameters in order to examine tandem mod-
ule performance over time. The linear degradation of the perovskite layer is projected to occur in conjunction
with the non-linear power loss of the silicon bottom cell as calculated using the Kaaya model. The results
include an investigation of the normalized power, energy produced per year, total energy produced over a
lifetime, and levelized cost of electricity (LCOE) as function of degradation rates of perovskite top layer for a
perovskite/silicon tandem module.

1.2. OUTLINE OF THE PROJECT:
This report contains five chapters, as detailed below:

Each chapter is provided with respective introduction and conclusion

Chapter 2 provides details on various degradation model available, including physical and data-driven mod-
els, and their associated drawbacks. The final sub-section details the knowledge gaps and their solutions.

Chapter 3 explains the degradation model that was selected to address the knowledge gaps revealed in the
previous chapter. It describes the model’s implementation in the PVMD toolbox and the analysis of degrada-
tion in various climatic zones, thereby achieving the first objective.

Chapter 4 discusses the second objective in detail, specifically the significance of the LCOE. Application of
the LCOE model to the PVMD toolbox with degradation and replacement parameters included.

Chapter 5 discusses the application of degradation into IV parameters to study the performance and behavior
of perovskite/silicon tandem modules in response to changes in the degradation rate of the perovskite layer,
as well as the LCOE calculation for tandem modules.



2
LITERATURE REVIEW

This chapter gives an overview of various core concepts related to the current topic along with available liter-
ature data. The section 2.1 discusses various degradation modes in photovoltaic modules, the section 2.2 dis-
cusses the stressors causing degradation, the section 2.3 discusses power degradation due to various degra-
dation mechanisms and climates, the section 2.4 discusses the degradation rates of IV parameters specific to
technology and climate, and the section 2.5 discusses methods for calculating degradation rates.

2.1. DEGRADATION MODES IN PV MODULES

The sections that follow provide an overview of various irreversible degradation modes.

2.1.1. DELAMINATION

When the adhesion between the various layers of the photovoltaic module, such as the glass, the encapsu-
lant, the photovoltaic cell, and the back layer, is weakened, delamination of the layers occurs. Additionally,
delamination results in the collection of contaminants, such as moisture, which causes corrosion[16].

2.1.2. BACK-SHEET ADHESION LOSS

It is similar to delamination; typically, the phrase ’delamination’ refers to front side adhesion loss, whereas
’back-sheet adhesion loss’ refers to rear side adhesion loss. The rear sheet shields electrical components
from environmental damage. Generally, the back sheet is made of Polyethylene Terephthalate (PET) material,
which is susceptible to delamination when exposed to UV light. There have been proposals to make the rear
sheet of glass, but this may fail owing to breakage. This breakage is result of poor mounting, hail, wind-driven,
or mechanical stressors. Cracks in the glass may allow current to pass through, resulting in an electric arc. If
the delamination occurs in close proximity to the junction box, it could be dangerous. Because of moisture
accumulation in these areas, eventually creating a straight channel to the ground[17].

2.1.3. EVA DISCOLORATION

Between the glass and the photovoltaic cells, an Ethyl Vinyl Acetate (EVA) layer is employed to protect the
photovoltaic module from environmental degradation. When EVA is exposed to heat and UV radiation over
an extended period of time, acetic acids can develop, resulting in discolouration. This degradation is respon-
sible for the loss of short circuit current[18].

2.1.4. CELL CRACKS

PV cells are extremely fragile, which makes them susceptible to cell breaks. Numerous manufacturing pro-
cedures can result in cell cracks that are invisible to the naked eye. Minor cell cracks that are not visible to
the human eye have a significant probability of developing into longer and broader cracks later causing large
power loss[19].

2.1.5. SNAIL TRACKS

This mode of failure is characterized by the discoloration of silver paste on the front metal connectors of pho-
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tovoltaic cells. Snail trails vary in intensity and speed according to environmental variables. They generally
develop more rapidly in warmer settings. This failure is mainly dependent on EVA and back-sheet materials
rather than the type of silver used[20].

2.1.6. POTENTIAL INDUCED DEGRADATION

Potential induced degradation (PID) occurs as a result of the potential difference between the module’s cell
and frame. PID degradation occurs in two distinct forms: (1) PID-p and (2) PID-s. PID-p degrades the passi-
vation layer in a reversible manner. PID-s, on the other hand, is an irreversible degradation process triggered
by sodium ion diffusion into the silicon lattice, creating a shunt channel. It is discovered that PID has a de-
clining effect on fill factor, open circuit voltage, and short circuit current.[21].

2.1.7. DISCONNECTED CELL AND STRING INTERCONNECTION

Each cell in the photovoltaic module is connected to the next cell in a pattern from front to back. Frequently,
these cell-to-cell connections have a weak point as a result of insufficient soldering during the production
stage. These weak points are prone to fatigue failure as a result of temperature cycling or as a result of a hot
spot created by partial shade, which causes mechanically weak kinks to break[22].

2.2. PHOTOVOLTAIC DEGRADATION BY STRESSORS

The major stressors that contribute to the degradation of photovoltaic modules include temperature, humid-
ity, temperature cycling, dust, snow, and solar irradiation. Among these climatic challenges, we are particu-
larly interested in mechanisms of irreversible degradation that result in permanent losses in the photovoltaic
system. In this case, we include temperature, temperature cycling, humidity, and UV impacts as elements
that contribute to permanent degradation. The other stressors, such as dust and snow, are excluded since
their impacts can be minimized by scheduling periodic maintenance on the site. With time, the intensity of
these climatic stresses on photovoltaic modules increases, resulting in a decrease in their performance. Ac-
curate forecasting of PV module yield is critical for distribution and financial planning. As a result, modeling
of these degradation rates becomes critical.

Degradation can occur at any level of the photovoltaic system, including the cell, module, array, and system.
The following are some of the degradation modes that result in irreversible degradation: corrosion, fractured
cells, and light-induced degradation at cell level; and delamination, connector breakage, glass breakage, dis-
colouration, diode failures, moisture ingress, and hot-spots at the module level[23]. The figure 2.1 illustrates
several climatic stresses that contribute to each degradation mechanism.

Figure 2.1: Degradation mechanisms with respect to stress factors.

2.2.1. EFFECT OF DEGRADATION MODES ON IV PARAMETERS

The I-V characteristic analysis has always been regarded as the most effective method for determining the
influence of each type of degradation on the module’s power output. The I-V parameters are as follows:
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short circuit current, open-circuit voltage, fill factor, and maximum power point as shown in figure 2.2a. By
defining the slope at each intercept, we can gain additional insight into the degradation process. The slope
at the horizontal intercept(i.e. open circuit voltage) determines the circuit’s series resistance, whereas the
slope at the vertical intersection (i.e. short circuit current) defines the circuit’s shunt resistance 2.2b. As series
resistance increases as a result of corrosion and connect failures, the slope at the horizontal point increases
(red curve in figure 2.2b), resulting in a decrease in fill factor. With more shunt routes available for current
to bypass the active circuit, the shunt resistance decreases. As shunt resistance reduces, current leakage
increases, as illustrated by the blue curve in the figure 2.2b [17].

(a) IV parameters.
(b) Series and shunt resistance of IV parameters.

Figure 2.2: IV parameters and behaviours.

The modes of degradation for each IV parameter are listed below [17].

• Short- circuit current Isc deviation is illustrated in case S1 in table 2.3. This is frequently due to a de-
crease in transparency induced by browning and delamination. These factors have an effect on the
module’s optical characteristics.

• Open circuit voltage Voc deviation is illustrated in case S2 in the table 2.3. Voc decreases as a result
of bypass diode failure, short circuits, and cell connections failures. Additionally, it is influenced by
potential induced degradation (PID) and light-induced degradation (LID)

• Series resistance Rs deviation is illustrated in case S3 in the table 2.3. The rise in series resistance can
be attributed to an increase in interconnection resistance, loose joints, or corrosion.

• Shunt resistance Rsh deviation is illustrated in case S4 in table 2.3. Shunt resistance increases as the
number of shunt channels in the photovoltaic cell grows. Cell mismatch or non-uniform yellowing
may play a slight role in affecting the shunt resistance.
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(a) (b)

Figure 2.3: IV parameters effected due to various degradation processes.

2.3. PV DEGRADATION IMPACT ON POWER LOSS

This section describes the severity of each degradation’s impact on power loss. The severity of power is de-
termined by kuitche et al., as illustrated in figure 2.4a. The ranking is from 1 to 10, with 1 denoting the least
impact on power and 10 denoting the most impact on power. The impact of degradation modes on power
loss is depicted in figure 2.4b. The term ’Back sheet insulation compromise’ refers to adhesion loss, cracking,
peeling, and flaking, as well as weaker solder bonding caused by discolouration and thermal cycling. Addi-
tionally, hotspots and PID are thought to be significant drivers in power losses [24].

(a) Severity rank relative to power loss.

(b) Degradation relative to severity ranking.

Figure 2.4: Degradation as function power loss ranking.

2.3.1. DEGRADATION MODES

Degradation modes can occur at various stages during the PV module’s lifetime, as illustrated in figure 2.5.
The degradation process that occurs over the lifespan of a photovoltaic module is classified into three stages:
(1) Infant-failure (2) Failure in midlife; and (3) Wear-out failure. It is critical to note that we use the term fail-
ure rather than degradation, as DeGraff defined failure as the stage at which rated power falls to 80% of its
initial value ( which is degradation of 20% ). Infant failures occur at the beginning of the photovoltaic mod-
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ule’s lifetime and are typically caused by manufacturing or transportation problems. It is mostly comprised
of glass breakage, connector failure, loose frame failure, and delamination. The next stage is midlife failure,
which occurs between 11 and 20 years into the module’s working life. This stage of degradation is charac-
terized by PID, diode failure, and cell interconnection breakage. The final stage is wear-out failure, which is
characterized by cell cracks, delamination, and discolouration of the EVA [25].

Figure 2.5: Degradation mechanisms with respect to time.

2.3.2. DEGRADATION MODES ON THE EXPOSURE TIME AND CLIMATE

The figure 2.6a illustrates the number of modules affected as a function of exposure time. It is divided into
three categories: fewer than ten years, ten to twenty years, and more than twenty years. Color-coded degra-
dation processes are established, and degradations with identical mechanisms are assigned the same color.
Challenges such as delamination and backsheet insulation are highlighted in red. Green indicates hotspots
and potential degradation. The number of impacted modules, weighted according to the severity rating
stated above, is shown in figure 2.6b The fraction of modules weighted by severity and the total number
of affected modules given by figure 2.6a and presented in figure 2.6c. In a moderate climate, the major-
ity of modules exhibit encapsulant discolouration and delamination during the 11–20 year exposure period.
Perhaps, when weighted against its severity, the intensity of encapsulant discoloration reduced relative to de-
lamination and internal circuitry discoloration. When considering newer installations, they are significantly
impacted by hotspots and PID degradations once severity is taken into account, as illustrated in figure 2.6b.
Encapsulant discolouration, along with delamination, is the most typical mode of failure in hot and humid
climates and older installations. Hotspot,internal circuitry discoloration and J-box degradation are more se-
vere in newer systems. The majority of medium-aged installations are impacted by major delamination. In a
desert climate, older installations exhibit discoloration of the encapsulant [24].

Using all available data, a Pareto chart ( figure 2.7b) is created with two sections: (1) the last decade of data
and (2) the remaining data. It is the sum of the number of modules affected by a degradation weighted by
the severity of the degradation. As illustrated in figure 2.7a, We notice strong dominance of hot-spots, inter-
connection circuit (IC) discolouration, and PID throughout the last decade of data. We see domination by
major delamination and hot-spots in the remaining data, despite the fact that encapsulant discolouration
is more frequent but less extreme. In the thin-film module, considerable glass breakage, TCO discoloration,
and hotspot formation are detected[24].
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Figure 2.6: Degradation intensity as function of field exposure and climate.

(a) Pareto chart of the most significant degradation modes for all years for
crystalline silicon.

(b) Pareto chart of the most significant degradation modes for all years for
Thin film modules.

Figure 2.7: Pareto chart for degradation modes



2.4. DEGRADATION RATES OF IV PARAMETERS 11

2.4. DEGRADATION RATES OF IV PARAMETERS

Depending on the climate, all of the aforementioned degradation mechanisms result in a reduction in power,
short circuit current, and open circuit voltage. This section reviews the available literature on the effect of
climate and technology on IV parameter loss.

2.4.1. IV PARAMETER DEGRADATION RATES IN GENERAL

D.C Jordan et al. have conducted an extensive amount of research on the topic at hand. The consistent
pattern seen in mono and multicrystalline silicon is that the largest degradation occurred in Pmax and is ap-
proximately identical to the value of Isc , followed by FF and finally Voc . The majority of degradation occurred
in Isc as a result of EVA discolouration, broken cells, and delamination. The least degradation occurred in FF
as a result of corrosion and solder fracture, which resulted in an increase in series resistance[24].
The most frequently observed degradation in all thin film technologies (a-Si, CIGS, and CdTe) is that FF degra-
dations are greater than power degradation, which might be due to light-induced degradation in a-Si and
series resistance increase in CIGS.

2.4.2. DEGRADATION RATES OF IV PARAMETERS WITH RESPECT TO CLIMATE

In many climatic zones, Isc degradation is the most major influencing factor in power degradation for mono
and multi silicon technologies. According to current research, the Isc degradation rate is greater than the
power degradation rate in the desert climate, as illustrated in figure 2.8a. Additionally, it is noted that the
FF varies the most in polar climes compared to other climates. Probably as a result of snow accumulation
damaging the front glass/cells or as a result of connector fracture at lower temperatures caused by EVA’s brit-
tleness.
For thin-film technologies, it is observed that FF has a greater variation and influence on power degradation
in maritime and hot-humid zones than other factors, as illustrated in figure 2.8b.

(a) Mono and multi silicon modules degradation rates with respect to climate.

(b) Thin film modules degradation rates with respect to climate.

Figure 2.8: Degradation rates with respect to climate.

A correlation is drawn between the rate of power degradation and various IV parameters for mono and multi
silicon technologies, as shown in figure 2.9. It is divided into two zones: one that was hot and humid and an-
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other that is not. Perfect Correlation is depicted by a solid red line in the correlation graph since correlation is
a linear property, whereas no correlation is represented by dashed lines. The figure 2.9a demonstrates that the
majority of degradation data in hot-humid environments fall between the correlation and non-correlation
lines. It usually often follows correlation lines in another climate. Referring to Figure 2.9b, a considerable fall
in Voc is observed in a few cases in the hot-humid zone, most likely due to sub-string failure and the figure
2.9c reveals that FF degrades significantly in a hot-humid climate, most likely as a result of a rise in series
resistance[26][27].

(a) Correlation between power and Isc degradation rates. (b) Correlation between power and Voc degradation rates.

(c) Correlation between power and FF degradation rates.

Figure 2.9: Correlation between power and IV parameters.

2.4.3. OBSERVED DEGRADATION RATE’S

Many mono-silicon technologies degrade at less than 1% per year, while thin-film technologies degrade at
more than 1% each year. In terms of performance, amorphous silicon technologies have the highest scatter-
ing. Multi-silicon technologies have consistently demonstrated lower degradation rates than mono-silicon
technologies. After three years, CIGS technologies demonstrated a little improvement due to light soaking
[28].

Mono Crystalline silicon Reis et al [29] discovered a degradation rate of 0.4% per year during their exami-
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nation of a mono-silicon setup in Arcata, California, USA. According to Sakamoto and Oshiro, the average
degradation rate for mono-silicon technologies is less than 0.5% per year, with high losses in FF and Isc [30].
King et al [31] discovered a median degradation rate of 0.5% per year in mono technologies due to deteri-
oration of solder connections. The majority of research indicates that modules in open circuit situations
and with silicon encapsulant (as opposed to general EVA encapsulant) exhibit less degradation than modules
linked to an inverter. Realini et al, observed a small degradation rate of 0.2% per year in southern Switzerland
[32]. Saleh et al[33] reported that degradation in Libya’s arid climates was roughly 1% each year.

Amorphous silicon Dhere et al [34] reported a degradation rate of 0.5% per year in the hot-humid climate
of Florida, USA. Adelstein and Sekulic observed a 1% degradation per year in a triple junction roof configura-
tion [35]. McNutt et al. observed a degradation rate of greater than 1% per year for twin junction configura-
tions [36]. Apicella et al. reported a degradation rate of roughly 1% per year for single-junction configurations
in Italy[37]. We observe that rates in amorphous silicon vary widely, from less than 1% to greater than 1%.
Even though amorphous technologies degrade at a faster degradation than monocrystalline technology, they
compensate by being less expensive than monocrystalline modules.

CIGS and CdTe Musikowski [38] states that there were no significant degradation rates in the CIGS module
despite temperature and irradiation variations. Jordan et al. conducted a few observations in Colorado, USA
[28] the observations revealed no substantial change after five years of life. Foster et al. measured a degrada-
tion rate of between 0% and 1% per year for the deployed system in Mexico’s hot-humid climate [39].

2.5. DEGRADATION CALCULATIONS METHODOLOGIES

In general, two approaches are used to calculate the degradation rate of photovoltaic modules: a statistical
method [driven by performance data] and an analytical method [driven by physics].

2.5.1. STATISTICAL METHOD

These are empirical models that are applied on the PV system’s output data in order to calculate degradation
rates. The primary objective is to analyse the data and then distinguish the trend from seasonal variations and
noise. The slope of the trend is utilized to determine the performance loss rate(PLR). These models analyze
performance loss rather than module degradation, as performance data includes impacts such as shade,
soiling, module mismatch, and snow. Data is filtered and performance metrics are calculated prior to using
statistical models. Filtering techniques are applied in accordance with the irradiance or standard deviation
ranges. This is done to decrease sensor-generated outliers, noise, and other inhomogeneous data. After data
filtering, performance metrics are applied to the filtered data, and then trend and PLR are determined [1].

2.5.2. DATA FILTERING

PV time series are filtered to remove the influence of outliers and other external variables. Different irradiance
layoffs are used to reduce outliers. The first filter is 0 W /m2to eliminate data with little or no light discrepan-
cies. Following that, filters for low and high irradiance are applied. Finally, the data is subjected to clear sky
filters such as the clear sky index (CSI) and the Reno 5C of the PV lib. The CSI approach is based on the ratio
of measured irradiance to anticipated clear sky irradiance by weather models[40]. The 5C model employs a
moving average of magnitude and stability across the sensor’s lifetime and modeled irradiance data [41]. The
following figure illustrates all of the filters that have been applied.

Figure 2.10: Various filters applied to measured output data.
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2.5.3. PV PERFORMANCE METRICS

Certain performance parameters are subjected to statistical modeling. Due to the overwhelming amount of
output data, incorporating performance metrics(PM) simplifies the process. PM are applied on data over
a certain time span. For instance, data from each day of a month is averaged to provide a single number
for the month. There are three types of performance metrics: (1) evaluation of IV parameters; (2) empirical
parameters such as PVUSA, the 6 K model, and Sandia models; and (3) normalized parameters such as the
performance ratio[2].

IV PARAMETERS EVALUATION

All IV parameters are continuously recorded and performance degradation is reported. If there is a degra-
dation in performance, the modules are evaluated in indoor testing facilities. Nonetheless, transporting PV
modules from the field to the testing facility and back can be time consuming and may cause damage to the
modules during transportation[2].

EMPIRICAL PARAMETERS

The objective is to use empirical coefficients and weather data to compute performance characteristics such
as efficiency or maximum power. 6K model calculates performance as a function of irradiance and module
temperature using a relative efficiency metric associated to STC[42].

η(G ,T ) = 1+k1 ∗ ln(G)+k2 ∗ (ln(G)2)+k3 ∗T +k4 ∗T ∗ ln(G)+k5 ∗T ∗ (ln(G)2)+k6 ∗ (T 2) (2.5.1)

equation 2.5.1 is fitted to the output data in order to derive the empirical coefficients k1–k6. Normalizing the
irradiance and temperature by G = G AOI /GSTC and T = Tmod −Tstc . PVUSA, The power output is a func-
tion of the current and voltage. Current is believed to be a function of irradiance in PVUSA, but voltage is
assumed to be a function of module temperature, which is a function of irradiance, wind speed, and ambient
temperature[43][44].

PMPP =GPO A[A+B(GPO A)+C (Tam)+D(Uw )] (2.5.2)

The above equation is fitted to measured data in order to yield the coefficients A,B,C, and D. Following that,
these coefficients are utilized to determine monthly ratings at PTC ( Gptc = 1000 W /m2, Tptc = 20◦C , Uw=
1 m/s ). It should be emphasized that this approach has been refined specifically for crystalline silicon. An
extra coefficient E is utilized for thin films.

NORMALIZED METRICS

Due to the fact that this performance metric is a normalized value, it is extremely useful for comparing differ-
ent photovoltaic technologies and climates. It is a no-unit metric that has been modified for outdoor condi-
tions. The performance ratio (PR) is the most often used normalized performance metric. PR is calculated as
the ratio of final yield (Y f ) and reference yield (Yr e f ) as seen in equation 2.5.3. Depending on the application,
either measured AC power or DC power output can be used [2]. Belluardoet al. offered a corrected formula.
It is power corrected for irradiance and temperature at STC conditions, as shown in equation 2.5.4. γ is the
temperature coefficient of the photovoltaic module [45].

PR = Y f

Yr e f
= P AC /PSTC

GPO A/GSTC
(2.5.3)

PRT,Gcor r = Pmax
GSTC

G

1

1+γ(Tmod −TSTC
(2.5.4)

COMPARISON BETWEEN PERFORMANCE METRICS

The 6k model has more seasonal variations, with winter being noisier than summer. The performance ratio
model, called the XBX model, has a high degree of seasonality and possibly minimal noise. Even seasonality
can be suppressed when high irradiance filters are employed, however utilizing high filters may diminish
extrapolation data. The XBX and 6K models exhibit a nearly identical trend, with the XBX model exhibiting
fewer outliers. The figure 2.11 illustrates the comparison of several models as a function of the applied filter
and time [1].
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Figure 2.11: Various Performance metrics comparison[1].

2.5.4. STATISTICAL METHODS

The statistical approaches used to calculate performance loss have a significant effect. The purpose of statisti-
cal models is to analyze the slope of the trend curve (% per year) using a separate trend from the performance
metric produced in the preceding section. Several statistical models include linear regression, traditional
seasonal decomposition, holt-winter exponential smoothing, seasonal trend decomposition utilizing loess
(STL), and auto-regressive integrated moving average (ARIMA).

LINEAR REGRESSION MODEL

Linear regression (LR) is a first-degree polynomial model in which the polynomial is fitted to the PR data
after it has been filtered. In this equation, ŷ is the fitted value, a is the slope of the trend, and b is the line’s
y-intercept. LR fits the data using ordinary least squares, which minimizes the sum of squared residuals. It is
susceptible to outliers and seasonal volatility, and hence carries a high degree of uncertainty [46].

ŷ = at +b (2.5.5)

CLASSICAL SEASONAL DECOMPOSITION

The classical seasonal decomposition (CSD) technique is distinguished by the fact that it employs a con-
stant seasonal variation to mitigate the seasonality effect on fitting data. It derives the trend component
and seasonal index of data using a centered moving average. CSD is applied using the equation 2.5.6, where
ŷ represents the fitted value, Tt represents the trend, St represents the seasonality, and et represents the
residual components. It employs either an additive or multiplicative equation, depending on the seasonal
component’s stability [47].

ŷ = Tt +St +et

ŷ = Tt ∗St ∗et
(2.5.6)

HOLT WINTER MODEL

The Holt Winter model (HW) is a triple exponential model that is used to smooth seasonal variance. It ac-
counts for seasonal variance, as opposed to CSD, which is seasonal constant. The HW model employs the
equation 2.5.7, where lt denotes level, bt denotes slope, and st denotes seasonal components [48].

ŷ = lt +bt + st

lt =α(yt − st −m)+ (1−α)(lt−1 +bt−1)

bt =β(lt − lt−1)+ (1−β)bt−1

st = γ(yt − lt−1 −bt−1)+ (1−γ)st−m

(2.5.7)
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SEASONAL TREND DECOMPOSITION USING LOESS

Seasonal trend decomposition with Loess (STL) is a robust approach that is used to decompose time series
in a variety of ways. It smooths the data using locally weighted linear regression. A approximation of the
smoothed data is made using neighboring points within the range. STL employs the equation 2.5.8 , here Tt

is trend component, St is seasonal and Rt is residual components of time series[49].

ŷ = Tt +St +Rt (2.5.8)

ARIMA
ARIMA is the most precise model of the ones discussed thus far. It takes into account outliers, seasonal volatil-
ity, level shifts, and errors, and so lacks any form of auto-correction. ARIMA employs the equation 2.5.9, here
p,d,q denote the order, difference, and moving average of the autoregression, respectively. ARIMA defines P,
D, and Q as seasonal auto regressive order, seasonal differencing order, and seasonal moving average, respec-
tively [50].

Φ(T )φs (T s )∇d∇D
S yt = θ(T )θS (T S )eT (2.5.9)

PERFORMANCE LOSS CALCULATION

Using the statistical model stated above, PR data is classified as trend, seasonality, and noise. PLR is calculated
using the equation 2.5.10, here b denotes the y-intercept, a denotes the slope, and c is the frequency factor (
if the data is in intervals of months over an year - it is 12).

PLR = c ∗ a

b
∗100% (2.5.10)

The root mean squared error is used to quantify the disparity between fitted and measured data.

RMSE =
√√√√ 1

N

N∑
1

(x − x̂)2 (2.5.11)

COMPARISON AND FLOW CHART OF STATISTICAL MODEL

The comparison of all statistical models is shown in the figure 2.12. It should be remembered that SLR cannot
provide precise measurements. CSD is calculated using a moving average that excludes the earliest and last
few months of data. While STL and ARIMA produce the greatest results, one must keep in mind that ARIMA
is a computationally costly model[2].
The flow chart figure 2.13 depicts the complete process of statistical method development, from data collec-
tion to filtering, performance indicator development, and statistical model development [3].

Figure 2.12: Summary of different statistical models [2].

2.5.5. OVERVIEW OF STATISTICAL MODELS

For the long term, statistical models can accurately estimate performance losses (which encompass losses
in the entire system, such as inverter failures, shadowing, and mismatches). These models filter daily data
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Figure 2.13: Overview of Statistical data driven method [3].

and then interpolate monthly values using performance measures. In PM measurements, the trend is dis-
tinguished from seasonality and noise; the slope of the trend curve represents the degradation rate. Perhaps
statistical models demand a minimum of 3-4 years of measured data for each technology, and the results
should be site-specific.

2.5.6. ANALYTICAL MODELS

These models are generated through an understanding of the physical and chemical degradation processes.
Developed primarily to aid in the comprehension of experimental data pertaining to various degradation
processes. Fitting the model to the experimental observation yields the unknown parameters. Following the
derivation of unknown parameters, the model is applied to the appropriate weather conditions in order to
forecast degradation. These models can be used to forecast IV parameters such as Pmax , Isc , Rsh and Rs .
There are two types of analytical models: (1) degradation indicator models and (2) degradation rate models.
Models of degradation indicator discuss the degree of degradation in an indication such as power and current
etc. Models of degradation rate examine the rate of degradation of a specific indication [51].

CORROSION DEGRADATION MODELS

Corrosion weakens the metallic connections between the cells, resulting in a decrease in the adhesive strength
between the cell and the frame. This impact raises the module’s series resistance and results in leakage cur-
rent. Corrosion occurs in climates with high temperatures and humidity. High temperatures cause the back-
sheet or EVA to delaminate, allowing moisture to enter the module. This moisture combines with EVA to
generate acetic acid, which causes corrosion [52][53]. Power and resistance are used as degradation indica-
tors, and the following models are presented to fit the observed degradation pattern.

(1) Pan Model [54]:
Pmax

P0
= e−RD tβ (2.5.12)

(2)Braisaz Model [55]:

Pmax = 1+e−B

1+eRD t−B
(2.5.13)

Rs = R0 +eRD t−B (2.5.14)
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Pmax represents the output power at the highest power point, Rs represents the series resistance at time t,
P0 represents the initial power output at time zero, and R0 represents the initial series resistance at time zero.
β denotes the experimental parameter, B is the coefficient to be defined, and RD denotes the degradation
rate in percent per hour.
It is noted that the precision of fitting is dependent on the degradation pattern. Few degradation patterns
fit well described by the pan model 2.5.12, while others by the Braisaz model 2.5.13. It is critical to remember
that a flawlessly fitting model for historical data does not imply faultless forecasting, and these models are
ineffective for calculating long-term degradation.

The degradation rates utilized in the aforementioned models (equation 2.5.13 and 2.5.12) can be computed
using 3 degradation rate models which are a function of temperature and relative humidity. (1) the Pecks
model; (2) the Eyring model; and (3) the Exponential model [56] [57]. These are predicated on the premise
that the degradation rate is proportional to the module’s water content and that the rate constant has an Ar-
rhenius temperature dependence.

(1) Pecks model

RD.Peck = Ae
−Ea
KβT RH n (2.5.15)

(2) Eyring Model

RD.E yr i ng = Ae
−Ea
KβT − b

RH (2.5.16)

(3) Exponential Model

RD.E xp = Ae
−Ea
KβT em∗RH (2.5.17)

As the exponential model expresses relative humidity in exponential terms, it is found to be more sensitive
to relative humidity than other models. This sensitivity to relative humidity in addition to temperature may
result in inaccurate estimates. Pecks model exhibits consistent sensitivity to both temperature and relative
humidity.
A,n,b, and m are referred to as model parameters in each of the preceding models. The model parameters
(A,n,b,m) and activation energy (E a), are determined by fitting the equations 2.5.15, 2.5.16 and 2.5.17 to
observable experimental data. These can also be given on a logarithmic scale as the following equation to
aid with fitting comprehension. The data is plotted as lnRD versus 1/T , with the slope equal to Ea/Kβ and
intercept is ln A

lnRD.Peck = ln A− ln
−Ea

KβT
+n lnRH (2.5.18)

lnRD.E yr i ng = ln A+ (
−Ea

KβT
− b

RH
) (2.5.19)

lnRD.E xp = ln A− ln(
−Ea

KβT
)+ (m ∗RH) (2.5.20)

POTENTIAL INDUCED DEGRADATION MODELS

PID is formed as a result of a potential difference between structure of the module and cell. As previously
stated, there are two types of PID degradation: PID-P and PID-S. PID-p is a temporary and reversible degra-
dation, whereas PID-s is a permanent degradation [58]. PID-s occurs as a result of sodium ion diffusion into
the silicon lattice, resulting in current leakage due to shunting. Sodium ion diffusion has the greatest effect on
the cell’s fill factor, followed by open circuit voltage and finally short circuit current. PID can be triggered by
elevated temperatures, relative humidity, system voltage, or injected carriers [59]. The following are several
models for predicting PID degradation.

(1) PID-HACKE model [60]
Pmax

P0
= 1− Ae

−Ea
KβT RH n t 2 (2.5.21)

This model is frequently used to describe the initial phase of degradation dominated by PID-s because it fits
the initial phase of the PID sigmoid better than the stabilization phase. It is a parabolic model that fits the
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power degradation of c-si modules, as documented in report [60]. By fitting the equation to experimental
data, the A and n model parameters are determined. Parameters must be customized for each module tech-
nology.

(2) PID - Annigoni model [61] :

Pmax

P0
= 1− Ae

−Ea
KβT RH n t 2U (2.5.22)

It is a modified version of the PIDHACKE model (equation 2.5.21) that includes voltage (U). As with the prior
model, parameters are established through fitting to experimental data and then used to predict degradation
for needed climatic stress values.

(3) PID-Hattendorf model [62]:

Pmax (U ,T,RH , t ) = P0(1−P (t ))

P (t ) = P∞
1−e

t
τ1

1−e
t−t0
τ2

(2.5.23)

It is based on experimental data gathered by varying the humidity, voltage, and temperature and then deriv-
ing a matrix from them. The model parameters are determined by fitting the power degradation model to
experimental data using a variable voltage U and a constant RH-T.

(4) PID-Taubitz model [63] :
Shunting phase

Rsh(t ) = aS e
−t

bs (t ) (2.5.24)

Regeneration phase

Rsh(t ) =CR +aR e
t

bR (t ) (2.5.25)

Transition phase
Rsh(t ) = aT (T )(t +bT (T ))2 +CT (2.5.26)

Taubitz model is primarily concerned with calculating the shunt resistance created in the module as a re-
sult of PID. As illustrated above, shunt resistance is divided into three phases. Fitting for each module type
determines aS ,bS ,CT ,bT , aT (T ),bS (T ),bT (T ),CR and aR .

(5) PID-Braisaz model [55]:

Rsh(t ) = Rs h(0)

1+aRD t
(2.5.27)

RD = AU
B

1+e−C (RH)+D
e

−Ea
KβT (2.5.28)

Shunt resistance is described in this model as a function of voltage, relative humidity, and temperature. A,B,C,
and D are model parameters, U is the applied voltage, and RD is the degradation rate as a function of RH,T,
and U.

UV DEGRADATION

Continuous UV irradiation results in discolouration and delamination of the encapsulant [64][65]. These
kinds of degradation result in a decrease in short circuit current. UV degradation is shown to follow an expo-
nential rather than a linear trend.

(1) UV - Braisaz model [55]:
Isc (t ) = Isc(o) −aDUV (t )−b(1−e−C DUV (t )) (2.5.29)

DUV (t ) =
∫ t

0
E(u)×5.5%du (2.5.30)

DUV is UV dose measured in M J/m2 or kW h/m2.The model parameters are a,b, and C. 5.5% is the proportion
of the ultraviolet spectrum (280nm - 400nm) in the entire light spectrum E(u), according to article [66].
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DELAMINATION, SOLDER FAILURE AND CELL CRACKS DEGRADATION

(1) Coffin-masons equation [56]:

N = σ

(δT )β1
(2.5.31)

Delamination, solder failure, and cell cracking are all caused by temperature cycling. This model quantifies
the number of cycles required to reach failure. δT denotes the temperature range, whereas σ and β denote
the material and test setup parameters. This model is adjusted to add cycling rate, which is defined in the
following equation. where freq denotes the frequency of cycling and Ea denotes the activation energy.

N = σ

(δT )β1

1

f r eqβ
2

e
Ea∗11605
Tmax (K ) (2.5.32)

(2) Crack propagation model [55]

Ca(t ) =Ca(t −1)+ 1

x( 125
Ta

)m
(2.5.33)

This model determines the activation of cracks at time (t) and is used to simulate the degradation of short
circuit current caused by cell crack expansion. m is the model parameter, while x denotes the number of heat
cycles.

(3) Damage accumulation model [67]

D =C (δT )n(r (T ))me
−Q

KβTmax (2.5.34)

This model is used to determine the extent of solder fatigue. C is the scaling constant, Q is the activation
energy, r(T) is the number of times that temperature increases or decreases across the reversal temperature,
T is the period of year, and n and m are the model parameters identical to those in the coffin-mason equation.
(4) Backsheet degradation model

RD = I X (b +mT OW )(T f )
T−T0

10 (2.5.35)

It is used to calculate the degradation of backsheets. I denotes the intensity of light, X, b, and m denote model
parameters, TOW denotes time of wetness, and T f denotes a multiplier for the increase in degradation with
each 10°increase in temperature [68].

COMBINED DEGRADATION MODEL

Some authors have proposed models that take all climatic stresses into account when determining the degra-
dation rate.

(1) Gaines model
Pmax

Pmax(0)
= [1−RD t ]

1
β RD = A fT fR H fM fG f (2.5.36)

Gaines suggested this model for estimating power degradation while accounting for all climatic conditions.
where ft , fRH , fM fG f are temperature, relative humidity, mechanical stress, gaseous concentration, and ex-
cursion frequency influences. The article discusses the mathematical formulas for each stress element [69].

(2) Subramaniyan model [70]

Rate(T,δT,UV ,RH) =β0e
−β1

kβTmax (δTd ai l y )β2 (UVd ai l y )β3 (RHd ai l y )β4 (2.5.37)

Bala Subramaniyan suggested another model for estimating degradation rates that takes into account all en-
vironmental stresses. where Tmax denotes the daily maximum module temperature, δT denotes the daily
module temperature range, UVd ai l y denotes the daily average irradiance, and RHd ai l y denotes the daily av-
erage relative humidity. All β factors are estimated using fitted data.
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OVERVIEW OF ANALYTICAL MODELS

Along with IV parameters, an analytical model can be employed to determine degradation owing to a certain
degradation mechanism. Indoor experimental data are utilized to determine module characteristics, which
are then used to determine degradation under specified climatic conditions. Nonetheless, analytical mod-
els are accurate for short-term forecasting(1-1.5 year), and the majority of models developed for crystalline
technology are accurate. As a result, we require a model that can be used for long-term prediction while also
being compatible with a variety of technologies.

2.5.7. FUTURE GOALS(KNOWLEDGE GAPS)
Following an extensive examination of the literature, the following knowledge gaps are identified:

• While statistical models are accurate for long-term forecasting, they provide information on perfor-
mance losses (such as shading, module mismatch, and so on) rather than degradation owing to envi-
ronmental stress factors. Nevertheless, we are focused on models that describe degradation rate under
any environmental condition than in models that represent performance loss at a specific site.

• For investigation of specific module degradation, statistical models require at least 3-4 years of col-
lected data. This is not flexible enough for investigation because they require performance data for
each site to be evaluated. We are particularly interested in models that require little or no data.

• Analytical models are accurate for short-term forecasting of degradation caused by climatic stress fac-
tors but are insufficient for long-term forecasting. We require physical models capable of accurate
long-term forecasting.

• Analytical models are fitted models that are dependent on the degradation pattern. These models can
be modified to adapt to different technologies and degradation modes. As a result, we are interested in
models that are flexible to a variety of technologies and degradation modes.

• Hybrid models combining analytical and statistical models are investigated. These hybrid models have
the potential to increase accuracy for long-term forecasting and are compatible with a number of tech-
nologies. They accommodate for non-linear evaluation of power loss due to the variety of degradation
mechanisms produced by environmental conditions based on the technology and design.



3
DEGRADATION MODEL

The purpose of this work is to identify the computational approach for estimating photovoltaic module degra-
dation under a variety of environmental circumstances and to incorporate it into the PVMD toolbox. We se-
lected to address the gaps in knowledge identified throughout the literature research by implementing Ismail
Kaaya’s hybrid outdoor degradation model ( referred to as Kaaya model). This model considers the nonlinear
behavior of technology or design, the material evolution of solar modules, the accuracy of long-term forecast-
ing, and the possibility of location-independent evaluation. Additionally, we investigate the effect of various
environmental conditions on crystalline silicon module degradation.

3.1. METHODOLOGY

In this chapter, we will examine the properties of the Kaaya model. In Section 3.1.1, we provide the environ-
mental parameters that were taken into account when creating the model. In Section 3.1.2, we explain the
model’s features.

3.1.1. ENVIRONMENTAL FACTORS

Numerous environmental factors have an effect on the performance of a photovoltaic module in outdoor op-
eration. Several environmental stressors are identified as crucial for the primary degradation modes defined
in the preceding chapter 2.2. Temperature, relative humidity, UV radiation, and cyclic temperature all con-
tribute to the irreversible degradation of photovoltaic modules. It is crucial to keep in mind that reversible
degradation mechanisms caused by stress factors such as dust or snow are not included. As dust or snow
degradation can be avoided through routine module operational maintenance.

Figure 3.1: Environmental stress factors.

22
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3.1.2. MODEL ASPECTS AND ASSUMPTIONS

To account for all potential factors, a lengthy and complex simulation may be required. As a result, a few
simplifying assumptions are made [4].

• The degradation model for each process is considered to be an Arrhenius dependent equation. The
activation energy (Ea) contained in the Arrhenius equations can be used to characterize the material
dependence.

• Three degradation mechanisms are regarded to be the most prevalent: hydrolysis, photodegradation,
and thermomechanical degradation.

• All model constants are regarded to be same regardless of their location. These constants remain same
unless the module’s technology or design changes.

As stated below, certain aspects are taken into account. [4].

• Material impact: Due to the frequent updates to the materials used in photovoltaic modules, the mate-
rial impact parameter is considered while calculating degradation and measuring power loss via acti-
vation energy (Ea) and power susceptibility.

• Location conditions: Because photovoltaic modules are used in a wide variety of environmental con-
ditions found throughout the world. The settings are intended to take location-specific stressors into
account.

• PV technologies: Due to the fact that photovoltaic modules are classified according to their design
(glass-glass or glass-back sheet) and technology (crystalline silicon or thin-film etc). Shape factor (µ) is
used to account for these characteristics.

Figure 3.2: Aspects and Assumption of Kaaya model.

3.2. MATHEMATICAL MODELS

The mathematical model for each mechanism is determined by the combination of climatic stress elements.
These combinations were chosen because they correspond to separate modes, as demonstrated in figure 3.3,
and because controlled testing facilities are easily available in acceleration test laboratories. To begin, we use
indoor testing facilities to determine the impact constants (X,n, and thet a) in rate equations. The model is
then calibrated and applied to outdoor conditions to generate the outdoor parameters (τ and µ).

3.2.1. DEGRADATION MECHANISM MODEL:

The following equations are used to determine the degradation for three major mechanisms: hydrolysis,
photo-degradation, and thermo-mechanical degradation [4].

kh = Ah ∗Rhn
e f f ∗exp(

−Eah

kB ∗Tm
) (3.2.1)
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Figure 3.3: Characteristics of Mathematical model [4].

Rhe f f (%) = 100

1+98∗exp(−9.4∗ RH
100

) (3.2.2)

kp = Ap ∗UV X ∗ (1+ (Rhn
e f f ))∗exp(

−Eap

kB ∗Tm
) (3.2.3)

kTm = At ∗CN ∗ (273+∆T )θ ∗exp(
−Eat

kB ∗Tmax
) (3.2.4)

Stress parameters such as module mean temperature and relative humidity (RH) are taken into account in
the hydrolysis model expressed by the equation 3.2.1. UV and relative humidity are taken into account in the
photodegradation process (RH is included again since its interaction with UV results in degradation that is
not accounted for in the hydrolysis mechanism), as defined in equation 3.2.3. The thermomechanical degra-
dation mechanism given by the equation 3.2.4 takes cyclic temperatures into consideration.

Here, kh denotes the annual rate of hydrolysis degradation, kp denotes the annual rate of photo degradation,
and kTm denotes the annual rate of thermomechanical degradation. Arrhenius constants are defined as Ah

[year−1], Ap [m2/kW h] and At [°C−1/c ycle] constants. Eah ,Eap and Eat denote the activation energies of
the corresponding mechanisms. The Boltzmann constant is denoted by kB . n,X, and θ are impact factors
that reflect the influence of effective relative humidity [%], UV dosage [kW h/m2 − year ], and module tem-
perature ((Tm)[K]) on the module( these impact parameters are determined by indoor experimental data).
∆T = Tmax −Tmi n[K] is the difference in temperature between the location’s maximum and minimum tem-
peratures, CN [cycles/year] is the cycling rate, Tmax is the module’s greatest temperature in [K], and Tmi n is
the module’s lowest temperature in [K]. The table 3.1 holds the impact and module parameters’ values.

Table 3.1: Impact and model parameter values

Parameters Ah Ap At Eah Eap Eat n X θ CN AN

Values 4.91e7 71.8 2.04 0.74 0.45 0.43 1.9 0.63 2.24 1 1
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The total degradation rate for a module is calculated using following equation 3.2.5

kT = AN ∗
n∏

i=1
(1+ki )−1 (3.2.5)

where kT is total degradation, AN is normalization constant , n is number of degradation processes(3 pro-
cesses) and ki is the degradation rate per mechanism.

3.2.2. STRESS FACTOR MODELING

The stressors indicated in the equations 3.2.1, 3.2.3 and 3.2.4 are modeled using site-specific meteorological
data.

Module temperature: The temperature of the module is determined using a fluid dynamic model that incor-
porates conduction heat transfer to the environment, convection heat transfer due to ambient temperature,
radiation heat transfer from the module’s back, and front, as specified in equation 3.2.6 [71].

mc
dTM

dT
=αGM −hc (TM − ta)−εbackσ(T 4

M −T 4
g r )−εtopσ(T 4

M −T 4
sk y ) (3.2.6)

We shall investigate the steady state condition of the fluid dynamic model in this thesis project. As a result,
using steady state assumptions, equation 3.2.6 can be rearranged as equation 3.2.8. α represents the mod-
ule’s absorptivity, Ta represents ambient temperature, Tg r represents ground temperature, Tsk y represents
sky temperature, hc represents convection thermal coefficient, and hr,g r and hr,sk y represent radiative rear-
ranged terms for sky and ground. GM denotes the irradiation plane of the array, which is determined using
the sky map, sensitivity map, and solid angle indicated in the equation 3.2.7 [72].

GM =
∫

sk y
(sk ymap)(sensi t i vi t ymap)dΩ (3.2.7)

TM = αGM +hc Ta +hr,g r Tg r +hr,sk y Tsk y

hc +hr,g r Tg r +hr,sk y
(3.2.8)

Ultraviolet irradiation UV irradiation acquired through measurement generally encompasses UV radiation
between 280nm and 420nm. However, the stated model accounts for UV light between the wavelengths of
280nm and 400nm; thus, the mathematical model is employed to describe UV irradiation. The wald model is
used to simulate ultraviolet radiation as shown in equation 3.2.9 [73].

cte f f = max(0.1,mi n(ct ,0.7)

UVA = (7.210−2.365∗ cte f f )∗0.001∗EPO A

UVB = (1.897−0.860∗ cte f f ∗0.01∗EPO A

UVtot al =UVA +UVB

(3.2.9)

Relative humidity As shown in equation 3.2.10, relative humidity is computed using ambient temperature
and dew point temperature via water vapour pressure. Buck model is used to estimate the WVP [74] as pre-
sented in equation 3.2.11.

RH [%] = W V P (Tdew )

W V P (Tamb)
.100 (3.2.10)

W V P (T < 0) = 0.61115.exp((23.036− (T )/333.70).((T )/(279.82+ (T )))

W V P (T >= 0) = 0.61121.exp((18.678− (T )/234.84).((T )/(257.14+ (T )))
(3.2.11)



3.2. MATHEMATICAL MODELS 26

3.2.3. NON-LINEAR NORMALIZED POWER

Manufacturers of photovoltaic modules use power as a generic criterion to establish a guarantee. The power
loss curve might be linear, exponential, or step in shape. As a result, dealing with non-linearity is critical for
calculating power loss. To calculate power loss, a simple non-linear model is presented in the form of equa-
tion 3.2.12. P(t) signifies the output of the module at time t, including degradation, and P0 denotes the ideal
module’s output. ki signifies either the total degradation rate or the degradation rate by mechanism.

τ denotes power susceptibility, which is considered a material property. It is used to describe a performance
enhancement caused by material changes to a solar module. τ streamlines the process of computing module
parameters for each module using new material. µ is a form factor that takes nonlinearity into consideration;
it is a factor that is design and technology dependent. Module design, such as glass-glass constructions, re-
sults in fewer moisture routes, which results in increased degradation throughout the product’s later stages
of life. As a result of this, µ can be utilized to optimize the patterns of the degradation’s as shown in figure 3.4.

Figure 3.4: Shape factor µ variations [5].

The methodology is illustrated in figure 3.5, from the first data collection to the final computation of power
loss. The process is divided into five parts, as illustrated on the left of the flowchart: data processing, in-
put processing, degradation rate per mechanism processing, overall degradation rate processing, and power
loss and levelized cost of electricity (LCOE) processing. The data processing step takes meteorological data
and initializes all essential parameters using meteonorm software. The input processing step generates all of
the variables necessary for degradation analysis, including irradiation, relative humidity, UV radiation, mod-
ule temperature, and impact constants. The degradation rate per mechanism approach gives degradation
rates for hydrolysis, photo, and thermomechanical degradation depending on the prior process’s data. The
total degradation rate procedure adds the degradation rates of each mechanism together to get a single over-
all degradation rate. Annual normalized power estimates are generated by the power degradation process
utilizing the overall degradation rate, shape factor, and power susceptibility factor; these data can then be
used to calculate the LCOE and failure lifetime.

P (t )

P0
= 1−exp(−(

τ

ki ∗ t
)µ) (3.2.12)
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Figure 3.5: Methodology flowchart.

3.3. IMPLEMENTATION IN PVMD TOOLBOX

The model outlined is implemented in the PVMD toolbox via the methodology flowchart in figure 3.5. The
process flow is illustrated in figure 3.6; the initial graphical user interface (GUI) prompts the user to activate
the degradation model. The second graphical user interface requests information about the place and the
time period for which normalized power should be calculated. Following the model’s computation in the
outputs, we have two graphical representations and two MATLAB structural variables labeled DEGRADA-
TION_OUTPUT and NORMALIZEDPOWER_OUTPUT in the MATLAB workspace. The first graphical output
depicts the normalized power consumed by each mechanism over the module’s lifetime. The second graph-
ical output depicts the module’s normalized power consumption as a result of overall degradation and the
module’s lifetime for a 20% performance degradation. The proportion of degradation rate induced by each
mechanism and the total degradation are stored in the DEGRADATION_OUTPUT variable. NORMALIZED-
POWER_OUTPUT consists of normalized power for each year due to each degradation mechanism and com-
bined along with lifetime of the system till 20% drop in performance. Additionally, NORMALIZEDPOWER
OUTPUT contains normalized power up to the set time period in the second GUI (which is then used in the
LCOE calculation scenario (1) in section 4.2.2).
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Figure 3.6: PVMD Toolbox implementation.

3.4. VALIDATION OF MODEL

The degradation rates for each mechanism are calculated using the equations 3.2.1, 3.2.3 and 3.2.4. Which
will be used to calculate the total degradation rate using the equation 3.2.5. The equation 3.2.12 is used
to compute the normalized power after degradation at a certain location. The equations 3.2.6, 3.2.10 and
3.2.9 are used to calculate stress factors such as relative humidity, ultraviolet light, and temperature. Addi-
tionally, stress factors are filtered to guarantee that they are examined efficiently. Irradiation filters for two
conditions: (1) high irradiation for snow or sand regions to eliminate soiling losses; and (2) low irradiation
for nighttime parameter elimination (radiations happening below the frequent radiation range between 50-
200W /m2).

Table 3.2: Input data of stress variables at the locations.

location RH[%] UV[kW h/m2] Tm[°C ] Tmax [°C ] Tmi n [°C ]
Canaria 65 128.4 30.77 43.95 19.12
Zugspitze 66.6 100.5 23.70 42.12 8.7

By comparing the model to two locations indicated in the paper [4] the model is validated. The validation
locations are Canaria (Maritime) and Zugspitze (Snow Mountains), while Negev is utilized to represent indi-
vidual outputs. The table 3.2 contains the modelled stress variables for each site. The stress factors variables
are generated using typical meteorological year (TMY) data from meteonorm software’s.

The calculated degradation rate for the selected locations and reference degradation rate are shown in table
3.3 (the calculations were done using the stress parameters from the table 3.2) along with lifetime of the
modules to reach 80% performance. The deviation is observed between evaluated and reference degradation
rate due to the usage of different climatic data - TMY data in our case. The deviation is between 4.1 to 32.3% of
the prescribed uncertainty [75]. When output variables are correlated among themselves and other locations,
there was no correlation found. Output variables were purely location depend. Locations with high average
module temperature are more sensitive for a unit change in input parameters. Locations with low average
module temperature are less sensitive to a unit change in input parameters.

Table 3.3: Calculated and reference degradation rate.

location Estimated Rd[%/year ] Reference Rd[%/year ] Deviation[%] Lifetime [years]
Canaria 0.506 0.50 - 34.7
Zugspitze 0.33 0.30 10 53.16

Power loss is computed for each location using the equation 3.2.12 and the degradation rate from the table
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3.3. τ is assumed to be 190 and µ is assumed to be 0.19, as specified in the report [76] for crystalline silicon
modules. The figure 3.7 illustrates the power loss graphically. Where the blue curve denotes power loss owing
to the simulated degradation rate, the red line denotes an 80% power limit, and the dotted curve denotes
power loss due to reference degradation rates.
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(a) Canaria degradation rate.
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(b) Zugspitze degradation rate.

Figure 3.7: Degradation rates validation at two locations.

The degradation and estimation of power loss are repeated for a different site - Negev (desert) to evaluate
individual degradation rates and normalized powers. The Negev’s stress factors are listed in table 3.4. The
total degradation rate in this region is projected to be 0.74% per year, with a life expectancy of 24 years. The
figure 3.8 illustrates the individual normalized power after degradation caused by each process. The blue
curve represents normalized power due to hydrolysis degradation at a rate of 0.14% per year, the green curve
represents normalized power due to photo degradation at a rate of 0.21 % per year, the violet line represents
normalized power due to thermomechanical degradation at a rate of 0.26% per year, and the black curve rep-
resents normalized power due to total degradation at a rate of 0.74 % per year in the Negev. Due to the lack of
humidity in the desert, hydrolysis degradation has the least effect.The major process begins thermomechan-
ical degradation, due to the desert’s extreme temperature cycling. Degradation condition in deserts could be
further improved in future with development of materials that are resistant to UV rays.
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Figure 3.8: Power loss due to various degradation mechanism at Negev.

Table 3.4: Input data for Negev

location RH[%] UV[kW h/m2] Tm[°C ] Tmax Tmi n

Negev 60 125.7 38.45 58.94 13.5
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3.5. VALIDATION WITH INDEPENDENT DATA
In this section, we compare the degradation model to measured degradation data available from indepen-
dent sources to confirm the irradiation and temperature models. Bouaichi [77] provided a brief overview of
degradation rates at various locations. Based on the discussion, three sites that are relevant to our model
are chosen for validation with independent data : Mesa (USA), Perth (Australia), and Hamamatsu (Japan)
(Japan). The criteria as seen in table 3.5 contribute to the site selection process are crystalline modules at the
site meet the model requirement, outdoor exposure to dissimilar years ensures the model’s temporal depen-
dence, and visual inspection protects the modules from soiling and cell cracking, which also meets the model
requirement.

Table 3.5: Criteria for selection of site.

Criteria Mesa,USA Perth,AUS Hamamatsu,Japan
crystalline silicon modules x x x
long-term outdoor exposure (2-10 years) x x x
visual inspected x x

Table 3.6: Degradation rates with independent data.

Location Measured degradation rate [%] Modelled degradation rate [%] Deviation[%]
Mesa,USA 0.4 0.34 15
Perth,AUS 0.5-2.7 0.67 -
Hamamatsu,Japan 0.62 0.488 21.2

We inspect data for the specified locations in Table 3.6. The measured degradation rate column refers to
degradation rates measured at a specific site [77], while the modelled degradation rate column refers to degra-
dation rates determined by our model. The deviation column indicates the deviation between the modelled
and measured rates. As seen, the variation of the modelled degradation rate between the three locations is
between 15% and 21%. This discrepancy is expected due to assumption used in the model for simplification
along with usage of typical mean year (TMY) data from the Meteonorm database to determine degradation.
Nonetheless, the observed deviation range is within the uncertainty range specified in the model [75].

3.6. RESULTS AND DISCUSSION

This section discusses the project’s findings. Here, we select a few suitable locations for PV modules and use
the Kaaya model to simulate their performance at those places.

3.6.1. DEGRADATION IN VARIOUS CLIMATIC ZONES

We examine the degradation across many climate around the globe. To eliminate researcher confusion on
climate classification, Köppen-Geiger-Photovoltaic climate classification system (KGPV) standardizes the
working climate for photovoltaic modules based on temperature, precipitation, and irradiance. The KGPV
climates are classified into two categories: Temperature-precipitation (TP) zones and Irradiation (I) zones.
Temperature-precipitation zones are classified as A-tropical, B-desert, C-steppe, D-Temperate, E-cold, and
F-polar, whereas irradiation zones are classified as L-low, M-medium, H-high, and K-very high. Permutations
of TP zones and I zones (a total of 24 combinations) account for nearly all of the solar photovoltaic working
conditions.

For our study, Five climatic zones are evaluated in relation to the KGPV climates from these combinations of
TP and I. The places were chosen using a specific parameter called the "surface-population density indica-
tor." This indicator combines the population density with the land surface density per climatic zone facilitat-
ing PV plant installation criteria. The chosen five locations are represented with the highest surface popula-
tion density indicator. The table presented in figure 3.9 represents surface population indicator values for the
Köppen-Geiger-Photovoltaic climate classification system. AH, BK, CH, DH, and EM are the five zones with
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the highest surface population density indication. According to author Vásquez, the key geographical loca-
tions reflecting these distinct zones are AH-Bangkok (Thailand), BK-Atacama (Chile), CH-Almeria (Spain),
DH-Atlanta (USA), and EM-Minneapolis (USA) [6]. It is assumed that the TMY weather data acquired using
meteonorm software from 2000 to 2009 will remain constant for further investigation. The environmental
stressors that are utilized to determine the degradation rate of each mechanism at selected sites are listed in
table 3.7. The first value reflects the module’s maximum temperature, followed by the module’s average tem-
perature and finally the module’s minimum temperature. The 3r d column contains relative humidity data
with irradiation filter , followed by UV radiation values.
These values are substituted into the equations 3.2.1, 3.2.3, 3.2.4 and 3.2.5 to determine the hydrolysis, photo,
thermomechanical, and total degradation rates for each climatic zone. Then, using the obtained degradation
rates for each mechanism, equation 3.2.12 is utilized to determine the nonlinear normalized power after
degradation.

Figure 3.9: Surface-population density indicator per climate zone for Köppen-Geiger-Photovoltaic climate classification[6].

Table 3.7: Stress factors for degradation mechanism at 5 KGPV locations.

location Climatic
zones

Tmax [K] Tmean [K] Tmi n[K ] RH [%] UV
[kW h/m2 −
year ]

Bangkok,
Thailand

Tropical (AH) 332.08 319.16 306.60 58.16 111.83

Atacama,
Chile

Desert (BK) 319.04 299.723 283.843 54.2 334.28

Almeria,
Spain

Steppe (CH) 323.45 305.44 288.63 50.4 104.25

Atlanta, USA Temperate
(DH)

326.94 308.72 286.9 55.2 106.94

Minneapolis,
USA

Cold (EM) 328.57 312.21 281.87 39.7 87.71

The degradation rates and lifetime required for the modules to reach 80% of their initial power were calcu-
lated for the specified location. The table 3.8 contains information about the degradation rate and lifetime
for each of the 5 locations. We observe that tropical-high irradiation zones and cold-medium irradiation
zones have the highest and lowest degradation values. The maximum degradation rate seen was 1.31 % over a
lifetime of 13.36 years, while the minimum degradation rate observed was 0.33 % over a lifetime of 55.9 years.
The declining trend in module lifespan is as follows: Cold > Steppe > Deser t > Temper ate > Tr opi cal ,
and the inverse pattern in degradation rates is as follows.

The figure 3.10 illustrates the non-linear normalized power as function of time for each degradation process
(hydrolysis, photodegradation, and thermomechanical degradation) up to their lifetime in each zone. In the
same figure, 80% of the original power threshold is represented by a red horizontal line, while blue indicates
a temperate environment, magenta curve indicating tropical climate, yellow indicates a desert climate, black
indicates a steppe climate, and green indicates a cold climate..
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Table 3.8: Degradation rates with KGPV climate zones.

location Climatic zones Modelled degradation rate [%] Lifetime [80% of initial power]
Bangkok, Thailand Tropical (AH) 1.31 13.36
Atacama, Chile Desert (BK) 0.53 33.41
Almeria, Spain Steppe (CH) 0.52 34
Atlanta, USA Temperate (DH) 0.67 26.24
Minneapolis, USA Cold (Em) 0.33 55.9

Hydrolysis degradation: The graphs in figure 3.10a depict the normalized power associated with hydroly-
sis degradation. As indicated in the illustration, the tropical zone, denoted by the magenta curve, suffers the
most loss of power, whereas the cold zones suffer the least. Tropical locations are especially vulnerable due
to the climate’s high amounts of precipitation and Temperature. Tropical climates, as indicated in the table
3.7, have a maximum temperature of 332.08 K and a relative humidity of 58.16%. It is crucial to note that
Atacama, due to its proximity to the coast, has a higher relative humidity than other desert locations. Due
to the fact that the relative humidity in Atacama and Atlanta is similar, locations with a high mean module
temperature degrade more rapidly.

Photo degradation: The graphs in figure 3.10b indicate the normalized power due to module photodegra-
dation. The tropical zone experiences the most loss in power, while the cold zone experiences the least. It’s
odd to see that tropical areas lose more energy than deserts. As tropical zones with a high concentration of
stress factors (module mean temperature, humidity, and UV radiation) outweigh desert zones with a high
concentration of UV radiation but a low humidity and temperatures as seen in table 3.7. Due to the high
concentration of ultra-violet irradiation in desert regions, photo degradation data indicate that PV modules
perform worse than those in temperate and steppe climates.

Thermo-mechanical degradation: The graphs in figure 3.10c indicate the normalized power caused by mod-
ule thermo-mechanical degradation. This degradation is more evident in areas where temperatures fluctuate
significantly. The largest power loss occurs in cold zones and the least in desert zones. Desert regions outper-
form temperate and steppe regions in thermomechanical degradation studies. Nonetheless, it was surprising
to discover that the photovoltaic module performs poorer in cold climates than in other regions in tempera-
ture cycling effect due to high difference in temperature between the maximum and minimum temperatures
as indicated in table 3.7.
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(a) Normalized power due to Hydrolysis degradation mechanism.
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(b) Normalized power due to Photo(UV) degradation mechanism.
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(c) Normalized power due to Thermo-mechanical degradation mechanism.
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(d) Total Normalized power vs time.

Figure 3.10: Normalized power vs time for all the climatic zones.

The non-linear normalized power generated by the cumulative influence of all processes until the lifetime
time is reached is depicted in figure 3.10d. A horizontal red line indicates that 80% of the initial power thresh-
old has been reached, while a magenta curve indicates a tropical climate, blue indicates a temperate environ-
ment, yellow indicates a desert climate, black indicates a steppe climate, and green indicates a cold climate
(same notation as before). All of the normalized power numbers in the figure are accounted to the crystalline
silicon module’s lifetime under the specified climatic conditions. Tropical climates have the highest power
loss ratios( = 1−N P ), followed by temperate climates, steppe and desert climates, and finally cold climates. It
was interesting to observe that deserts, due to their low thermomechanical stress and low hydrolysis, as well
as their high photodegradation, had an average climate stress similar to that of the steppe climate. This was
possibly due to Atacama being near to ocean having almost similar RH as Atlanta.
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3.7. CONCLUSION:

In this study, we identify a degradation model that is meteorological-specific. We account for stress variables
that result in irreversible degradation of photovoltaic modules, such as module temperature, relative humid-
ity, UV radiation, and cyclic temperatures. Soiling and snowing stress elements are excluded because their
effects are reversible with proper module maintenance. A few assumptions were made to streamline the com-
putation: the model’s material and structure dependencies are accounted for by the activation energy (Ea)
and power susceptibility constant, three degradation mechanisms (hydrolysis, photo, and themomechani-
cal degradation) play a significant role in determining module degradation, and module parameters such as
impact constants, shape factor and power susceptibility are independent of the location. We determine the
stress factor combinations that are considered in each mechanism: hydrolysis degradation accounts for the
module’s temperature and humidity, photo degradation accounts for UV and other effects triggered by the
combination of UV and RH, and thermomechanical degradation accounts for the location’s cycling temper-
atures. All three degradation modes are mathematically combined to provide a single overall degradation
factor that is used to calculate the normalized power of the photovoltaic module at the site. The degradation
model implemented in the PVMD toolbox was further validated with the results presented in report [4] for
precision. The model was later validate with independent data from various regions that are represented in
the article [77] due to usage of mathematical models such as sky-maps, sensitivity maps for irradiation cal-
culation and fluid dynamic model for temperature calculations that are different from the models used in
the reference article [4] for accuracy. The deviation between predicted and reference values in validation of
model and independent data are within the model’s uncertainty bounds.

Further, the degradation model was used to assess degradation under diverse climatic conditions. Five major
climate zones were chosen for the study from the 24 combinations in the "Koppen Geiger photovolatic cli-
mate classification" based on the surface-population density indicator. These five areas consisted of a mix of
temperature-precipitation and irradiation zones. Tropical with high irradiation (AH), Desert with extremely
high high irradiation (BK), steppe with high irradiation (CH), temperate with high irradiation (DH), and cold
with medium irradiation(EM) were chosen five combinations. These locations denote the availability of ra-
diation, population, and available surface area for a photovoltaic plant. According to the study, the tropical
zones have highest degradation of 1.31% and lifetime of 13.36 years for 20% drop in performance, while cold
zones have least degradation of 0.33% and lifetime of 55.9 years. After simulating the normalized power for
each mechanism at each location, it is discovered that hydrolysis degradation is greatest in tropical regions
due to the presence of high humidity, followed by temperate zones; photo degradation is greatest in tropi-
cal regions, contrary to popular belief to be desert, due to the combined effect of UV and relative humidity;
and thermomechanical degradation is most in cold climates due to huge temperature variations and least in
desert. The combined degradation data indicate that tropical regions see the greatest loss of power, followed
by temperate zones. It is peculiar that steppes and deserts have the almost similar power loss since averaged
stressors in the steppe balance out the single major stressor in the desert, with cold regions being the least
affected. It is critical to notice that Atacama, a desert zone located close to the ocean, experienced a higher
relative humidity than expected.
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FINANCIAL ANALYSIS

Lately, there has been intense focus on renewable energy technologies, particularly solar PV technology, to re-
place fossil fuels as a result of the impending energy crisis, the rising cost, the decreasing availability, as well
as extensive emissions of greenhouse gases (GHG) [78]. Despite this, the application of renewable energy
technology has not yet reached its full potential, primarily as a result of intermittent energy generation and
economic constraints. Solar photo-voltaic (PV) technology is currently considered to be the fastest expand-
ing industry for affordable renewable energy. Since 2000, solar photo-voltaic (PV) technology has grown at
an annual average rate of 42%, resulting in a total capacity of 512 gigawatts (GW) [79]. Solar PV has the lowest
marginal cost when viewed economically, as there are no fuel expenditures and only operational costs. As a
result, solar energy’s production costs are lower than those of coal and natural gas, implying that natural gas
and coal energy will be phased out of the electricity market [80].

Despite ongoing demand growth and subsidies for renewable energy, solar PV has not yet become a signifi-
cant source of electricity [81]. When the market attains "Grid parity," photovoltaic technology will triumph.
Grid parity is reached when the cost of power generated by a photo-voltaic module is less than or equal to the
market price ( generally set by conventional plants). At the moment, it is only possible in a limited number
of circumstances, dependent on the source’s availability, the plant’s capacity, the modules’ degradation, their
efficiency, and their cost [82]. Many different economic measures can be used to calculate the price of power
that is supplied. Among the different economic indicators, the levelized cost of electricity (LCOE) is a popular
one. The LCOE is used to determine the lowest price at which energy produced by a certain energy source
should be sold in order to recover the investment expenses (fuel price, operation and maintenance costs, and
fixed costs) over the course of the source’s lifetime [83]. The LCOE is computed as a function of the amount of
energy produced by the plant over its lifetime and the cost of the generation plant; as a result, it is expressed
in Euros per kilowatt-hour (AC per kWh). But because LCOE is a volatile measuring unit, even a little change
in the input variables or assumptions might cause it to alter significantly. Investment cost, system lifetime,
degradation in the system, discount rate, and incentives are the most essential input and volatile variables in
the computation of the LCOE. Fixed costs, operation and maintenance costs, and fuel costs are all included
in the investment costs of available renewable energy sources such as solar PV. However, there is no fuel cost
associated with solar PV. As a result, accurate forecast and evaluation of energy produced over the module’s
lifespan as well as the module’s lifetime play a significant part in determining the LCOE of PV modules.

The goal of this study is to determine the LCOE values for various climatic conditions around the world with
differing rates of degradation and conditions required for grid parity along with investment return. Three
economic scenarios are considered when determining the LCOE: (1) the same modules are used throughout
the planned operating period of the PV plant, (2) degraded modules are replaced with new modules at same
price until the planned operating period of the PV plant is completed, and (3) degraded modules are replaced
with new modules at newer lower prices until the planned operating period of the PV plant is completed. The
estimated LCOE is subjected to sensitivity analysis utilizing the discount rate variable for scenario (3). Finally,
the financial model is included into the PVMD toolbox together with economic scenarios.

4.1. LCOE METHODOLOGY

As previously stated, LCOE is defined as the economic evaluation of a generation system as a function of the
energy generated by the system during its lifetime and the cost of establishing the system. This statistic can be
used to compare economic and technical performance of various technologies. The LCOE calculation takes
into consideration the system’s cost, operation and maintenance costs, and fuel costs, as well as the energy

35
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produced, and converts them to a single measuring unit defined in Euro(AC) per kWh [83]. The following
equation 4.1.1 can be used to calculate the LCOE.

LCOE = Total cost till the lifetime(Euro)

Total energy produced in lifetime (kWh)
(4.1.1)

Total cost and total energy produced over the course of a lifetime are computed using the "discount cash
flow" approach. The term "discount cash flow" refers to the worth of a commodity adjusted for the time
value of money. After calculating the needed parameters using the discount cash flow approach, the ’Net
present value’(NPV) are calculated and NPV ratio are utilized to determine the LCOE. The net present values
of each commodity are represented in Equations 4.1.2 and 4.1.3 [84]. In equation 4.1.2, we note that the initial
condition t = 0 is used to account for the initial investment cost before the plant begins producing. Finally,
LCOE is determined as a ratio of net present values, which is ratio of the sum of discounted present values for
investment costs and discounted present values for energy, as specified in equation 4.1.4 [85].

Net present value of investment =
T∑

t=0

Ct

(1+ r )t (4.1.2)

Net present value of production =
T∑

t=1

Et

(1+ r )t (4.1.3)

LCOE =
∑T

t=0
Ct

(1+r )t∑T
t=1

Et
(1+r )t

(4.1.4)

PV module energy production decreases with time, as previously discussed in the chapter 2. This also indi-
cates the need for a degradation term in LCOE calculations. The degradation of the photovoltaic module is
factored into the LCOE by multiplying Et , the system’s rated energy, by (1−(d t )), where dt is a nonlinear power
loss variable (= 1−Normalized power ratio) computed in the preceding chapter 3.2.3. As a result, equation
4.1.4 can be restructured as 4.1.5. I0 denotes the initial investment, which comprises module and inverter
expenses, as well as structural and electrical BOS costs. It annual investment, which may include inverter or
battery replacement costs. Mt is the system’s maintenance cost, Et is the system’s rated energy yield, dt is the
system’s nonlinear power loss, r is the discount rate, and T is the system’s estimated operating duration.

LCOE =
I0 +∑T

t=1
It+Mt
(1+r )t∑T

t=1
Et (1−dt )

(1+r )t

(4.1.5)

4.2. IMPLEMENTATION IN PVMD TOOLBOX

This section will explain the introduction of LCOE calculations into the PVMD toolbox and the toolbox’s
nomenclature.

4.2.1. USER INPUT

The graphical user interface (GUI) is used to retrieve input variables from the user, and the flowchart figure
4.1 describes the GUI sequence step by step. The first graphical user interface dialog box is used to specify the
system’s design. It contains the following information: the number of modules, the discount rate, the module
cost, the inverter cost, the structural BOS cost, the electrical BOS cost, the OM cost, the estimated length of
operation, the inverter lifetime, and the installation year.
The following table details the function and definition of each variable in the graphical user interface dialog
boxes.
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Figure 4.1: GUI dialog box flowchart.

Table 4.1: Input GUI

Variable Purpose and definition
Number of modules The total number of photovoltaic modules in the system. This variable is used to deter-

mine the system’s total rated power. Default value-14.

Discount rate [%] It is used to add the attribute of value of time to money, the value of which is determined
by a variety of circumstances. High discount rates are employed to maximize short-term
earnings and low discount rates to optimize long-term benefits [86]. Default value- 5%

Module cost [AC/kWp ] It is a cost assessment of each module’s manufacturing and is given in euros per kWp (rated
power). Default value- 395.47 AC/kWp

Inverter cost [AC/kWp ] It is a cost estimate for the entire system’s inverter, expressed in euros per kWp (rated
power). Default value-151.45 AC/kWp

Structural BOS cost
[AC/kWp ]

It is an estimate of the cost of mounting, installation, and infrastructure for the entire sys-
tem, expressed in euros per kWp (rated power). Default value- 84.14 AC/kWp

Electrical BOS cost
[AC/kWp ]

It is used to describe the cost of DC cabling and grid connection for the entire system and
is expressed in euros per kWp (rated power). Default value- 193.53 AC/kWp

Operation and mainte-
nance cost [AC/kWp ]

It is used to determine the operating and maintenance costs of the entire system and is
expressed in euros per kWp (rated power). Default value- 16.8 AC/kWp

Expected period [year s] This variable is used to specify how long the system should remain functional at the site
regardless of the module’s lifetime. Default value- 50 years

Inverter lifetime [year s] It is used to interpret the replacement cycle of the inverter till projected expected period.
Default value- 13 years

Installation year [year ] The future cost of new technology is calculated using this variable as a reference point.
Default value- 2021

4.2.2. OUTPUT

Following the processing of financial section in the toolbox. The output includes a single graphical output
and the creation of an LCOE variable in the MATLAB workspace. Each scenario is inscribed with four vari-
ables in "LCOE" structure variable presented in MATLAB workspace. They are the levelized cost of electricity
at which the energy should be sold as a function of the time in years, the energy produced by the system
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Table 4.2: Financial scenario

Scenario Purpose and definition
Same module till required
years

Scenario 1: PV module are not replaced after their 20% drop in per-
formance. They are continued till the expected operation period is
completed.

New modules replaced till
required years

This economic scenario occurs when modules are replaced after a
20% degradation. This scenario is subdivided into two parts.

• Scenario 2: PV modules that have degenerated by 20% are re-
placed with new modules at the same price as the first installa-
tion.

• Scenario 3: PV modules that have degraded by 20% are replaced
with new module available at cheaper price in the market dur-
ing that time-frame. The cost of new module’s in this scenario
are calculated using a mathematical model constructed from
the report’s data [87]

It is critical to emphasize that all scenarios involve just price increases,
not improvement in the efficiency of new modules.

Table 4.3: Growth rate per year for second financial scenario from table 4.2

Growth rate Purpose and definition
5% This option is chosen if the market for photovoltaic technology is predicted to ex-

pand at a rate of 5% per year. Perhaps this is a pessimistic market framework [87].

7.5% This option is chosen if the market for photovoltaic technology is predicted to in-
crease at a rate of 7.5% per year. This option is viewed as a middle ground between
pessimistic and optimistic market frameworks [87].

10% This option is taken if the market for photovoltaic technology is predicted to de-
velop at a 10% annual rate. This is seen as an optimistic market framework [87].

Avg This option is selected if the market for photovoltaic technology is predicted to in-
crease at an annual rate equal to the average of pessimistic, intermediate, and opti-
mistic courses of action. This option is regarded to be recommended in light of the
present market environment [87].

until the expected period, Discounted energy produced (used for LCOE) and total investment cost including
replacement module cost, inverter cost and operation & maintenance cost of the system.

In the graphical output, the LCOE is plotted as a function of the number of operational years using data
from the reference table 4.1 and a scenario selected from the reference table 4.2 along with growth rates from
table 4.3. The X axis depicts the operating period of the photovoltaic system, while the Y axis depicts the
LCOE necessary to recover the investment cost measured for the X value set in the graphical interface. On a
graphical interface, a pointer can be used to pick the required X (years) or Y (LCOE). The figure 4.2 illustrates
an example of scenario 1 situation, where Y equals 0.044 when X = 27. This means that for a solar photovoltaic
system erected at this location to recovery its investment cots within 27 years, the levelized cost of electricity
should be 4.4 cents per kWh for the first 27 years. We find that the value of Y is 0.039 in other selected period
of X = 39. This means that until 39 years after installation, the levelized cost of electricity for a photovoltaic
system at the installed location should be 3.9 cents per kWh to recover investment costs in 39 years.
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Figure 4.2: Graphical output.

4.3. VALIDATION OF THE MODEL

The PVMD toolbox model is validated using the exercise described in the cited presentation [88]. We have
a 5 kWp system with an energy yield of 950 kW h/kWp , system cost of 1300AC per kWp , an operation and
maintenance cost of 20 AC per kWp , and a 5% discount rate. The degradation rate is estimated to be 0.36%
per year, and the module’s life expectancy at this location is 25 years. In comparison to the aforementioned
numbers, the LCOE is computed to be 0.12AC per kWp . A similar model is created with the PVMD toolbox;
ten modules with a rated power of 500 Watts are used in the LCOE input GUI table 4.1 to establish a 5kW
system, while the remaining inputs are adjusted to correspond to the required reference system. As shown
in the figure 4.3, the LCOE values at 25 years is 0.12AC per kWp using the LCOE model included in the PVMD
toolbox, which is comparable to the number in the cited presentation[88].

Figure 4.3: Validation of LCOE model.
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4.4. RESULTS AND DISCUSSION

As we are interested in the effect of climate on the performance of photovoltaic modules in various places.
We chose three locations to investigate the effect of climate on LCOE computation. Tropical (severe degrada-
tion), steppe (medium degradation), and cold (least degradation) climates are selected and available in the
locations specified in the section 3.6.1 , namely Bangkok, Almeria, and Minneapolis. A hypothetical average
residential system of 6.5 kW with fixed-tilt PV modules and grid connection is used to evaluate LCOE. PV
technology characteristic used for this purpose are 14 mono-crystalline PV modules with a rated power of
PSTC = 458 watts and an efficiency of 24.3% are used.

The financial input data for the system are as follows: module costs per watt, inverter costs per watt, structural
BOS cost per watt, and electrical BOS cost per watt and are obtained from the given report [89]. To ensure
economic viability, prices are converted from USD to EURO at a rate of 1 USD = 0.84 EUR. The investment
costs after converting each category from USD per Watt to EURO per kilo-Watt are 395.47 AC/kW for modules,
151.45 AC/kW for DC power optimizer string inverters, 84.14 AC/kW for structural BOS, and 193.53 AC/kW for
electrical BOS. Operating and maintenance costs are maintained at 16.8 AC/kW . For analysis purposes, a dis-
count rate of 5% is utilized. The system’s expected term is set to 50 years, computing the facility LCOE for each
year up to 50 years. PV modules are replaced on a periodic basis if their output power decreases by 20% or
more over a 50-year period, and the costs of new PV modules in future required for the calculation of invest-
ment costs to replace degraded modules are retrieved using a mathematical function developed in the PVMD
toolbox from data in the cited report[87]. Inverters are changed on a periodic basis of 13 years up to a 50-year
expected term, with the price remaining constant throughout the duration. All configuration parameters are
listed in table 4.4.

Table 4.4: System inputs

Variable Value
Number of modules 14 ( each module with rated power PSTC = 458 watts)
Discount rate[%] 5%
Module cost [AC/kWp ] 395.47
Inverter cost [AC/kWp ] 151.45 (DC power optimizer string inverter)
Structural BOS cost
[AC/kWp ]

84.14

Electrical BOS cost
[AC/kWp ]

193.53

Operation and mainte-
nance cost [AC/kWp ]

16.8

Expected working period
[years]

50

Inverter lifetime [years] 13
Installation year 2021

Growth rate per year recommended

4.4.1. FINANCIAL ANALYSIS AT STEPPE CLIMATE - ALMERIA

The LCOE values for Almeria, Spain, are presented in the figure 4.4a for three scenarios: (1) same module for
50 years, (2) after the module’s lifetime is reached, it is replaced with a new module at a same cost to ensure
the system’s functionality till 50 years, and (3) new modules at an average growth rate having lower cost are
used to replace the degraded module after it reaches its lifetime to maintain system functionality for 50 years.
The LCOE calculation for the hypothetical system at the site is subjected to a sensitivity analysis with dis-
count rates ranging as 3%,5%,7% and 10% that are commonly used[90]. The analysis’s findings are depicted
in figure 4.4c.

As reviewed in section 3.6.1, it is estimated that Almeria has a lifetime of 34 years in a steppe climate. The
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graphic representation is shown in 4.4b , along with an increase in LCOE at the 35th year owing to module
replacement. Thus, to maintain the system’s functionality for 50 years, the photovoltaic module must be
replaced every 35th year following installation. In a hypothetical financial decision, if we desire to return the
cost of our investment in 40 years, as modules are replaced once every 35th year. The output values for each
of the three economic scenarios are as follows as shown in table 4.5. 1st scenario using the same module
until the expected system life, 2nd scenario replacing the modules for same price used for installation, and
3r d scenario replacing the system modules for lower costs in future market.
The table 4.6 summarizes the comparison of economic scenarios and their impact on energy yield and LCOE.
According to the report [91] the average home power price in Spain (without taxes and levies) is 0.14 AC per
kWh. Grid parity and total investment recovery is easily achievable in specific locations like as Almeria, Spain,
with a residential plant operating for a minimum of five years (because the levelized cost of energy is 0.10 AC
per kWh) under any of the patterns of behavior.

Table 4.5: LCOE value and Energy produced in 40 years at Steppe climate - Almeria.

Economic scenario LCOE [AC per kWh] Energy Produced [MWh]
Scenario 1 0.039 416
Scenario 2 0.044 428.3
Scenario 3 0.041 428.3

Table 4.6: Comparison between economic scenarios and their impacts at steppe climate - Almeria.

Comparison Additional energy yield [%] Change in LCOE [%]
Scenario 1 and 2 3% 12.8%
Scenario 1 and 3 3% 5%

Sensitivity analysis is conducted by adjusting the discount rate variable by 3%, 5%, 7%, and 10% for the third
economic scenario. Increases in the discount rate result in an increase in the LCOE value over the entire range
as seen in figure 4.4c. The LCOE at a 3%, 5%, 7%, and 10% discount rate for a 40-year investment recovery
is listed in table 4.7, respectively. Comparing a default discount rate of 5% to a default discount rate of 10%,
we see that a 5% increase in the discount rate results in a 43% rise in the LCOE. By comparing the default
discount rate of 5% to the default discount rate of 3%, we see that a 2% reduction in the discount rate results
in a 14% reduction in the LCOE.

Table 4.7: Sensitivity analysis using discount rate at Steppe climate - Almeria.

Discount rates[%] LCOE [AC per kWh]
3 0.035
5(default) 0.041
7 0.048
10 0.059
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(a) LCOE results for 3 scenarios at Almeria.
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(b) LCOE result with 34 years replacement cycle at Almeria.
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(c) Sensitivity analysis with Discount rate for 3rd scenario at Almeria.

Figure 4.4: Financial assessment of Steppe climatic zone.

4.4.2. FINANCIAL ANALYSIS AT TROPICAL CLIMATE - BANGKOK

The LCOE values for Bangkok, Thailand are shown in the figure 4.5a for the three scenarios mentioned previ-
ously, as well as a sensitivity analysis at the site shown in the figure 4.5c.

Bangkok’s tropical environment is expected to have a 13-year life expectancy with extremely high degradation
values as reviewed in section 3.6.1. As a result, to maintain the system’s functionality for 50 years, the pho-
tovoltaic module must be replaced three times after installation. The same hypothetical financial decision is
made to recover the entire investment cost over a 40-year period. The LCOE values and energy produced in
each scenario are listed in table 4.8.

Table 4.8: LCOE value and Energy produced in 40 years at Tropical climate-Bangkok.

Economic scenario LCOE [AC per kWh] Energy Produced [MWh]
Scenario 1 0.051 316.1
Scenario 2 0.075 346.9
Scenario 3 0.065 346.9

Different economic scenarios are compared and their impacts are as presented in table 4.9. Due to the mod-
ule being replaced every 13 years, increases in LCOE values can be noted in the figure 4.5b. According to
the report’s [92], the average residential electricity price in Thailand is 0.06 AC per kWh (excluding taxes and
levies). In scenario 1, a residential photovoltaic system in Thailand can attain grid parity after a minimum of
33 years of operation (When the levelized cost of electricity is 0.054 AC per kWh). Grid parity and total recovery
is only possible in scenarios 2 and 3 if the working duration exceeds 50 years.
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Table 4.9: Comparison between economic scenarios and their impacts at Tropical-Bangkok.

Comparison Additional energy yield [%] Change in LCOE [%]
Scenario 1 and 2 9.7% 47%
Scenario 1 and 3 9.7% 27.4%

As in the previous instance, a sensitivity analysis is conducted on the discount rate variable. In scenario 3, the
LCOE values for discount rates of 3%, 5%, 7%, and 10% at 40th year are presented in table 4.10, respectively.
Comparing the default 5% instance to the 10% scenario demonstrates that a 5% increase in discount rate
results in a 35.3% rise in LCOE. By contrast, comparing the default scenario to the 3% discount rate case
demonstrates that a 2% reduction in the discount rate results in a 10% reduction in the LCOE value.

Table 4.10: Sensitivity analysis using discount rate at Tropical climate - Bangkok.

Discount rates[%] LCOE [AC per kWh]
3 0.058
5(default) 0.065
7 0.074
10 0.088
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(a) LCOE results for 3 scenarios at Bangkok
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(b) LCOE result with 13 year replacement cycle at Bangkok.
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Figure 4.5: Financial assessment of Tropical climatic zone.
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4.4.3. FINANCIAL ANALYSIS AT COLD CLIMATE - MINNEAPOLIS

The LCOE values for Minneapolis, located in USA, are provided in the figure 4.6a for the three scenarios dis-
cussed previously, as well as a sensitivity analysis at the site, as shown in the figure 4.6b.

Minneapolis’s lifespan in a cold climate is projected to be 56 years with extremely low degradation values,
as examined in section 3.6.1. As a result, they do not need to be replaced for the duration of our case study,
which is 50 years. The same hypothetical financial decision is maintained for investment recovery over a 40-
year period. The LCOE value for the 40th year recovery period is identical in all cases because the PV modules
are not changed until the 56th year, at which point the LCOE value is 0.047 AC per kWh. According to the
report’s [93], the average residential electricity price in Minnesota state is 0.11 AC per kWh (excluding taxes
and levies). A household photovoltaic (PV) system in Minneapolis can achieve grid parity and investment
recovery in all scenarios with a minimum of seven years of operation (When the levelized cost of electricity is
0.10 AC per kWh).

Sensitivity analysis is performed on the Minneapolis case with various discount rates. The LCOE values for
discount rates of 3%, 5%, 7%, and 10% at 40th year are liste in table 4.11, respectively. Analyzing the default
5% example with a 10% discount rate demonstrates that a 5% increase in discount rate results in a 50% spike
in LCOE. In comparison, analysis of the 3% and default discount rate cases demonstrates that a 2% reduction
in the discount rate results in a 17% reduction in the LCOE value.

Table 4.11: Sensitivity analysis using discount rate at Cold climate - Minneapolis.

Discount rates[%] LCOE [AC per kWh]
3 0.040
5(default) 0.047
7 0.056
10 0.071
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(a) LCOE results for 3 scenarios at Minneapolis.
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Figure 4.6: Financial assessment of cold climatic zone.
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4.5. CONCLUSION:

We present a study on significance of LCOE and implementation in PVMD toolbox. Additionally, we demon-
strate how the LCOE is impacted by tropical climates with severe degradation, steppe climates with moderate
degradation, and cold climates with low degradation available in Bangkok, Almeria, and Minneapolis respec-
tively, as well as a sensitivity analysis of the discount rate in each site. To investigate the effect on LCOE, a
hypothetical system was created with the following parameters: system cost, module count, and temporal
variables, as shown in table 4.4.

We find that in locations such as Almeria, Spain, where the degradation is moderate their life expectancy is
estimated to be 34 years, as discussed in the section 3.6.1. Comparing the LCOE for a 40-year recovery in 2nd

and 3r d scenarios to the 1st scenario reveals that for a 3% increase in energy, the LCOE should be increased by
12.8% and 5%, respectively. In order to achieve grid parity and investment costs in Spain, a residential system
such as ours must operate for at least five years, resulting in an LCOE of 0.10 AC per kWh. Sensitivity study of
the discount rate revealed that increasing DR to 10% from the default 5% would result in a 43 percent increase
in LCOE, while dropping it to 3% would result in a 14 percent decrease in LCOE. The same example is recre-
ated for Bangkok, Thailand, with a high degradation rate and a lifetime of 13 years. Comparing the LCOE for
a 40-year recovery in 2nd and 3r d scenarios to the 1st scenario reveals that to achieve 9.7 percent energy sav-
ings, the LCOE needs be increased by 47% and 27.4%, respectively. To reach grid parity and investment costs
in Thailand, the system must operate for at least 33 years with a levelized cost of energy (LCOE) of 0.054AC per
kWh in scenario 1 and for more than 50 years in other scenarios. Sensitivity analysis indicates that increasing
the discount rate from 5% to 10% results in a 35.3% increase in LCOE while dropping the discount rate to 3%
results in a 10% decrease in LCOE. Finally, in locations such as Minneapolis, Minnesota, USA, with the lowest
degradation rate and a 55-year life expectancy. In all cases, the LCOE required to recover the investment cost
over a 40-year period is 0.047 AC per kWh, as modules are not changed over the estimated plant operational
period. Grid parity and return on investment are achieved after at least seven years of operation at an LCOE
of 0.10 AC per kWh. Sensitivity study revealed that a discount rate of 10% results in a 50% increase in LCOE
when compared to default, while a discount rate of 3% results in a 17% decrease in LCOE.

In conclusion, we observe that tropical climates have the highest LCOE compared to other location and the
greatest fluctuation in LCOEs when compared to other scenarios. We discover that when discount rates are
varied from their default value, cold climates have the most variance, indicating a strong sensitivity to param-
eters, followed by tropical climates and steppe climates.



5
TANDEM MODULES

At the moment, crystalline silicon modules account for a significant portion of the PV industry. Despite their
commercial dominance, crystalline silicon modules are reaching their theoretical efficiency limit of 29% [94].
As a result, new novel technologies are required to improve the performance of photovoltaic modules. Tan-
dem modules are one such technologies that enables higher performance photovoltaic modules to be built
on the same compact package as crystalline silicon modules. They work by stacking various cells with var-
ied bandgaps on top of one another. Solar cells with a large band gap are positioned on top to absorb the
sun’s high energy spectrum, while solar cells with a small band gap are placed on the bottom to absorb the
sun’s low energy spectrum. One such combination is perovskite and silicon, which has earned considerable
attention due to the intriguing properties of perovskite cells, which include a tunable band gap, high external
photoluminescent quantum yield, and low-cost fabrication processes capable of achieving a high efficiency
with theoretical limit of 45% [95] [96].

In perovskite(pvk)/silicon(si) tandem cells, among multiple structures the most prominent are: 2 terminal
tandem cells (2T cells) and 4 terminal tandem cells (4T cells). 2 terminal tandem cells are constructed by
monolithic connection of top perovskite cell with bottom silicon cell in series and 4 terminal tandem cell is
constructed by mechanically placing perovskite top cell on silicon bottom cell. There are a few issues with
perovskite/silicon tandem cells. The first is determining the optimal combination of perovskite cell com-
position for a two-terminal monolithic tandem cell in order to maximize efficiency. It was discovered that
the perovskite/silicon tandem module is most efficient when the perovskite cell has a bandgap of 1.71 eV
[97]. This restriction is necessary because current mismatch is a significant issue in 2T cells, where the top
and bottom cells are connected in series. As a result, the top cell must be tuned to create the same amount
of current as the bottom cell, so restricting the efficiency [97]. The second difficulty is the stability of per-
ovskite cells, which has significantly improved in recent years [98]. Solving both of these issues would result
in increased power and stability, which are essential for perovskite silicon tandem cells to be commercial-
ized in the photovoltaic industry. High-quality perovskite silicon tandem cells may be created utilizing the
widely available and cost-effective silicon wafer cell manufacturing sector, providing a significant advantage
for commercializing perovskite silicon tandem cells. Thus, while making perovskite silicon cells costs more
than silicon wafers, the additional cost is offset by the increased energy production and efficiency of per-
ovskite/silicon tandem cells.

Recent research demonstrates that perovskite exhibits both reversible and irreversible degradation. The irre-
versible degradation occurred as a result of moisture and oxygen infiltrating the perovskite film and forming
non-functional chemicals [99]. Asserting that real-world operating conditions have an effect on the perfor-
mance, energy generation, lifetime, and financial viability of perovskite silicon tandem cells. To accurately
assess the performance and economic viability of tandem modules, the individual degradation of the per-
ovskite and silicon cells, as well as the device design that affects the module’s overall degradation, must be
assessed.

The purpose of this study is to determine the annual degradation rate allowed in perovskite top layer with a
2T or 4T configuration in order to maintain a 20% power loss during the lifetime of independent crystalline
silicon module at the same location. The overall degradation rate determined throughout the analysis is uti-
lized to compute the energy produced by the 2T and 4T modules. Finally, economic evaluations of 2T and 4T
modules are conducted in comparison to silicon modules at the location in terms of perovskite degradation
rate and manufacturing costs.

46
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5.1. SPECIFICATIONS AND PVMD TOOLBOX IMPLEMENTATION
This section discusses tandem structure used in evaluation and implementation of tandem degradation model
in PVMD toolbox.

5.1.1. TANDEM CELL SPECIFICATION

The efficiency of perovskite/silicon tandem cells, which is now well known, has been published as 26.2%. This
can be improved further by utilizing a wide bandgap perovskite layer, although broader bandgap perovskite
cells suffer from significant Voc losses [100]. Losses in Voc are caused by factor such as low photolumines-
cence quantum yields, phase instabilities, and an ineffective selective layer. Perovskite cells with a bandgap
of 1.7eV exhibit low Fill Factor (FF) qualities (about 77%) in perovskite/silicon tandem cells. The primary rea-
son for low FFs is a high ideality factor (n) of roughly 1.4 to 1.8; thus, decreasing the ideality factor results in
increased FFs. The revolutionary structure provided in the report cite solved both Voc losses and high ideality
factor [101].

To address the issues raised above, a hole selective layer composed of the methyl group substitution Me-
4PACS ([4-(3,6- dimethyl-9H-carbazol-9-yl)butyl]phosphonic acid) was developed. This combination re-
duced light-induced halide segregation while simultaneously improving photoluminescence quantum yield,
resulting in high Voc , high FF, and stability at high temperatures. The structure that has been proposed is
depicted in the figure 5.1. The bottom cell is a hetero-junction silicon cell with a thickness of 250µm, and the
top cell is a perovskite cell with a 1.68eV and a perovskite(PVK) layer composition of C s0.05(F A0.77M A0.23)0.95

Pb(I0.77Br0.23)3. It has been proposed that the perovskite cell structure is composed of the following ele-
ments: Li F /Ag /I ZO/ SnO2/C60/Li F /PV K /HT L/I T O. Monolithic tandem cells with the above combina-
tion and structure had an open circuit voltage (V oc) of 1.9 eV, a Fill factor of 79.4 - 85 %, an short circuit
current density of 19.24 m A/cm2 and a power conversion efficiency of 29.15 %. Using the PVMD toolbox,
tandem module consisting of 72 cells is constructed for 2T and 4T configurations, yielding Pstc values of
556.08 W and 556.31 W with a 29.15 % under STC conditions, respectively.

Figure 5.1: monolithic tandem cell structure.

5.1.2. PVMD TOOLBOX IMPLEMENTATION

The nonlinear power loss due to degradation by climatic stress factors in crystalline silicon bottom layer is
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computed using the Kaaya model, as explained in chapter 3. Regarding the degradation in perovskite layer, a
new GUI is designed that allows the user to specify a linear degradation (in percentage) value for the top layer
as an input variable, as shown in figure 5.2. Thus, the overall power loss of the tandem module is estimated
using the linear degradation value provided by the user for top perovskite layer and the non-linear power loss
value calculated using the Kaaya model for the bottom silicon layer.

The new GUI for top pvk layer degradation has been integrated into the "ELECTRICAL" section of the PVMD
toolbox, where the electrical system is built by configuring the structure, electrical losses, bypass diode, cell
configuration, and top layer degradation value. After the entire system is configured, the individual currents
for the top (I1) and bottom (I2) layer are computed, as well as the individual voltages for each layer, denoted
by V1 and V2. Later, utilizing weighted percentages derived from simulating various degradation rate scenar-
ios described in the report [102] for a 25-year guaranteed silicon module using a Negev site with a 24-year life
expectancy.

The total linear degradation value of the top layer is applied to I1 and V1. I1 receives 70% percent of the total
linear degradation, whereas V1 receives the remaining 30%. The bottom silicon layer proceeds in the same
manner, now by utilizing nonlinear power loss values obtained from the Kaaya model and weighted percent-
ages. 70% of the total nonlinear power loss is applied to I2, while 30% is applied to V2. The degraded IV
parameters of each layer(I1,V1,I2 and V2) are used to calculate the tandem module overall output power. The
computed output power with degradation along with output power without degradation (ideal case) of the
tandem module is utilized to determine the overall power loss in tandem devices as a function of the specified
top layer degradation’s.

Figure 5.2: GUI flowchart for implementing degradation in Tandem modules.

5.2. VALIDATION OF TANDEM DEGRADATION:

The degradation section is validated using data from the report [102] for perovskite/silicon tandem devices.
The modelled perovskite/silicon tandem module in PVMD toolbox has a 29.15% efficiency and a PSTC value
of 556 W. According to Jiadong Qian, a 2T and 4T perovskite/silicon tandem module should have a perovskite
top layer degradation rate of 0.9% and 1.3% per year to retain its 80 percent performance in 25 years, while a
silicon bottom layer with a degrades at rate of 0.8% per year.
Similar scenario is replicated in PVMD toolbox using Negev meteorological data to simulate the degradation
model for silicon bottom layer. At Negev, it is seen that the performance of independent crystalline silicon
module decreases by 20% after operating for 24 years with degradation of 0.75% as seen in section 3.4. This
location has similar lifetime of crystalline silicon module as the reference case. Therefore, it is used for vali-
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dation of the model in PVMD toolbox. As shown in the table 5.1, the modelled performance of a 2 terminal
perovskite/silicon tandem module decreases by 20% after 24 years if the perovskite layer degrades at a rate
of 0.9% per year, and 4 terminal perovskite/silicon tandem module if the perovskite layer degrades at a rate
of 1.4% per year. The computed parameters are same as reference perovskite layer degradation values in the
reference report [102]. Thus validating our model in PVMD toolbox.

Table 5.1: Tandem module degradation with respect to configuration.

Configuration Reference degradation rate [%] Modelled degradation rate [%]
2 Terminal 0.9% 0.9%
4 Terminal 1.3% 1.4%

5.3. RESULTS AND DISCUSSION

To investigate various output parameters for 2T and 4T tandem module. We designed a case study with a
C s0.05(F A0.77M A0.23)0.95Pb(I0.77Br0.23)3 perovskite layer on top and a crystalline silicon layer on the bottom,
both with the cell structure shown in figure 5.1. The PVMD toolbox uses GenPro4 software to create the
cell structure. Irradiation is computed using sky maps and sensitivity maps. The module’s temperature is
calculated using a fluid dynamic model. For the case study, the electrical system is configured in the "ELEC-
TRICAL" section, and the process is as illustrated in the figure 5.2, "Model cells" − > Perovskite top layer − >
silicon bottom layer −> ignore metalization losses −> 3 bypass diodes −> 2T or 4T −> evaluate IV parameters
with degradation −> Top pvk layer degradation rate ". This results in the development of a 2T tandem mod-
ule having 72 cells with a 29.15% efficiency, a short circuit current I scSTC of 4.89A, an open circuit voltage
V ocSTC of 133.31V, and a power output PSTC of 556.08 W under STC conditions. The same design resulted in
a 4T tandem module with a 29.15% efficiency, a short circuit current of 4.84A and 4.92A in the top and bottom
layer, an open circuit voltage of 81.79V and 51.52V in the top and bottom layer, and a power output of 556.30
Watts. Both configurations exhibited a fill factor of about 85.2%.

5.3.1. NORMALIZED POWER RESULTS FOR 2T AND 4T TANDEM MODULE

Silicon is used as the bottom layer in both tandem module designs. The Kaaya degradation model mentioned
in section 3.2.3 is used to calculate the normalized power(NP) output of a silicon bottom layer with tandem
structure (as the structure affects the bottom layer temperature, an important parameter for evaluating sili-
con degradation). We acquired power loss (calculated as = 1−N P ) and the lifespan of the bottom silicon layer
after computing the degradation model for silicon in order to achieve a 20% performance decline. Two con-
straints/assumptions are used to compute the degradation of the total tandem module. To begin, the tandem
module’s temporal computation is restricted by the lifetime of an independent crystalline silicon module at
the site for correlation purpose. Second, due to a lack of data on the performance of perovskites, it is antici-
pated to decrease linearly each year. Using the constraints/assumptions we initiated a tandem module with
a defined lifetime, assessed power loss in the bottom layer, and specified linear degradation in the top layer.

The subsequent linear degradation rate of the top layer is varied between 0.2 and 3% per year and the nor-
malized power of the tandem module is determined for each degradation rate at Almeria (with independent
crystalline silicon module lifetime of 35 years and avg 0.51% DR). As illustrated in 5.3, a contour map is used to
depict the normalized power of tandem module with varying top layer degradation rates (0.2 to 3% per year)
and a non-linear simulated bottom layer power loss. The X-Axis indicates the number of years till the tandem
module reaches its temporal limit (i.e., the lifetime of the independent crystalline silicon module), the Y-Axis
the various degradation rates of the top layer, and the Z-Axis the tandem module’s normalized power.

In figure 5.3a and 5.3b, the maximum observed normalized power (z value) is indicated by a light contour
code (96%) whilst the lowest observed normalized power (<65%) is indicated by a dark contour code and the
area enclosed by blue bounds represents the 80% performance area. Over a 35-year period, we see a 20%
reduction in performance for 2T tandem module, while perovskite module degrades at a linear rate of 0.5%
per year and 4T tandem module at a linear rate of 0.8% per year. At 0.3% greater DR than the degradation rate
of 2T pvk layer, the 4T tandem module achieves its 20% performance loss in 35 years. This is because the top
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and bottom layers in the 4T configuration are not coupled, eliminating losses caused by current mismatch
and thereby enhancing module performance. When the maximal degradation rate of perovskite is assumed
(3% per year), the initial normalized power is around 96% but rapidly declines to 66% near the end (i.e 35
years). While the lowest degradation rate of perovskite (0.2% per year) shows that the initial normalized power
was around 96% but it gradually degrades to 85% in both configurations.

Table 5.2: Optimal tandem degradation rate for 35 years lifetime.

Tandem configura-
tion

Optimal degra-
dation rate[% per
year]

Lifetime

2 Terminal 0.5 35
4 Terminal 0.8 35
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(a) Normalized power for 2T tandem.

Normalized power of 4T Perovskite/Si tandem module
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(b) Normalized power for 4T tandem.

Figure 5.3: Normalized power as function of top perovskite layer degradation and time at Almeria, Spain.

5.3.2. ENERGY PRODUCTION RESULTS FOR 2T AND 4T TANDEM MODULE

The energy generated by the tandem module is simulated as the sum of the module’s power output for each
hour in a year with degradation. As with the preceding section, the energy generated is displayed as a function
of the degradation rate and time of the perovskite layer. The contour plot in figure 5.4a and 5.4b illustrates
the total energy generated by tandem module during that particular year. The X-axis indicates the number
of years, the Y-axis indicates the degradation rate of perovskite, which ranges from 0.2 to 3% per year, and
the Z-axis indicates the amount of energy produced in kWh per year at Almeria. The yellow contour shows
the most amount of energy generated, while the blue contour indicates the least amount of energy generated.

According to the previous section 5.3.1, a recommended perovskite degradation rate of 0.5% in a 2T tandem
module results in a 20% reduction in performance upon 35 years (the same lifespan as a independent crys-
talline silicon module); under these conditions, the 2T tandem module generates 32.3 MWh over 35 years.
As illustrated in figure 5.4c, the perovskite layer with the lowest degradation rate (0.2% per year) produces
the most energy (33.3 MWh) over a 35-year period, while the layer with the highest degradation rate (3% per
year) produces the least energy (29.5 MWh) over the same period as seen in table 2.3b. Thus, for a place such
as Almeria with degradation rate of 0.51% for silicon module, constructing a tandem module with the lowest
degradation rate for top pvk layer, which requires more resources, produces 13% more energy than designing
a perovskite layer with a high degradation rate.

As demonstrated in figure 5.4c, it is recommended that the perovskite layer in a 4T tandem module degrades
at a rate of 0.8% per year, resulting in a 20% degradation in performance after 35 years; under these condi-
tions, the 4T tandem would generate 32.4 MWh of energy over its lifetime. When a degradation rate of 0.2%
per year is considered, 33.8 MWh of energy is generated over a 35-year period, while a degradation rate of
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3% per year generates 29.9 MWh of energy over the same period. Thus, if we create a tandem module with
low pvk degradation, we can generate 13% more energy than if we construct a module with high pvk degra-
dation.

Energy( kWh per year) in 2T Perovskite/Si tandem module
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(a) Energy produced by 2T tandem.

Energy( kWh per year) in 4T Perovskite/Si tandem module
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(b) Energy produced by 4T tandem.
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Figure 5.4: Energy produced as function of top perovskite layer degradation at Almeria, Spain.

5.3.3. ENERGY COMPARISON OF 2T AND 4T TANDEM MODULE WITH CRYSTALLINE SILICON

MODULE

Moreover, we compare the energy generated by tandem modules to that produced by independent crystalline
silicon modules at the location-Almeria. We examine the ratio of energy produced each year by tandem mod-
ule to energy produced by crystalline silicon module in each year as a function of the degradation rate of the
perovskite top layer. A contour plot is used for this purpose, as illustrated in figures figure 5.5a and 5.5b,
where the X-axis represents the number of years, the Y-axis represents the degradation rate of the perovskite
top layer, and the Z-axis represents the ratio of energy produced by tandem module and independent crys-
talline silicon module at the location for each year. The violent code represents the highest energy ratio (1.24),
while the blue code represents the lowest energy ratio (1). For example, a 2T tandem module with a perovskite
degradation rate of 1% per year on 10th year would generate 22% more energy than a typical crystalline silicon
module at the site, while a 4T tandem module would generate 23% more energy on 10th year. In other exam-
ple, a 2T tandem module with a DR of 2% each year would produce 13% more energy than crystalline silicon,
whereas a 4T tandem module would produce 15% more energy than a conventional silicon module in that
year.

When a 2T tandem module is configured, it is compared to a crystalline silicon module with a degradation
rate of 0.51%, a module efficiency of 24.39% and PSTC of 458.54 W. The highest conceivable yearly energy
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ratio is 1.22 for 0.2% perovskite degradation in first year, while the lowest possible annual energy ratio is 1 for
a 3% degradation rate in the 35th year. In a 4T tandem module, we observe a maximum annual energy ratio
of 1.24 in the first year for a 0.2% degradation rate of perovskite and a minimum of 1 for a 3% degradation rate
in the 35thyear.

The figures 5.5c show the ratio of total energy generated by tandem module and crystalline silicon module
over a 35-year period. We observe that a perovskite layer with a DR of 0.2%, 0.5%, or 3% per year in a 2T
tandem module would generate 26%, 22%, or 11% more energy than a crystalline silicon module. At 0.2%,
0.8%, and 3% DR each year, a 4T tandem module would produce 28%, 23%, and 13% more total energy than
crystalline silicon module. It is interesting to note that 4T module generates more energy than 2T when
compared with crystalline silicon modules in all cases of top layer degradation.

Energy comparison of 2T tandem and crystalline Si module
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Figure 5.5: Energy comparison as function of top layer degradation and configuration at Almeria, Spain.

5.3.4. FINANCIAL ANALYSIS OF TANDEM MODULE

Economic feasibility is critical when it comes to commercializing any technology or project. As a result, we
conducted a study comparing the LCOE of 2T or 4T tandem modules to that of crystalline silicon modules.
We give the ratio of the LCOE of a tandem module with a 2T or 4T configuration to that of an independent
crystalline silicon module as a function of the degradation rate of the perovskite top layer. This variable can
be used to assess the economic benefit of using a tandem module rather than a standard crystalline silicon
module at a particular location. We use the same location as in prior experiments - Almeria, Spain - for this
study. The figures 5.6a and 5.6b denote the ratio of the LCOE of a 2T and an independent crystalline silicon
module, and of a 4T and a crystalline silicon module, respectively, as a function of perovskite degradation.
Due to the fact that perovskite modules are not yet commercially viable, there is a lack of financial data re-
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garding perovskite modules. As a solution, we made a few assumptions, one of which is that the cost of
manufacturing tandem modules is a certain percentage higher than the cost of manufacturing crystalline sil-
icon modules. The percentages used to calculate the cost of tandem module manufactured are 5,10,20,40,60,
and 80%, meaning cost of tandem module [AC per kW] =crystalline silicon module cost per kW+crystalline
silicon cost per kW∗x% (where x is the specified percentage). This modelled module cost of tandem is used to
calculate the module costs inputs for the table 4.1 built in the PVMD toolbox’s LCOE section 4.2.1. A compa-
rable setup to that utilized in section 4.4 is replicated for tandem module, but with a fixed and grid-connected
residential system rated at 7.2 kW. As mentioned in section 4.2.1, the cost of crystalline silicon modules was
395.5AC per kW. Applying a cost percentage of 5, 10, 20, 40, 60, and 80% to determine tandem module costs
results in 415.2, 435, 474.5, 553.6, 632.8, and 771.85 AC per kW. Electrical, inverter, structural, and operation
and maintenance costs are assumed to be identical, i.e. 193.53, 151.45, 84.14, and 16.8 AC per kW, respectively.
In each case of tandem module costing, the LCOE for total investment recovery for 35 year is determined.

The ratio of LCOEs is defined as function degradation rate of perovskite layer and additional manufacturing
cost. The additional cost of manufacturing tandem module is depicted in figure 5.6 as a blue cross, red circles,
yellow plus, purple asterisk, green square, and blue diamonds for percentages of 5, 10, 20, 40, 60, and 80%.
The X-axis indicates the ratios of LCOEs, the Y-axis reflects the degradation rate of perovskites, and the curves
represent production costs.For instance, suppose a 2T tandem module costs 40% more than crystalline sili-
con modules and the perovskite layer in this tandem module declines at an optimal rate of 0.5% each year.
The LCOE required to repay the investment cost of a tandem module is 13% greater than the LCOE of a crys-
talline silicon module after 35 years. In worst possible combination if tandem modules are made at a cost of
80% more than silicon modules and perovskite degrades at a rate of 3% per year, the LCOE of tandem mod-
ules should be 40% higher than silicon modules. The LCOE of a 4T tandem module at 40% higher cost and
0.8% optimal degradation is 12% more than that of a crystalline silicon module. In 4T, the worst combination
requires a 38% increase in LCOE. In other case If tandem modules are operated at a 10% higher cost and the
perovskite layer degrades at a 0.2% annual rate, the LCOE of the 2T and 4T tandem module is 2% and 4%
lower than that of the silicon module. Indicating that employing tandem modules is more cost effective than
using crystalline silicon modules in this combination.

As mentioned previously in section 5.3.1, we are interested in the degradation rate of perovskite at 0.5 and
0.8% for 2T and 4T, respectively, in Almeria. For a 2T tandem module with a degradation rate of 0.5 percent
and manufacturing costs increasing by 5,10,20,40,60, and 80 percent, the LCOE value increases by 0.3, 2, 6,
13, 19.5, and 32%, respectively. With 0.8 percent perovskite degradation and manufacturing costs increas-
ing by the above percentages, the LCOE values of the 4T tandem module increase by -1,1,5,12,19, and 30%,
respectively. It is interesting to observe that at 5% additional cost and optimal degradation rates 2T reaches
equilibrium with silicon module but 4T LCOE is in forward equilibrium indicating tandem module have lower
LCOE than crystalline silicon module.
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Figure 5.6: LCOE comparison of tandem module and silicon module as function of perovskite degradation and manufacturing cost.
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5.4. CONCLUSION

We built a degradation model for perovskite silicon tandem module in this study and combined it with the
module’s IV parameters, as well as implemented it in the PVMD toolbox. A tandem structure as mentioned in
figure 5.1 is used to design a module in PVMD toolbox with 72 cells resulted in 556.08W for 2T and 556.31W
for 4T tandem under STC conditions. The current electrical model in the PVMD toolbox has been updated to
account for tandem module degradation effects using weighted averages. To conduct the study on tandem
modules, a few constraints were imposed: (1) the computation period for degradation in tandem modules
is limited to the lifetime of an independent crystalline silicon module at the location (calculated using the
Kaaya model from section 3.2.3) to be able to correlate them; and (2) the perovskite top layer is assumed to
degrade linearly with time due to a dearth of data on perovskite performance. This model was validated using
data from the report [102], which indicates that 2T and 4T perovskite silicon tandem modules with degrada-
tion rates of 0.9% and 1.3% respectively, meet the manufacturers’ 25-year warranty. Negev with lifetime of 24
years and 0.74% DR is utilized to simulate the scenario described in the paper. It demonstrated that when 2T
and 4T perovskite layer degradation rate is 0.9% or 1.4% per year, respectively, the anticipated performance
of 2T and 4T tandem module decreases by 20%. Thus, the model’s validation is completed.

Further studies are performed for Almeria, Spain where Kaaya model predicts a 35-year lifetime for the crys-
talline silicon tandem module. Tandem module performance ratios was investigated here. Degradation rates
of 0.2 to 3% per year for perovskite top layer generate performance ratios of 96 to 66%. Tandem modules at
Almeria are expected to last for 35 years (lifetime silicon modules), with a maximum degradation rate of 0.5%
and 0.8% per year for 2T and 4T top perovskite layer, respectively. The total energy generated by 2T and 4T
tandem modules is also investigated.
To add intrigue to the result, we investigate the total energy generated by 2T and 4T tandem modules over a
35-year period using independent crystalline silicon modules. It is shown that 0.5% degradation (optimal) in
a 2T tandem module result in 22% greater total energy than crystalline silicon module at the location. At the
site, a 4T tandem module with a degradation rate of 0.8% (optimal) generates 23% more total energy than the
market-dominant crystalline silicon modules. When extreme degradation rates of 0.2% and 3% are investi-
gated, we see both 2T and 4T produce 13% more energy in 0.2% DR.

Financial analysis is crucial in determining the feasibility of a project. Thus, the LCOE of 2T and 4T tandem
modules is compared to the LCOE of an independent crystalline silicon module for Almeria as a function of
the degradation rate of the perovskite layer over a 35-year recovery period. To compare the LCOEs of tandem
and crystalline silicon modules, a ratio of their LCOEs is utilized. Due to a shortage of data on tandem module
costs, they are assumend to have produced at additional cost of 5,10,20,40,60, and 80% than silicon modules.
For a 35-year lifetime, a 2T tandem with an ideal perovskite degradation rate of 0.5% and 40% greater produc-
tion costs requires a 13% higher LCOE than crystalline silicon. Similarly, 4T requires 12% higher LCOE than
crystalline silicon for the perovskite’s with ideal degradation rate of 0.8% and 40% additional cost. Economic
equilibrium is obtained when a 2T tandem module operates at a DR of 0.5% and a manufacturing cost of 5%,
with the LCOE of tandem being roughly identical to that of crystalline silicon. At 0.8% DR and 10% higher
manufacturing cost, the 4T tandem achieves economic equilibrium. It’s worth noting that 4T tandem at 0.8%
DR and 5% additional manufacturing cost require cheaper LCOE than crystalline silicon.



6
CONCLUSION

This chapter presents a summary of findings and work done for the objectives provided in the chapter 1.1 in
this MSc thesis project along with recommendations for future development that can be carried out.

The main goal for the project to is

Evaluate lifetime yield of crystalline silicon and perovskite/silicon tandem module along with financial
analysis and implementation in PVMD Toolbox.

Section 6.1 discusses how the main goal was achieved through three objectives. Improvements made in
PVMD toolbox are presented in section 6.2 and finally, the recommendation for future work are presented
in section 6.3.

6.1. FINAL CONCLUSION

The section 3.2 described the construction of a hybrid model that incorporates both statistics and physics-
based models. We selected to address the gaps in knowledge found in the literature study by implementing
Ismail Kaaya’s hybrid model (referred to as the Kaaya model). We use the mathematical models described
to calculate the degradation rates associated with the major mechanisms of degradation, namely hydroly-
sis, photo, and thermo-mechanical degradation, and then integrate them into a single total degradation rate
variable. The computed degradation rate, in conjunction with the model parameters , initiate the non-linear
power loss model, which is described in detail in section 3.2.3, along with a flowchart illustrating the methods
used. To assess crystalline silicon module degradation under various climatic circumstances, five Koppen-
Geiger photovoltaic (KGPV) classed climatic zones are used. The characteristics of these climate zones are as
follows. The tropical zone with high irradiation (AH) in Bangkok, Thailand, has a degradation rate of 1.31%
and a lifetime of 13.4 years, the desert with extremely high high irradiation (BK) in Atacama, Chile, has a
degradation rate of 0.53% and a lifetime of 33.4 years, the steppe with high irradiation (CH) in Almeria, Spain,
has a degradation rate of 0.52% and a lifetime of 24 years, temperate with high irradiation (DH) in Atlanta,
USA has 0.67% degradation rate and 26.2 years lifetime ,and cold with medium irradiation in Minneapolis,
USA has 0.33% degradation rate with 55.9 years. Tropical climates degrade the most in in all mechanisms,
while cold climates degrade the least in all mechanisms except thermo-mechanical degradation caused by
large temperature changes. Contrary to popular belief, tropical climes outperformed desert regions in terms
of photo-degradation due to the presence of higher relative humidity. The overall degradation data indicated
that tropical has the greatest loss of power, followed by temperate, steppe, and desert, and finally cold. The
final power loss in the desert and steppe zones seems to be equal because the average stress in the desert
is offset by a single high stressor(i.e, temperature) in the steppe. It is critical to highlight that the Atacama
location chosen for the desert zone is close to the ocean, resulting in a greater relative humidity than average.

The financial analysis is conducted using the LCOE measure. Tropical, steppe, and cold climates are chosen
as extreme, intermediate, and least degraded areas, respectively. For the case study, a hypothetical residen-
tial fixed and grid-connected system with a rated power of 6.5kW is constructed. The results indicate that
for a 40-year investment recovery period in Almeria (steppe climate), replacing degraded modules with new
modules at the same price will result in a 12.8% increase in LCOE, while replacing with new modules at a
lower price of that time will result in a 5% increase in LCOE. Sensitivity analysis utilizing the discount rate
revealed that increasing the discount rate from 5% to 10% results in a 43% increase in LCOE, while decreasing
it to 3% results in a 2% drop in LCOE. At the moment, grid parity and investment recovery can be achieved
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with a minimum of five years of operation of a photovoltaic project in Almeria. Similar research conducted in
Bangkok (tropical environment) revealed LCOE increase of 47.4% and 27.4% for scenarios 2 and 3 that is us-
ing the same price module and lower priced modules, respectively. Sensitivity analysis revealed a 35.3% and
10% rise in LCOE, respectively, when the discount rate was increased from 5% to 10% and 3%. Grid parity and
investment recovery are possible in Bangkok for residential systems after 33 years of operation; scenarios 2
and 3 take more than 50 years. Because Minneapolis (cold climate) has a 56-year life expectancy, the module
does not need to be updated over the 40-year investment recovery period, leading in no change in the LCOE
for any scenario. Perhaps sensitivity study revealed that a 5% to 10% change in discount rate results in a 50%
reduction in LCOE and a 2% reduction for a 5% to 3% change. These findings indicate that switching to new,
less expensive modules in Tropical (high degradation) climates has a great influence on LCOE than in steppe
climates ( moderate degradation). Discount rate variation has the greatest impact on LCOE in cold climates
(lowest DR), followed by tropical and steppe regions.

The method and results of tandem module degradation are presented in section 5.1. In PVMD toolbox, a 72-
cell tandem module utilizing perovskite and silicon cells is produced with a 29.15% efficiency and an output
power of 556W and 556.30W for 2T and 4T, respectively. To achieve a 35-year lifetime for a tandem module,
i.e., the lifetime of a crystalline silicon module at the location calculated using the Kaaya degradation model
in a steppe climate such as Almeria, perovskite cells must degrade at a degradation of 0.5% and 0.8% per
year for 2T and 4T configurations, respectively, and as a result, they yield 22% and 23% more energy than
crystalline silicon modules, respectively. It is critical to note that the 0.3% leverage observed in the 4T module
is due to the absence of a current mismatch resulting in a performance loss. The 2T and 4T modules are
compared to the market-leading crystalline silicon modules, which have a power output of 458.54W and an
efficiency of 24.4% and are likely to be commercialized in the next decade. At a least degradation rate of 0.2%,
2T and 4T generate 26% and 28% more energy than crystalline silicon, respectively; at a high degradation rate
of 3%, we see 11% and 13% more energy than silicon modules. The financial analysis compares the LCOE
of tandem modules with crystalline silicon. The cost of tandem modules is specified as being 5, 10, 20, 40,
60, and 80% higher than the cost of contemporary silicon modules. 2T modules with a 0.5% degradation
and a 40% increase in manufacturing cost resulted in a 13% higher LCOE than silicon modules, whereas 4T
modules with a 0.8% degradation and a 40% increase in manufacturing cost resulted in the same 13 percent
higher LCOE as silicon modules. Indicating that both the 2T and 4T modules function identically at optimal
degradation and added cost. Economic equilibrium is established in 2T at a degradation rate of 0.5% for the
pvk layer and 5% additional cost for the tandem, and in 4T at a degradation rate of 0.8% and 10% additional
cost. It is intriguing that 4T at 0.8% DR and 5% additional cost results in forward equilibrium with tandem,
demonstrating that tandem modules are a preferable investment than silicon in Almeria’s steppe climate.

6.2. IMPLEMENTATION IN PVMD TOOLBOX:

The developed model are integrated into the toolbox and validated for performance. They are provide with
user interactive GUI for better experience. Implementations include:

1. Degradation Model: A new degradation section has been added to the toolbox, complete with a graph-
ical user interface for specifying the location’s name and operation period till which normalized power
are calculated irrelevant to lifetime. The weather section is updated in accordance with the input re-
quired to create the degradation model. The degradation section generates two graphical and MATLAB
variables. The graphical result includes a representation of the normalized power due to each degra-
dation mechanism as well as the total degradation during the lifetime of the module. Variable output
include degradation rates and normalized power values as a result of the degradation.

2. Financial section: A new financial section has been included to compute the LCOE. The interactive
graphical user interface (GUI) displays the number of modules, system costs (segregated), discount
rate, and other economic scenarios, as well as the annual growth rate. The output includes a visual
representation of the annual LCOE necessary to recover the investment in that year as a function of
economic scenarios and MATLAB variable. The MATLAB variable contains the LCOE and discounted
energy values, as well as the total amount of actual energy produced and the overall system cost for the
selected operational time.

3. Tandem section: The electrical section has been modified to account for degradation in the IV char-
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acteristics of silicon and pvk/si tandem modules. The updated graphical user interface now offers the
ability to specify the rate of perovskite degradation. The final output is a MATLAB variable including
degraded parameters for each year, such as DC power and average normalized power.

6.3. RECOMMENDATIONS

Some improvement that are possible for future studies are as following:

1. A weather research and forecast model can be used to increase the accuracy of the degradation model
by predicting environmental stress values such as relative humidity, ambient temperature’s and UV
radiations in future.

2. Conducting research on PV module recycling solutions can be employed in the financial area, as recy-
cling generates revenue for degraded modules that must be replaced.

3. Financial assessment can be further improved by incorporating variable to account new efficient power
generating module for energy calculation in future.
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