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Abstract 

 

This thesis addresses degradation of crystalline silicon photovoltaic modules in Nordic 

climatic conditions. Quantification of the photovoltaic module degradation rate and the 

identification of the underlying physical factors has a vital economic and technical 

importance. However, photovoltaic module degradation is influenced by many factors and 

among the most important ones is climate.  

Here, the photovoltaic module degradation rate is quantified, and the underlying physical 

degradation pathway are identified. This is done by using two methodologies and a three-and-

half year five-min interval data comprising four parameters. The analysis involved a thorough 

data filtering process and uncertainty minimization techniques. Using the double diode circuit 

model, the degradation of circuit parameters as a function of time is determined from the 

operational current-voltage data. From this, the dominant degradation pathway is identified. 

Examining the temporal evolution of the parameters, it was possible to identify the likely 

physical mechanism behind the degradation and how it is linked to the Nordic climate. 
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Chapter 1  

Introduction 

1.1 Photovoltaic Growth and Importance of Determining 

Performance Degradation 

 

The global energy consumption is increasing caused by fast development, raise in world 

population, improvement in quality of life and increased mobility [1]. In 2018, the global 

demand grew by almost twice the average of the last 10 years, and this is recorded to be the 

fastest since 2010 [2]. The largest share of the global consumption comes from coal and fossil 

fuels which are not sustainable and environmentally friendly. The consequence of 

dependency on fossil fuels is related to their unreliability and the adverse impact they have on 

the environment. The increased use of these sources will not only diminish and ultimately 

deplete the fossil fuel reserves themselves, but it also ends up releasing huge amount of 

pollutants contaminating the atmosphere. Pollution from the continuous use of these sources 

have been severely impacting the environment in the past several years, resulting in 

noticeable changes in global warming and unfamiliar variation in local climatic conditions. 

Therefore, due to the unreliability of the sources in terms of assuring long-term energy 

security and the continued threat they pose on the environment, the use of fossil fuels has 

long been considered unviable [3]. Unlike fossil fuels, renewable energy sources such as 

solar photovoltaic, wind, hydropower and geothermal energy sources are replenished 

continually by nature and as such they are reliable and clean. 

According to the international energy agency (IEA) report under Renewables 2018, the share 

of renewables in meeting the global energy demand is projected to grow by one-fifth of the 

present share to reach 12.4 % in 2023. This figure amounts to be more than 70% in terms of 

the global electricity generation growth and it will be led by the growth in Solar photovoltaics 

[4].  

Photovoltaic (PV) power generation have been going through exponential growth from 1.3 

GWp global cumulative installed capacity in 2000 to 398 GWp in 2017. In 2018, 

photovoltaics power generation has increased to over 570 TWh, which is 30% more to the 



year before. This has, for the first time, made photovoltaic power generation to have more 

than 2% global share of electricity production [5]. The PV power generation is expected to 

lead the renewable electricity capacity growth and expand by 580 GW only in the next five 

years, according the IEA report under Renewables 2018. In general, the PV solar is on the 

fast track forward hallmarked by the inexhaustible, widely available and environmentally 

friendly input resource, the sun. 

  

Figure 1.1: Solar PV power generation [5] 

  

For the rapid growth of the PV industry to continue, accurate prediction of power delivery 

over the course of time has a vital economic importance. The importance is related to the 

levelized cost of energy/electric (LCOE). Since investors use LCOE as a financial benchmark 

to decide on the viability of investing on PV against other energy resources, inaccuracies in 

LCOE estimation caused by inaccurate prediction of power deliver presents them with 

considerable financial risk [6]. The accurate prediction of long-term power delivery is not an 

easy task because PV module performance degrades overtime [7]. Yet, the problem is not 

necessarily the degradation itself. Rather, the degradation is influenced by various factors and 

it is not clear how exactly these factors are affecting the degradation. Therefore, for accurate 

prediction of long-term power delivery, the influencing factors need to be properly 

understood and the degradation rate has to be accurately quantified. The importance of 

understanding the underlying degradation pathways and quantifying the degradation rate is 



not limited to the financial aspect of boosting investors' confidence. It is also equally 

important technically for module manufacturers. For example, the development of better 

accelerated models that may be used for PV module lifetime prediction is directly related to 

the understanding of the underlying physics and chemistry of the degradation mechanism. 

But this is a challenge because some of the degradation modes are hidden during accelerated 

test and are revealed under field operation conditions [8]. The specific degradation modes are 

determined primarily by technology, climate, mounting configuration, model and so on [9]. 

 

1.1 The Solar Resource 

 

The sun is an average star that has been burning for 4-billion years. Almost all the energy 

available on earth has it source directly or indirectly to the sun. Unlike other stars that are 

enormous source of X- rays and radio waves, the sun sends out 95% of its output energy as 

light [10]. A square meter of the sun’s surface releases 5.961 * 107 W of power to the solar 

system. At a distance far away from the surface of the sun the same amount of power emitted 

from sun’s surface becomes spread out over a much wider area, so when 5.961 * 107 W of 

power emitted by a square meter of the sun’s surface is projected on the top of the earth’s 

atmosphere, the irradiance reduces to a constant value of 1366W/m2.  Therefore, the earth’s 

atmosphere is under steady bath of incident solar irradiance of constant amount, also known 

as the solar constant.  

 As the solar irradiance passes through the atmosphere towards the surface of the earth, 

however, it is modified by the constituent of the atmosphere such as clouds. While clouds 

reflect some of the irradiance, others such as ozone, oxygen, carbon dioxide and water vapor 

have significant absorption specific spectral bands [11]. The irradiance is also scattered by 

water droplets and suspended dust. The result of this process is that the irradiance reaches a 

receiver on the earth's surface decomposed into many components. These components are 

direct, diffused and albedo irradiance. The direct component is the beam of light directly 

from the sun without being reflected or scattered. The diffused component comes from the 

whole sky, except the sun's disc, towards the receiver and albedo irradiance is the irradiance 

reflected from the ground. The total irradiance on the surface of the receiver is, therefore, the 

summation of all the three and it is termed as the global irradiance.  



 

1.2 The solar Spectrum 

 

As the sunlight travels through the atmosphere, it is not only the power density irradiance that 

becomes modified by the constituents of the atmosphere, but the spectral content is also 

attenuated. Therefore, as the sunlight reaches the earth's surface, the spectral content of the 

irradiance should also be characterized. Air mass is a coefficient that characterizes the 

attenuation of the irradiance in a clear-sky day. Air mass AM is defined as the relative 

pathlength the direct irradiance travels through the atmosphere compared to the shortest 

vertical path directly to sea level [Handbook]. For ideal homogeneous atmosphere, the air 

mass is given by: 

𝐴𝑀 =  
𝐿

𝐿𝑜
=

1

𝑐𝑜𝑠𝜃
(1.1) 

 

Where, 𝐿 is the distance sunlight travels through the atmosphere; 𝐿𝑜 is the distance sunlight 

travels through the atmosphere to a location at the equator. 𝐿𝑜 is thus the shortest distance 

sunligh can travel to a location on earth.  θ is the angle between 𝐿 and 𝐿𝑜, commonly known 

as solar zenith angle. AM0 is corresponds to the extraterrestrial spectrum which is the solar 

constant of value 1366W/m2. AM1 is the spectrum of sunlight at the equator; and finally, 

AM1.5 is the solar spectrum at latitude of 48.2°. 

  

 



 Figure 1.2   Global AM1.5, Direct AM1.5 and AM0 reference spectra [11] 

1.3 Photovoltaic Cells and Modules  

 

The photovoltaic cells or solar cells are the smallest functional units responsible for the direct 

conversion of energy in light into electricity. They are usually a thin slice of a semiconductor 

material with around 100 cm2 in area. When charged by the sun, they produce open circuit 

photovoltage in the range of 0.5 to 1 volt and short circuit photocurrent in tenth of milliamps 

[12]. Since the voltage produced by a single cell is too small to be useful for any application, 

the cells are connected in series to bring the voltage to a useful range and are encapsulated in 

a module. The PV modules are the smallest usable units and as such they can be connected in 

series to make a single string or a number of strings in parallel to make an array, providing 

ideal scalability to fit the power demanded by the particular application. 

 

1.4 The Solar Cell as Power Generator Unit 

 

The photovoltaic effect is the basis for the conversion of light energy into electrical energy in 

photovoltaic or solar cells. When sunlight (photons) enters the semiconductor material, it 

imparts its energy to electrons and boosts them up to a higher energy state. Although the 

electrons in this higher state are normally unstable to stay for long, the cell material is 

engineered in such a way that some of the electrons (and the holes) are captured while they 

are in the higher energy state and transferred into the external circuit. Owing to the extra 

energy carried by the electrons, photovoltage develops across the terminals of the cell 

following the electrons entry to the external circuit, resulting in the photovoltaic effect. When 

the terminals of the cell are connected to external load, the photovoltage created by the 

photovoltaic effect will start drive current and thus the cell generates power [12]. 

  

1.5 Solar Cell Current-Voltage Characteristics  
 

A solar cell is characterized by its current-voltage (I-V) curves which describes the current-

voltage relationship of the cell under specific operation conditions (irradiance and 

temperature). When the cell that is under a certain irradiance and temperature conditions is 



connected to a variable load, the I-V characteristics of the cell takes the shape shown in 

figure 1.3. In terms of electrical properties, solar cells are diodes in the dark and photocurrent 

generators when illuminated. Thus, their current-voltage relationship is a superposition of 

forward-biased diode current and short circuit photocurrent of solar cells. For the real solar 

cells, the I-V relationship is given by Equation (1) [12]. More detail about the equation is 

given in chapter 2. 

  

  

𝐼 = 𝐼𝑠𝑐 − 𝐼𝑜 (𝑒
𝑞𝑣+𝐼𝑅𝑠
𝑛𝑘𝐵𝑇 − 1) −

𝑣 + 𝐼𝑅𝑠

𝑅𝑝

(1.2) 

 

There are three important points in the I-V curve, namely the short circuit current, open 

circuit voltage and maximum power points. Under specific operating conditions the short 

circuit current 𝐼𝑠𝑐 is the maximum possible current where the connected terminals of the cell 

have zero series resistance. When the resistance between cell terminals are infinite, i.e. in 

open circuit condition, the voltage across cell terminals is the maximum possible voltage 

under the same operating conditions, and that is open circuit voltage 𝑉𝑜𝑐. At these two pionts, 

the cell produces no power output. However, the cell starts to produce power when the 

terminals its terminals are connected to a certain load resistance and its typical current-

voltage characteristics curve is shown in figure 1.3. The output power increases linearly with 

the applied load up to some point a little below 𝑉𝑜𝑐 and then starts to drop logarithmically as 

the applied load approaches 𝑉𝑜𝑐. Therefore, there is a point in the I-V curve where the power 

is maximum. This point is called maximum power point or MPP. 



 

Figure 1.3:   The current–voltage and power–voltage curves for a PV cell, module or array, 

showing the current and voltage parameters usually considered. Note that the scales of the 

two curves are chosen so that the curves coincide at the maximum power point [9]. 

  

The PV module is described by the same I-V curve and electrical parameters of the cells it 

encapsulated. A PV module need to operate at the MPP for a maximum power output under 

the given condition of irradiance and temperature. However, since the parameters that define 

the I-V curve are dependent on the operating conditions, especially on the irradiance and 

temperature, this point changes with the conditions. For this reason, PV modules under field 

operation are often equipped with MPP trackers. Following the change in operating 

conditions, the MPP trackers continuously modify the operating point such that the cells in 

the PV module will always be operating at a point as close to the ideal maximum power point 

as possible. The current and the voltage at the maximum power point are denoted by 𝐼𝑚𝑝 and 

𝑉𝑚𝑝 and are shown in I-V curve. 

  

1.6 PV Module Electrical Characteristics 

 

In principle, the PV module is series-connected cell and thus its voltage is the voltage of a 

single cell times the number of cells in the module and the current is that of the single cell. 

This is under the assumption that the cells in the module are identical, which may not be 

always true. If one of the cells in the series-connection is defective, the current from rest of 



the module could be obstructed, potentially leading to make the module obsolete. However, 

PV modules are equipped with by-pass diodes that will activate in the case of defective cells 

in the series-connection. 

PV manufactures usually provide three representative points described above (the short 

circuit current, the open circuit voltage and the MPP current and voltage) measured at 

standard test conditions (STC). In addition to these parameters, other important parameters 

such as the temperature and irradiance characteristics of the PV modules are provided. 

  

1.7 Operating Conditions 

 

The PV module output depends on the irradiance received by the cells and the operating 

temperature of the cells. The output is also influenced by the spectral variation of the solar 

irradiance. This is because solar cells of different absorber material and technology have 

different spectral response [9]. Establishing a set of standard conditions is, therefore, 

important in order to compare performance of different modules. These conditions are called 

Standard Test Conditions (STC) for flat plate PV system and are given as follow [13].  

• Irradiance of 1000 W/m2 

• Standard global spectrum of AM1.5 

• Operating temperature of 25oC 

• Nominal incidence irradiance 

  

The test conditions are suitable for measurement PV modules in factories. However, the real 

operating conditions in the field are not standard ones. Instead, they vary strongly and 

influence electrical performance of the cell and consequence causes efficiency loses with 

respect to the STC nominal value. The losses are a result of how the cell current and voltage 

are related to the irradiance, spectral content of the irradiance and the cell temperature. 

Therefore, these losses have to be accounted for in order to compare the performance of PV 

modules at some point during their field operation with the pre-installation rated values, 

which are STC values. 



1.8 Performance Parameters 

 

The PV module performance is expressed by the short circuit current, the open circuit 

voltage, the fill factor 𝐹𝐹 and the efficiency η of the cell. The fill factor is defined as follow: 

 

𝐹𝐹 =
𝐼𝑚𝑝𝑉𝑚𝑝

𝐼𝑠𝑐𝑉𝑣𝑜

(1.3) 

 

The fill factor describes the squareness of the I-V curve. A more efficient cell has a more 

squarely-shaped I-V curve [12]. The efficiency of a solar cell is the power output of the cell 

as a fraction of incident irradiance and it only expresses how good the solar cells are in 

converting the incident irradiance into electricity.  

  

η =
𝐼𝑚𝑝𝑉𝑚𝑝

𝐺𝑝𝑜𝑎

(1.4) 

 

  

Where, 𝐺𝑝𝑜𝑎 is the plane-of-array irradiance. It is the decomposed compnent of the global 

irradiance onto the plane of the PV module. 

There are three parameters that are generally used to evaluate the performance of a PV 

system and these are the system energy yield, efficiency and performance ratio (PR) [9]. The 

usefulness of these parameters to quantify loss and evaluate long term performance of the PV 

system is, however, limited by operating conditions and technology. For example, the energy 

yield of the system cannot be used to evaluate PV module performance due to the fact that 

the operating conditions change all the time. The efficiency is a useful parameter to evaluate 

long-term performance of differently sized PV systems. It cannot, however, be used to 

compare different PV systems that are of different technologies or design variations. 

The performance ratio is a widely used metrics for long term performance quantification and 

to compare systems of different size and module technology [7]. By including a correction 

factor, it can also take into account the variation in the operating temperature. The definition 



of the PR is given more explicitly in chapter 3 but for now it is defined in terms of system 

yields.  

𝑃𝑅 =
𝑌𝑓

𝑌𝑟

(1.5) 

 

Where, 𝑌𝑓 is the actual yield of the system and 𝑌𝑟 is the yield of the system in ideal condition. 

With this definition, therefore, the PR quantifies the overall system losses and is a useful 

metrics in monitoring performance degradation of a PV system over time. 

  

1.9 PV Module Deterioration and Performance Decline 

 

A system is said to be degrading when its characteristics shows a gradual deterioration and 

when this is caused by the operating conditions [9].  While it is degrading, the module could 

continue doing its primary function, which is converting energy in light to electricity even 

though the conversion is no longer optimal, until it is finally considered to have failed. In 

eyes of the manufacturers, a module is considered as a failure when its output drops to 80% 

of the nameplate capacity. Most PV manufacturers guarantee against the loss at 80% 

nameplate capacity after 25 years whether in stepped or linear fashion. The decline is 

expressed in relative percentage in such a way that a module with a hypothetical efficiency of 

20% today would decline to 17.5% after 25 years at annualize rate of 0.5%/year assuming 

linear decline [15]. However, different technologies have modules of different efficiency, 

thus modules of better technology degraded 80% may still be more efficient than slightly less 

degraded modules of inferior technologies. Therefore, there is no consensus on the definition 

of failure [7]. Module degradation depends on technology, climate, manufacturer, model, 

analysis methodology, installation among other things. Here, the dependency of the 

degradation on technology and climate will be highlighted.  

 

 



1.9.1 Technology  

 

The flat plate PV module technologies currently on the market is dominated by 

multicrystalline silicon with 55% share followed by monocrystalline silicon taking up 36% 

market share [16]. The others are thin film technologies that include, cadmium telluride 

(CdTe), cadmium indium gallium diselenide (CIGS), amorphous silicon (a-Si) and several 

other hybrid technologies. The technologies are identified mostly by their conversion 

efficiencies. While monocrystalline modules have the highest efficiency ranging from 16-

19% at STC followed by multicrystalline silicon modules with 15-17%, thin film 

technologies such as CdTe and CIGS have the lowest efficiency as of the present status 

ranging 14-15% [16]. 

  

Almost all PV technologies show performance change as they undergo extended period of 

illumination. Some of the changes are reversible metastability issues and some are 

irreversible changes. The severity or the magnitude of the changes are higher for some of the 

technologies than for others. PV module affected by metastability show performance 

dependence on the history of illumination, electrical bias and temperature, whilst the long-

term effects result in a permanent change in performance [17]. 

  

Modules based on a-Si exhibit a meta-stable behavior in which power output decreases with 

light exposure, light induced degradation (LID), and improves with thermal annealing, a 

phenomenon known as Staebler-Wronski effect [18]. The performance loss ranges from 10 -

35 % and stabilization takes up to or more than 100 kWh. The CIGS and CIS (copper indium 

sulfide) show the same metastability issue but it is a short-term change compared to CdTe 

modules where the effect persists for a long period of time. The other metastability issue 

affecting thin film technologies comes from dark storage. The efficiency of CIS, CIGS and 

CdTe decreases upon dark storage and is regained under exposure to light, a phenomenon 

commonly known as light soaking.  But the efficiency recovery may occur in superposition 

with LID [9]. 

  

Light induced metastability issue is typical of thin film technologies. However, the effect is 

also exhibited by crystalline silicon modules, especially monocrystalline modules based on 

boron-doped and Czokralski-grown wafers. The effect can cause power output decline as 



much as 4% in the first 4 hours of exposure to light [19, 20]. This is caused by the activation 

of the metastable boron-oxygen defects only to becoming active recombination centers.  

  

  

Since PV module degradation is affected by many factors, it is difficult to delineate the 

influence of a certain factor on the estimated degradation rate. Literature degradation rates 

analysis [21] show crystalline silicon degrades around the median of 0.5 %/yr. in the initial 

phase and continues with the same degradation rate in subsequent years. The loss of 

efficiency is closely correlated to 𝐼𝑠𝑐 degradation, followed by loss of 𝐹𝐹 and finally 𝑉𝑜𝑐, 

which degrades little. The observed 𝐼𝑠𝑐 degradation is typically attributed to discoloration, 

delamination and crack-isolated cells while little a percentage comes from LID and soiling. 

Significantly Less percentage of degradation comes from 𝐹𝐹, which normally is linked to 

solder bond failure and corrosion. The pattern is different for thin film technologies. Thin 

film technologies show significantly higher degradation of 𝐹𝐹, often associated with an 

increase in series resistance, for example in CIGS. It can, therefore, be noted that different 

module technologies have not only different performance, but they also differ in how their 

performance changes over time. This is, however, as far as comparison in technology is 

concerned. Climate dependence of PV module degradation tells a different story. The work in 

this thesis shows the efficiency loss is caused almost completely by loss in 𝐹𝐹, contorary to 

litrature report described above.  

  

  

1.9.2 Climate  

  

PV module degradation depend on the local climatic conditions. In addition to temperature 

and humidity, PV module performance is believed to be influenced by altitude, snow and 

thermal cycling. An extensive analysis on reported degradation rates that include I-V 

parameters [21] shown in figure 3 reveals some interesting effects of climate on module 

degradation. Loss in short circuit current 𝐼𝑠𝑐 is the biggest contributor for the power 

degradation in most of the climate zones. For the desert climate,  𝐼𝑠𝑐 degradation is more than 

the degradation of the maximum output power. There is also another interesting effect 

expressed through the fill factor 𝐹𝐹. It can be seen in the figure that fill factor is larger in 

polar climates than in any others. This can possible be because the front glass or individual 



cells are cracked by snow load or that the winter time cold temperature has caused solder 

bond failure due to thermal effects and the brittleness of EVA at low temperatures [22].  

  

  

 

Figure 4   IV parameter degradation for mono-Si (open diamonds) and multi-Si (filled 

triangles) by climate zones based on Köppen-Geiger classification. The 95% confidence 

interval is denoted by the diamonds with the mean as the crossbar [21]. 

  

1.10 The Aim of the Project 

 

The growth of the PV industry is determined by cost drivers, namely production cost, 

conversation efficiency, field performance and operation and maintenance. More importantly, 

the growth is determined by the field performance and the rate with which the performance 

declines overtime [7]. The determination of the degradation rate and the underlying factors 

has a vital financial and technical importance. Financially, higher degradation rate means less 

power produced which leads to higher LCOE and ultimately a loss of future cash flow. 

Furthermore, the inaccurate determination of the degradation rate leads to inaccuracies in 



LCOE and this increases the financial risk [23]. Technically, the determination of the 

underlying factors of the degradation is important because it may gradually lead to failure [7, 

24]. Determining the underlying physical phenomenon is also of vital importance in 

developing accelerated test models, in improving service lifetime and for product 

optimization. One of the difficulties of accelerated test models is related to hidden 

degradation modes. In accelerated tests, some of the degradation modes may remain masked 

during the entire test but are revealed under potentially favorable field conditions [8]. 

As discussed in previous sections, the PV module degradation rates and the underlying 

physical mechanism are influenced by many factors. Climate is one of the most important 

factors.  To the author’s knowledge, there is little to no reports on PV module degradation in 

the Nordic climates. This thesis, therefore, aims to quantify the degradation rate of PV 

modules operating in Nordic climate; identify the underlying degradation pathways and 

examine how these degradation pathways are influenced by the Nordic climate. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2  

Crystalline Silicon Solar Cell and Operating Principles 

  

2.1 Introduction 

 

Solar cells convert the energy in light to electricity in a one-step process. Normally, when 

light striking a semiconductor material becomes absorbed, electrons that are localized around 

atoms in the material will be exited to higher energy states where they belong to the entire 

crystal rather than to a certain atom. However, the exited electrons will quickly relax back to 

their localized state (ground state). But in solar cells, the material is engineered to have a 

built-in asymmetry such that the electrons are captured and fed to the external circuit while 

they are at their higher state. Owing to the extra energy gained from light, the electrons 

delivered to the external circuit will now 'see' a potential difference between the terminals of 

the cell, enabling electrical work to be done. 

  

2.2 Brief History of Solar Cells 

  

The photovoltaic effect, the physical phenomena responsible for converting light to 

electricity, was first observed in 1839 by a French physicist Edmund Becquerel. When one of 

the two identical platinum electrodes placed in a conducting solution was illuminated with 

sunlight, Becquerel observed that the current of the electrolytic cell was enhanced.  

  

The photovoltaic effect was first demonstrated in solids, such as selenium, in 1870. Seven 

years later, PV-device based on gold-selenium junction was built with conversion efficiency 

of 1%. Due to the high price of the material compared to its tiny efficiency, selenium cells 

have never been chosen for practical energy conversion. In 1905, Albert Einstein explained 

the photoelectric effect in which light is understood as a quantized packet of energy, which 

nowadays are referred to as photons. Einstein’s explanation and other works in quantum 

mechanics expanded the understanding of the physics behind the photovoltaic phenomenon. 

In 1920s and 1930s, quantum mechanics laid the theoretical foundation for the present 

understanding of photovoltaic [25]. 



  

A major progress in solar cell technology came in 1940s and 1950s following the 

development of Czockralski process, a method for growing high-quality single crystal 

materials. The real development of silicon photovoltaic cells the way we know them today 

started in 1954 at Bell Laboratories with 4% efficiency. Bell Labs improved the efficiency to 

6% and then to 11%, promising a completely new power-producing cells. In the mid and late 

1950s, several companies involved in developing silicon based solar cells for use in space 

applications. For example, the satellite Vanguard 1 launched by the US Navy in 1958 used 

arrays of solar cells (less than one watt) to power its radio. The first telecommunication 

satellite launched in 1962 by Bell Telephone Labs was also solar powered. NASA followed 

extraterrestrial use of solar cells in 1966 by launching Orbiting Astronomical Observatory 

which was powered by 1kW of solar power. In 1970, first heterojunction solar cells of 

gallium arsenide were developed and then in 1976 thin-film solar cells based on amorphous 

silicon were developed at RCA Laboratories. In addition to the space program, the solar cell 

technology was greatly benefited from the technological advances made by the transistor 

industry. The huge amount of research and development directed at improving the transistors 

has been bringing a constant spin-off of invaluable information for the advancement of the 

solar cell technology. [26, 25] 

  

The oil crisis in 1970 moved the use of solar cells from the niche market of extraterrestrial 

application to terrestrial use. This was followed by the demonstration of thin film 

technologies based on copper sulfide/cadmium sulfide junction with efficiencies above 10%. 

In 1985, crystalline silicon solar cells were demonstrated to have 20% efficiency at the 

University of New South Wales in Australia. In 1994, the US National Renewable Energy 

Laboratory (NREL) developed a concentrator solar cell based on indium-gallium-

phosphide/gallium-arsenide tandem cell with conversion efficiency exceeding 30% [25]. In 

1999, the total installed capacity of Solar PV was only around 1 GW and after going through 

growth explosion, the total installed capacity was more than 498GW in 2017. According to 

the Renewables 2018 report of IEA, 2% of the world’s electricity generation comes from 

solar PV.  

  

  

 

 



2.3 The Electrical Properties of P-N Junction 

  

The semiconductor p-n junction is formed when separate regions of uniformly p-doped and 

n-doped semiconductors are brought into metallurgical contact. Typically, this is achieved 

through diffusion or implantation of impurity atoms (dopants) or via deposition process. 

Following the joining of the two regions, holes diffuse to the n side and electrons diffuse to 

the p side. The diffusion occurs because the holes and the electrons have high concentrations 

in the p side and in the n side of the junction, respectively. As the carries diffuse to the low 

concentration regions, the corresponding acceptor and donor ions near the junction will be 

left uncompensated. For example, if the p and n type materials are boron-doped and 

phosphorus-doped silicon, the diffusion of the holes to the n side leaves behind the negatively 

charged boron ions with no charge-compensating holes in their immediate vicinity. Similarly, 

in phosphorus-doped silicon, the positively charged phosphorus ions near the junction will be 

uncovered as electrons diffuse to the p side of the junction. The space charge region so 

formed by the fixed dopant ions will now set up an electric field across the junction. The 

consequence of the formation of the electric field across the junction is that the diffusion of 

the carries will be short-lived, even though the concentration gradient is still there. That is 

because the established electric field acts in such a way that it opposes further diffusion of 

each types of carriers and this then brings the junction under equilibrium.  

 

Now that the junction is in equilibrium and there is no net diffusion. This doesn't, however, 

mean there is no activity across the junction. When minority carriers only a diffusion length 

away from the junction edge happen to wander into the junction region, they will be swept 

away to the opposite side. The drift of these carriers is counter-acted by the diffusion of the 

energetic majority carriers such that the net current remains null [27]. 

  

When the junction is forward-biased, the barrier voltage established by the space charge 

region lowers, and this results in facilitating diffusion current. When the junction is reverse-

biased, however, the applied voltage will add up to the barrier voltage building even more 

barrier for diffusion current to occur. The p-n junction is, therefore, a semiconductor current 

rectifier, or diode, which allows current to flow only unidirectionally. The current through the 

diode is given by,  

  



𝐼(𝑉) = 𝐼𝑜 (𝑒
𝑞𝑣

𝑘𝐵𝑇 − 1) 2.1 

 

  

Where 𝐼𝑜 is the diode saturation current; q is the elementary charge; V the voltage bias at the 

terminals of the diode (positive in forward-bias and negative in the reverse-bias), 𝑘𝐵 is 

Boltzmann constant and T is the absolute temperature. 

  

  

2.4 Properties of Sunlight 

  

The understanding of solar cell operation begins by understanding the nature of light. Sun is a 

broadband emitter and it sends out energy that extends from infrared to ultraviolet in the 

electromagnetic spectrum. The energy comes as white light because it is composed of colors 

that when combined make up a white light. Sunlight comprises visible and invisible parts. 

The part that is visible to the human eye extends from red to violet while the invisible part 

consists of infrared and ultraviolet regions. Each energy packets of wavelength λ that make 

up sunlight are understood as quantum-mechanical entities called photons. The sunlight can, 

therefore, be understood as streams photons each having energy 𝐸 that corresponds to their 

wavelength. The energy of each photon is given by: 

  

𝐸 =
h𝑐

𝜆
2.2 

Where, h is Plancks constant and 𝑐 is the speed of light. When sunlight enters the solar cells, 

only the photons of energy above the band-gap of silicon are absorbed.  

 

2.5 Solar Cell 

  

Semiconductor solar cells are fundamentally simple solid-state devices. In the essence of its 

physical operation, a solar cell is a p-n junction diode under illumination. As the solar cell is 

irradiated and carriers are generated following the absorption of some of the photons, the 

equilibrium concentration of the carriers raises to a new level. Even though the absorption of 



photons increases the concentration of both types of carriers by the same amount (an 

absorbed photon gives electron-hole pair), it makes a significant change for the minority 

carriers, while this adds little to no to the already high concentration of the majority carriers. 

It is thus practically valid to consider that the effect of light absorption by a solar cell is to 

increase the concentration of the minority carriers. Simply put, light absorption by the solar 

cell means minority carrier injection into the n and p regions.  

  

The typical solar cell is the n-type emitter and the p-type base. Since the n-type silicon has a 

high surface quality, it is placed at the front of the cell where most of the light is absorbed in 

the n-layer [28]. Silver fulfills the requirement for the front metallization due to its low 

contact and bulk resistance, solderability and good mechanical adhesion among other things. 

For the back contact, aluminum is required in addition to silver because silver doesn't make 

ohmic contacts to the p-type silicon, and aluminum alone cannot be used because it cannot be 

soldered. Finally, the antireflection coating (ARC) is needed to suppress reflection by 

interference effect. The ARC is a thin dielectric material, often silicon nitride or TiO2. For a 

given thickness ARC, there is a specific wavelength of light where the reflection becomes 

minimum. At other wavelengths the reflection increases but it is still lower than the value 

with no ARC [29]. 

  

 

  

Figure 2.1: Schematics showing cross-section of typical solar cell [30]  



 

2.5.1 Photocurrent and Quantum Efficiency 

  

Photocurrent generation by solar cells is a result of three related processes. First, some of the 

photons incident on the solar cells are absorbed and electron-hole pairs are generated. The 

generated carriers will then be separated by the inbuilt asymmetry of the junction region. 

Finally, carriers will be transferred to the external circuit. The absorption of the incident 

photons is determined by the wavelength the photons, the reflectivity of the antireflective 

coating (ARC) and the absorption coefficient of the material. For a given photon flux density 

𝑏𝑠(𝐸) of energy E incident on the surface of the solar cell where the reflectivity of ARC is 𝑅, 

the absorption coefficient the material is 𝑎 and the collection efficiency of the cell is η𝑐, the 

short circuit photocurrent is given by:  

  

  

𝐼𝑠𝑐 = 𝑞𝐴 ∫ 𝜂𝑐(𝐸)(1 − 𝑅(𝐸))
∞

𝐸𝑔

𝑎(𝐸)𝑏𝑠(𝐸)𝑑𝐸 2.3 

 

Where 𝐴 the irradiated area;  𝜂𝑐 is the collection efficiency of the solar cell and 𝐸𝑔 the band 

gap energy silicon. Equation (2) states that from the total beam of photons A𝑏𝑠(𝐸 >  𝐸𝑔) 

incedent on the surface of the solar cell,  1 − 𝑅(𝐸) of them enters the material and from that  

𝑎(𝐸) of them will be absorbed. The carriers generated by the absorption will either be 

radiatively recombine or be captured by the junction. The probability of each of the carriers 

(electrons and holes) to be collected by the junction is given by the collection efficiency 𝜂𝑐.  

  

Quantum efficiency 𝑄𝐸(𝐸) of the solar cell the probability of an incident photon of energy 𝐸 

above the band gap to produce an electron to the external circuit [31]. 

  

 In terms of the quantum efficiency, the short circuit photocurrent is given by: 

 

  

𝐼𝑠𝑐 = 𝑞𝐴 ∫ 𝑄𝐸

∞

𝐸𝑔

(𝐸)𝑏𝑠(𝐸)𝑑𝐸 2.4 

 



The short circuit photocurrent 𝐼𝑠𝑐 is a direct result of minority carrier injection and ultimately 

of the incident photon flux density (irradiation). The continuous carrier injection caused by 

light results in minority carriers diffusing into the junction more often and in large number 

than in the case of only thermally generated minority carriers in unbiased diodes. As they do 

so, they get swept out to the opposite side of the junction by the inbuilt field only to result, in 

the end, in the accumulation of holes in the p side and electrons in the n side. The 

accumulation of the majority carriers in the two separate regions then creates a potential 

difference between the terminals of the cell. The voltage so developed is called the 

photovoltaic effect. The driving force for the photocurrent emanates directly from the 

photovoltaic effect. 

  

2.5.2 Current-Voltage Characteristics of Solar Cells 

  

When the illuminated solar cell is connected to a load than be short-circuited, the effect is 

equivalent to forward-biasing a p-n junction diode. Therefore, in the presence of an external 

load, the short circuit photocurrent 𝐼𝑝h will be reduced by the diffusion current of a diode in 

forward-biase. The current generated by the solar cell is then a superposition of the short 

circuit photocurrent and the dark diffusion current and is given by the Shockley solar cell 

equation [31]:  

  

𝐼 = 𝐼𝑠𝑐 − 𝐼𝑜 (𝑒
𝑞𝑉

𝑘𝐵𝑇 − 1) 2.5 

 

Equation (4) is for the ideal case of no recombination in the space charge region, no series 

resistance and no leakage current or infinite shunt resistance. In actually operation, however, 

all these factors matter and in addition, the current-voltage characteristics of solar cells is best 

represented by the double diode model where an ideal current source is in parallel with two 

diodes [32]. The model represents the I-V characteristics better than the single diode model 

because it explicitly considers the band-to-band and impurity recombination. In the double 

diode model, the solar cell is modeled by the short circuit photocurrent in parallel with two 

diodes - one with an ideality factor 𝑛1 of 1 and the other with ideality factor  𝑛2 of 2. 

  



 

   

Figure 2.2: Simple solar cell circuit model. Diode 1 represents diffusion current in the quasi-

neutral region and diode 2 represents impurity recombination current in the space charge 

region. Modified from [29]. 

 

Kirchhoff's current law gives: 

 

  

𝐼 = 𝐼𝑠𝑐 − 𝐼𝐷1 − 𝐼𝐷2 −
𝑉 + 𝐼𝑅𝑠

𝑅𝑝
2.6 

 

Where 𝐼 is terminal current; 𝐼𝐷1 and 𝐼𝐷2 are dark diffusion current ( due to recombination 

current in the quasi-neutral region) and dark recombination current ( due to recombination in 

the space charge region) respectively; 𝑅𝑠 is series resistance and 𝑅𝑝 is shunt or parallel 

resistance [29]. Using Shockley’s expression for the current though the diodes, the I-V is 

relation is given by: 

 

  

𝐼 = 𝐼𝑠𝑐 − 𝐼𝑜1 (𝑒
𝑞𝑉+𝐼𝑅𝑠
𝑛1𝑘𝐵𝑇 − 1) − 𝐼𝑜2 (𝑒

𝑞𝑉+𝐼𝑅𝑠
𝑛2𝑘𝐵𝑇 − 1) −

𝑉 + 𝐼𝑅𝑠

𝑅𝑝
2.7 

 

  

Where 𝑛1 and 𝑛2 have values of 1 and 2 as described above; 𝐼01 is dark saturation current due 

to recombination in the quasi-neutral regions (in the p and n regions) and  𝐼02 dark saturation 

current due to recombination in the space charge region. 

  



The current-voltage and power-voltage characteristics of the PV modules considered in this 

thesis is shown in figure 5. 

  

  

 

Figure 5 Current-voltage and power-voltage characteristics of polycrystalline IBC Solar 

PolySol PV module at  STC.  

  

  

Ignoring the dark current due to the depletion region (diode 2), which is a reasonable 

assumption for a good quality silicon solar cell at large forward biases [29], the open circuit 

voltage 𝑉𝑜𝑐 can be give by: 

  

𝑉𝑜𝑐 =
𝑘𝑇

𝑞
ln (

𝐼𝑠𝑐

𝐼01
+ 1) 2.8 

   

For the sake of completeness, the fill factor and the efficiency of the solar cell are redefined 

as follow: 

  

𝐹𝐹 =
𝐼𝑚𝑝𝑉𝑚𝑝

𝐼𝑠𝑐𝑉𝑣𝑜
2.9 

  

η =
𝐼𝑚𝑝𝑉𝑚𝑝

𝐺𝑝𝑜𝑎

(2.10) 

 



  

As describe in the introductory chapter, 𝐼𝑚𝑝 and  𝑉𝑚𝑝 are current and voltage at maximum 

power points (MPP) and 𝐺𝑝𝑜𝑎 is the irradiance on the plane of the module.  

  

2.6 Circuit Model of PV Array 

  

The short circuit current, the open circuit voltage, the fill factor and the efficiency are used as 

performance metrics for PV module operation both at module-level (dc output) or system 

level. The periodic measurement of these values guarantees the determination of degradation 

rates. But unless supported by further indoor measurements, these parameters alone cannot do 

much for the determination of the physical factors behind the degradation fielded PV 

modules. For example, if a long-term degradation analysis of PV system results in the fill 

factor loss being the dominant one, one could associate the loss with the increase in series 

resistance, but much cannot be said about the physical factors. In this regard, the use of 

circuit models can offer a more explicit information about the underlying physical 

phenomenon. This is because the parameters in the circuit models are an explicit 

representation of the physical phenomenon occurring in solar cells. The double diode model 

is the most popular model in use for solar cells because it differentiates the diffusion current 

in the quasi-neutral region and the recombination current in the space charge region. The 

double diode model is normally meant to a single cell. However, it is also used in module, 

string and array levels under the assumption that the cells in the series connection have 

identical I-V characteristics. As a result, the PV module, string or array is considered as a 

single cell with some multipliers included depending of the number of cells in series and 

parallel connection. Given the operational data of the module, string or array and some initial 

values extracted from the datasheet supplied by the module manufacturer, the five-parameters 

in the double diode model can be determined by using curve-fitting techniques methods [33, 

34]. Since PV modules operate at MPP, the operational data meant here are the current and 

voltage at MPP as well as the cell temperature 𝑇𝑐𝑒𝑙𝑙 and the plane of array irradiance 

𝐺𝑝𝑜𝑎.The double diode model as applied to array is given by: 

  

  



𝐼 = 𝐼𝑠𝑐 − 𝐼𝑜1 (𝑒

𝑞
𝑉

𝑁𝑠
+

𝐼
𝑁𝑝

𝑅𝑠

𝑛1𝑘𝐵𝑇 − 1) − 𝐼𝑜2 (𝑒

𝑞
𝑉

𝑁𝑠
+

𝐼
𝑁𝑝

𝑅𝑠

𝑛2𝑘𝐵𝑇 − 1) −

𝑉
𝑁𝑠

+
𝐼

𝑁𝑝
𝑅𝑠

𝑅𝒑
2.11 

 

  

Here, 𝑁𝑠 is the number of cells in series-connection; 𝑁𝑝 number or cells in parallel 

connection (number of strings in the array).  

Solving Equation (9) gives the five circuit parameters namely, diffusion current in the quasi-

neutral region 𝐼01 , recombination current in the space charge region 𝐼02, the series resictance 

𝑅𝑠 , the shunt resistance 𝑅𝑝 and short circuit photocurrent 𝐼𝑠𝑐. Since each of these parameters 

have a well-defined physical meaning, their periodic determination of can be linked to a 

certain degradation pathway. 

  

 

 

 

 

 

 

 

2.7 Description of PV Module Physical Components 

 

The rated power of silicon solar cells is measured at STC with only a device level 

antireflection coating ARC. However, they are encapsulated between layers of materials in 

their actual use. In general, crystalline silicon PV modules consists of PV cells, bypass 

diodes, encapsulants, cables, glass on the front face and typically polymer sheet on the rear 

side of the module. In typical modules, solar cells are found sandwiched between two layers 

of encapsulants followed by glass superstrate on the front and polymer layer on the rear 

surface [35]. Some of these components will be briefly discussed.  



 

Figure 6: Various PV module components [random google search] 

 

2.7.1 Encapsulant 

 

The encapsulant material is used to provide the solar cells with electrical insulation, thermal 

conduction, protection from physical damage and environmental effects such as corrosion, 

dust, rain and mechanical shocks. The adhesion provided by the encapsulant also makes sure 

the cells, the top and the rear surfaces are intact and held in place for the life time of the 

module. Module layers glued together through the encapsulant must also guarantee 

mechanical integrity that can withstand stress during installation and transportation of the 

modules. Ethyl vinyl acetate (EVA) is the most commonly used encapsulant. It comes in the 

form of thin transparent sheet and the solar cells are sandwiched between two such EVA 

sheets. EVA is then polymerized by heating up the assembly to around 150 deg. C. [36] 

The encapsulant material is required to provide good optical coupling for maximum 

transmittance of incident photons. In addition, it must be stable at elevated temperature and 

high UV condition. Ideally, all components of the module are preferred to be good thermal 

conductors to help dissipate the heat on the cells and keep the operating cell temperature as 

low as possible. But except the silicon material the rest of the components are bad heat 

conductors. Of all the components, EVA is the most thermally resistive layer [37]. 
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2.7.2 Front surface materials 

 

For most module types, the glass front surface provides the desired mechanical rigidity. For 

silicon solar cells, it must guarantee high transmittance of light in 350nm to 1200nm 

wavelength range. Since one of the reasons that reduce the modules lifetime is corrosion of 

the metal interconnects caused by moisture ingression, the glass material should be 

impervious to water vapor. In addition, self-cleaning properties of the glass is desired to 

allow lighter to reach the solar cells [36]. 

 

2.7.3 Backing Layer 

 

In most modules, the use of the back-surface layer is to prevent ingression of water or water 

vapor. Good thermal conductivity of this layer is instrumental to limit the operating cell 

temperature [36]. 

 

2.7.4 Frame 

 

Most PV modules are framed in order to prevent moisture ingression and for added 

mechanical integrity of the modules. Aluminum is the commonly used framing material. The 

design of the framing should ensure that lodgments of water and dust are prevented during 

the modules field operation. Frames may also prevent snow from easily sliding depending of 

the projection of the frames from the plane of the module [36]. 

 

 

 

 

 

 



2.8 Degradation Modes of Crystalline Silicon PV Modules 

 

PV Reliability and durability questions are attractive because of their economic and 

technological importance as discussed in the previous chapter. Reliability is defined as the 

ability to perform the desired function within a given interval of time and is measured in 

terms of failure probability. In contrast, durability relates to the period a system lasts 

performing the desired function and is in photovoltaics commonly measured as degradation 

rate [38, 39]. Degradation modes are identified either visually or by determining the 

degradation rates of various cell/module parameters or by relating the two. Reported 

literature degradation modes and visual effects were analyzed in [40] and the dominant 

degradation modes of PV modules were categorized by the age and climate. For older 

installations encapsulant discoloration, installations that lasted for more than 20 years, 

delamination and hot spots are the prevalent degradation modes specially in hot and humid 

climates. The overall percentage of affected modules in all climates has decreased for the 

newer installations, installations in the last 10 years. For newer installations in the moderate 

climates, the summation of the modules affected by a specific type of degradation mode 

shows the dominant degradation modes to be hotspots and internal circuitry degradation (IC 

discoloration). When the ranking considers not just the prevalence of the degradation modes 

but also the severity it has on the module performance and safety, the dominant degradation 

modes in the same category of climate and installation period become hotspots and potential 

induced degradation (PID). The following section, degradation modes such as hotspots, cell 

metallization corrosion (IC discoloration) and fractured cells are briefly discussed. These 

degradation modes are the most prevalent and severe ones the moderate climates and for the 

newer installations. These degradation modes are found to be important because this thesis is 

about a PV installation that is less than 5 years old, and from among the climate groupings in 

the analysis [40], the ‘moderate climate’ is the closest to the Nordic climate.  

 

2.8.1 Discoloration 

 

Encapsulant discoloration is the most commonly reported degradation mode. This may be 

because discoloration is the dominant degradation mode in PV modules or due to the fact that 

it is easily noticeable [41]. The discoloration occurs as encapsulant material undergoes 



photochemical degradation following its exposure to UV irradiation. The photochemical 

degradation is caused by UV-induced interaction of the additives in the formulation of EVA. 

This results in the formation of components capable of absorbing in the visible light. The 

encapsulant changes color first to yellow and as it goes further degradation, it becomes brown 

and absorbs even more in visible light. Since this reduces the light transmitted to reach the 

cells, it results in loss of power output [42, 43, 44].  

 

2.8.2 Delamination 

 

Delamination is the breakdown of the bond between the various layers in the PV module and 

the subsequent detachment of these layers. Delamination at the glass – encapsulant and 

encapsulant – cell interface occurs more frequently than backside delamination [45]. This 

front side delamination leads to optical decoupling of the layers involved and thus sunlight 

cannot be transmitted through the layers to reach the solar cells. The loss in transmitted light 

becomes a direct loss of the short circuit current. The delamination also introduces higher 

thermal contact resistance at the interface. As a result, heat cannon be efficiently dissipated 

from the solar cells and this increases the possibility of reverse-bias cell heating [45]. The 

resulting high cell temperature reduces the efficiency of the solar cells. 

 

Furthermore, if delamination continues to become severe, it may facilitate moisture 

ingression which then leads to corrosion of internal circuitry observable through decreased 

fill factor. Delamination is also observed in the form of bubbles in the back side of the 

module. Bubbles form when small area of the EVA on the backside decomposes and loses 

adherence with the back-sheet and when this is followed by blowing of the area. The 

formation of this defect may not immediately affect performance significantly [46] With 

time, however, the overheating of the affected area, which results from inefficient heat 

dissipation, may eventually lead to reduced cell life time.  

 

 

 

 

 



2.8.3 Hot Spots 

 

Hot spots are result of local heating effects within the module that could damage the cell and 

other components of the module. The cause of the heating effect could be cell failures of 

various type such as partial shading, cell mismatch, cell interconnect deterioration and crack-

isolated cells [47]. Since cells in a substring are connected in series and all the cells are 

required to operate at the same string current, partially shaded cell within the string will be 

reverse-biased. This leads to power dissipation and thus heating effect.  

 

Electrical mismatch between the serial connected cells results in a similar effect. When the 

current produced by a cell is lower than the rest of the cells caused by cell variations that may 

be due to manufacturing error, the cell dissipates power and a hot spot appears as a result of a 

raise in temperature. Due to the differences in the way of degradation of the individual cells, 

the mismatch may increase as the module ages. This further increases the electrical mismatch 

and worsens the heating effect. Hot spots could also arise when cells are cracked and isolated. 

These cells behave in a similar way as shaded cells. 

 

The other heating effect comes from the solder bond deterioration. As the module goes 

through continuous thermal cycle, solder bonds of the metallization may eventual breakdown. 

This will increase the electrical contact resistance, directly leading to heating of the affected 

area. 

 

The cells in the substring interconnection are bridged by diodes to prevent thermal overload 

and formation of hots spots. Nevertheless, If the distribution of the diodes is not appropriate 

or if they are operating badly, significant damage can occur to the front or back side of the 

module [48]. 

 

2.8.4 Cell Metallization Corrosion (IC Discoloration) 

 

Corrosion of cell metallization is evident from the discoloration of the internal circuitry. It is 

caused by moisture ingression into the module. Moisture could permeate through the back-

sheet and edges of the module [45], especially when the edge is frameless. But moisture 

ingression is facilitated the most by delaminated. The power loss in delaminated module 



comes first because of transmittance loss caused by the additional layer. But with time, 

moisture ingress into the PV module and attacks cell metallization. Corrosion of cell 

metallization leads to increased series resistance that is reflected through decrease in fill 

factor. 

 

2.8.5 Fractured Cells 

 

Driven by the need to reduce the overall production of cost of solar cells, wafers have been 

made thinner in thickness down to 80 – 200 µm and larger in area to up to 210 mm x 210 mm 

[49]. This results in cells that are fragile and susceptible to fracture, making the processing of 

the cells a challenging task. Therefore, cells can crack during soldering of wires to thinner 

cells or later in the module due to damages incurred during their processing [50]. In addition, 

as the modules go through continuous thermomechanical cycle, the existing cracks may 

grow, or new ones may form. The other sources of cracks for wafer-based solar cells comes 

from mechanical shock during transportation , as well as from wind and snow load after 

installation . 

 

The presence of cracks may have only a marginal effect on the power output of the module as 

long as the different parts are still electrically connected. However, due to the continuous 

thermal and mechanical stresses fielded module are subjected to, these cracks can eventually 

grow large such that part of the cell may come to be electrically isolated. In that case, the 

power output of the module may be significantly reduced. 

 

 

 

 

 

 



Chapter 3  

Methodology  

  

3.1 Introduction 

 

Large number of studies have been reported on reliability and performance degradation of PV 

modules using different methodologies and characterization techniques. In many of these 

studies, variations in degradation rate estimation are evident. This is because estimated 

degradation rates are impacted by various factors such as manufacturer, technology, model, 

climate, installation, measurement uncertainties and so on [15]. In addition to these hardware-

related factors affecting the accuracy of degradation estimations, the determined rates can 

also be biased depending on the quality of the data considered, methodologies used, and 

statistical procedures followed in the performance analysis and characterization. For example, 

two methodologies applied on the same dataset may not give the same degradation rates 

because the performance metrics in each of the methodologies may have different sensitivity 

to outliers. In general, different methodologies and techniques employed for the 

determination of degradation rates yield different results with varying uncertainty. The 

variations in the estimated rates depend on the uncertainty involved in the measured data, the 

data filtering quality, the performance metrics and the statistical methods used [51]. This 

often results in overestimation or underestimation of the actual degradation rate which then 

leads to financial risks related to levelized cost of electricity (LCOE). It is thus important to 

note that the errors and uncertainties involved in the determination of PV module degradation 

depend not just on technology and location but also the methodology of analysis employed. 

  

  

3.2 Brief Review of Existing Methodologies for performance 

evaluation 

 

The techniques and methodologies used for performance quantification of PV modules can be 

broadly divided as online and off-line techniques as summarized in [52]. The offline 

techniques are I-V characterization (indoor or outdoor) techniques that can additionally 



include advanced imaging and material characterization. Suns-𝑉𝑜𝑐 can be mentioned as one 

such technique. On the other hand, regression models such as PVUSA and Normalization 

methods such as Performance Ratio (PR) are classified as online techniques. The 

classification is based on whether the modules are disconnected, and the PV system operation 

is intercepted during measurement and data collection. In indoor I-V characterization, fielded 

modules are detached from the array/string and transported to laboratories, and in outdoor 

techniques system operation is interrupted during the I-V sweeping. On the other hand, the 

online techniques rely on routinely collected operational data of the solar modules and as 

such they require no interruption of operation.  

 

3.3 I-V Characterization 

 

The I-V characterization methodology, be it indoor or outdoor, is primarily about obtaining 

the I-V curves of the PV modules. For indoor characterization, this is done by solar 

simulators that are maintained at STC (standard test conditions). For outdoor 

characterization, I-V curve tracers are used to generate the electrical parameters of the 

module.  

  

The electrical current and power obtained from PV module depend on the terminal voltage. 

Thus, the I-V curve is obtained by applying voltage sweep at the terminals of the module 

under illumination and in parallel measuring the current and the voltage [9]. The PV module 

output essentially depend on the electrical parameters of the module directly derived from the 

I-V curve. Therefore, the accurate determination of the degradation rates of the individual 

electrical parameters requires the extraction of these parameters from the I-V curves [53]. 

The parameters include,  the short circuit current 𝐼𝑠𝑐, the open circuit voltage 𝑉𝑜𝑐, the current 

and the voltage at maximum power point 𝐼𝑚𝑝 , 𝑉𝑚𝑝, (and thus the maximum power 𝑃𝑚𝑝) and 

the fill factor FF. 

  

Both the indoor and outdoor I-V characterization methods examine the temporal degradation 

of the electrical parameters by disconnecting the fielded modules periodically and 

temporarily. Compared to other methodologies such as PVUSA and PR metrics, where huge 

data has to be thoroughly analyzed, these methods are relatively easy to apply. More 

importantly, however, since I-V characterization techniques can additionally be accompanied 



by advance imaging and material characterization methods, the use of these techniques can 

potentially identify the physical mechanisms behind the degradation. Therefore, with regard 

to identifying the physical mechanism responsible for the degradation of the modules, the 

offline techniques are powerful tools while in contrast, the online techniques, apart from 

quantifying loss of power output, can hardly give any clue about what physical factor caused 

the degradation. 

  

3.4 Online Techniques 

 

The online techniques are based on continuous operational data of the PV system and as such 

the application of the techniques doesn't interfere in system operation. These techniques 

include the Performance Ratio PR, the ratio of dc power output to in-plane irradiance 

DC/GPOA, photovoltaic for utility-scale application PVUSA and machine learning. These 

techniques require timeseries data of current and voltage at maximum power point 𝐼𝑚𝑝 , 𝑉𝑚𝑝 

and the corresponding plane-of-array irradiance  𝐺𝑝𝑜𝑎 and cell temperature  𝑇𝑐𝑒𝑙𝑙. Since the 

operating conditions of PV systems are outdoor conditions, they operate under variable 

conditions of irradiance and temperature. 

  

  

3.4.1 The PVUSA Regression Model 

 

PVUSA is a simple regression model that estimates PV system output at PVUSA Test 

Condition (PTC) [54]. These test conditions are plane-of-array irradiance of 1000W/m2, 

ambient temperature of 20 oC and wind speed of 1m/s [55]. The method assumes that module 

array current is primarily dependent on the irradiance 𝐺𝑝𝑜𝑎 and the array voltage is primarily 

dependent on the module temperature. Since the module temperature can, in turn, be taken as 

dependent on plane-of-array irradiance, ambient temperature and wind speed, the power 

output of the system ultimately takes regression equation of the following form: 

  

𝑃 = 𝐺𝑝𝑜𝑎. (𝐴 + 𝐵. 𝐺𝑝𝑜𝑎 + 𝐶. 𝑇𝑎 + 𝐷. 𝑊𝑆) 3.1 

 

  



In equation (1), A - D are regression coefficients, and 𝑃, 𝑇𝑎 and 𝑊𝑆 are rated power, ambient 

temperature and wind speed, respectively. The implementation of the multivariate regression 

to determine the coefficients starts by collecting a minimum of 10KWh/m2 data set at or 

above PTC irradiance condition [54]. The selection of this preliminary irradiance dataset is 

subjected to a requirement that the corresponding ambient temperature and wind speed have 

low range of variations. This assures the uniqueness of the coefficients to be determined. The 

next step is to perform the multivariate regression and determine the coefficients. Once the 

coefficients are determined, the model estimates the rated power output of the system by 

taking the environmental parameters at or close to PTC as inputs. The power degradation is 

then examined from the timeseries of such ratings determined by the model. 

  

3.4.2 Performance Ratio 

 

In terms of power output, the performance ratio (PR) compares the actual output of the 

system at the operating conditions to its ideal output [9]. The ideal output of the system is the 

power the system would have produced at STC. Since the PR metrics takes the system for the 

technology it is and regardless of where it is installed, it is a useful metrics to compare PV 

systems of different technologies and nameplate capacities installed across geographical 

locations. The PR is given by: 

 

  

𝑃𝑅𝑡𝑐𝑜𝑟𝑟 =  
𝑃

𝑃𝑆𝑇𝐶,𝑟𝑎𝑡𝑒𝑑 ∗  
𝐺𝑝𝑜𝑎

𝐺𝑟𝑒𝑓
 ∗ (1 + 𝛾 ∗ [𝑇𝑐𝑒𝑙𝑙 −  𝑇𝑟𝑒𝑓])

3.2
 

 

 

  

Where, 𝑃𝑅𝑡𝑐𝑜𝑟𝑟 is temperature-corrected PR;  𝑃𝑆𝑇𝐶, 𝑟𝑎𝑡𝑒𝑑 is the nameplate or rated capacity of 

the PV modules at STC; 𝐺𝑝𝑜𝑎 is the plane-of-array site irradiance; 𝑃 is the power output of 

the system;  𝐺𝑟𝑒𝑓 is the reference irradiance in the plane of the array, which is 1000W/m2 

when STC condition is considered. When the analysis is made on the PV system, both the 

rated STC power 𝑃𝑆𝑇𝐶, 𝑟𝑎𝑡𝑒𝑑 and the output power 𝑃 will be AC powers. In the case of 

module-level analysis, dc capacity and dc output power are used. 

  



 

 

 

 

3.5 Pros and Cons of Existing Methodologies 

 

The methodologies that have been in use so far have their own strength and weakness. As 

described in the previous sections, I-V characterization technique are powerful in that the 

determined electrical parameters can be related to the underlying degradation pathways. 

Specially in the case of indoor characterization, further information about the parameters can 

be gained by using additional techniques. For example, I-V characterization together with 

luminescence imaging techniques have enabled the extraction of spatially-resolved series 

resistance of degraded silicon modules [56]. However, both the indoor and outdoor I-V 

characterization are inefficient for PV systems. Periodic indoor characterization, for example, 

carries a risk of module failure during transportation or while handling it in laboratory. 

Moreover, the techniques require interruption of PV module operation and therefore, they are 

not suitable for continuous real-time monitoring of PV systems. 

  

Both the normalization and the regression techniques offer the advantage that they can be 

applied without causing the interruption of system operation. However, the use of these 

techniques doesn’t tell the whole story about the degradation of the modules. They simply 

quantify the overall system level or module level losses and thus their suitability doesn’t 

extend to the identification of the underlying degradation pathways. In addition to their 

inability to link the performance degradation to the influencing factors, they have an inherent 

shortcoming in the determination of the degradation rate in that they assume linear 

performance loss. This, however, is not the case for some degradation mechanism. For 

example, caused mainly by light induced degradation (PID, as described in chapter 2) 

beginning-of-life degradations exhibit marked nonlinearities specially for thin film 

technologies. Certain degradation modes also cause nonlinearities at the wear-out phase of 

PV module life time [39]. Nonlinearities entail a serious economic impact because the present 

estimate of levelized cost of electricity LCOE is based on the presumption of linear 

performance decline over time.  



In the specific case of PVUSA, the shortcoming goes beyond inaccuracies caused by 

nonlinearities. The model performs poorly in low irradiance conditions. It necessitates high 

irradiance dataset with sufficient variations of temperature and wind speed for the 

determination of the regression coefficients. It then may take several days or weeks to collect 

satisfactorily large dataset. Therefore, the technique has limited suitability in low irradiance 

locations. 

  

3.6 Recently Developed Methodologies 

 

A recently developed methodology is demonstrated to be capable of monitoring and 

diagnosing PV reliability in real-time [52]. The methodology, the so-called Suns-𝑉𝑚𝑝 method, 

combines the strength of both the offline and the online techniques. The methodology takes 

initial circuit parameters (for example the five parameters in the double diode model) that can 

be extracted from the datasheet supplied by the manufacturer. By reconstructs synthetic I-V 

curves using a timeseries of operational data (𝐼𝑚𝑝, 𝑉𝑚𝑝), it analylsis the temporal evaluation 

of the circuit parameters.  Like PR or PVUSA methods, it only uses continuous data 

composed only of MPP current and voltage as inputs; and like the I-V characterization 

techniques, it enables the extraction of the circuit parameters. It is important to note that the 

big deal about the determination of the circuit parameters is that they have a well-defined 

physical meaning. Therefore, being able to determine their temporal evolution of the 

parameters leads to signs of the underlying degradation pathways. 

  

The other relatively recent technique, so called Year-on-Year (YOY) method, is a 

normalization method that improves on the PR technique. It was first the proposed by 

SunPower [57], and it recently added some improvements [58]. In this method, instead of a 

single degradation rate, a distribution of degradation rates is obtained for the same system. 

The median of the distribution is then presented as the overall performance decline. 

Compared to the PR metrics, this method shows less sensitivity to outliers and seasonal 

effects such as snow and soiling [59]. 

  

  

 



3.7 Basis for Choice of Methodology 

  

As pointed out in the introductory chapter, this thesis primarily aims to investigate 

degradation pathways of PV modules and relate this to Nordic climatic conditions. In this 

regard, the choice is between the I-V characterizations and the Sun's 𝑉𝑚𝑝 methodologies 

because these methodologies go beyond quantifying overall performance losses. Since this 

thesis is based on analysis of a commercial PV installation, I-V characterization could not be 

performed as it causes a substantial interruption to the operation of the system. Fortunately, 

though, Sun's 𝑉𝑚𝑝 method is validated to be in excellent agreement with independently made 

outdoor I-V characterization. Therefore, the Sun's 𝑉𝑚𝑝 method is as good a choice and offers 

the added benefit of real-time diagnosis.  

  

In this thesis, Suns-𝑉𝑚𝑝 and YOY methodologies will be employed (to achieve closely related 

purposes.) As described above, Suns-𝑉𝑚𝑝 method determine the different degradation 

pathways as well as the degradation rate. Whereas the YOY method quantifies only the 

degradation rate. The degradation rates determined by both methodologies will be compared.  

  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



3.8 Methodologies 

  

3.8.1 The Year-on-Year-Method 

 

Since the efficiency of solar cells changes with cell temperature, the PR shows daily and 

seasonal variations unless it is temperature-corrected. Therefore, in the YOY method the 

temperature-corrected PR given by Equation (3.2) is used. 

  

Describing how degradation rate is determined using the PR method helps understand how 

the YOY method is an improvement on the PR method. The PR method requires the 

operational and environmental parameters, namely  𝐼𝑚𝑝 , 𝑉𝑚𝑝, 𝐺𝑝𝑜𝑎, 𝑇𝑐𝑒𝑙𝑙. Taking these 

parameters of all years as inputs, it calculates instantaneous 'pr' values, which are 

performance rations that correspond to the timestamp of the input datapoints [33]. Then the 

corresponding instantaneous 'yields' 𝑦𝑓 and  𝑦𝑟 are integrated over a year, resulting in 

irradiance weighted final and reference yields  𝑌𝑓 and  𝑌𝑟, respectively. This way, the PR is 

determined for all years and the degradation rate is calculated by taking the median of the 

changes between PRs of subsequent years.  

  

The YOY method differs from the PR method in how it proceeds after the instantaneous 'pr' 

values are determined. Instead of integrating the instantaneous pr points over a year, the YOY 

method calculates rate of change between two such instantaneous datapoints that occur at the 

same time in subsequent years. When the same calculation is done for all the datapoints, it 

results in histogram of rates of change. The rate of changes can be aggregated in daily or 

weekly basis. Finally, the median of the aggregated rates of change is presented as the yearly 

performance degradation of the PV system. The YOY method is fundamentally different 

from the PR method. Firstly, it doesn't assume linear degradation, and this allows non-

linearities in the degradation rate to be accounted for. Secondly, since the histogram of the 

degradation rates are determined by taking the instantaneous 'pr' values that occur at the same 

time of in subsequent years, the effect of seasonality such as soiling is minimized. Therefore, 

the YOY method determines a degradation rate that allows non-linearities and seasonality to 

be taken into account. 

  

  



 

3.8.2 The Suns-𝑽𝒎𝒑 Method 

  

3.8.2.1 Choice of Circuit Model 

 

For crystalline silicon cells, the double diode model is preferred over the single diode model. 

The rationale is that the double diode model provides better accuracy in fitting the MPP data, 

especially at low irradiance levels and close to the maximum power point [60, 61, 62]. More 

importantly, since it is a more elaborate model, more detailed physical process inside the cell 

can be linked with the efficiency loss mechanisms (the model parameters).  

 

Figure shows . . .  

  

 

Here, the currents in the five-parameter double diode model are defined in terms of current 

density. These are: the diffusion current density in the quasi-neutral region 𝐽01 (just diffusion 

current henceforth), the recombination current density in the space charge region  𝐽02 

(recombination current henceforth), the phtotocurrent density 𝐽𝑃𝐻 and the terminal current 

density 𝐽. In addition, the terminal voltage, series resistance and shunt resistance are denoted 

as 𝑉, 𝑅𝑆 and 𝑅𝑆𝐻 respectively. 

  

  

𝐽 = 𝐽𝑃𝐻 − 𝐽𝑜1 (𝑒
𝑞(𝑉+𝐽𝐴𝑅𝑠)
𝑁𝑠𝑛1𝑘𝐵𝑇 − 1) − 𝐽𝑜2 (𝑒

𝑞(𝑉+𝐽𝐴𝑅𝑠)
𝑁𝑠𝑛2𝑘𝐵𝑇 − 1) −

𝑉 + 𝐽𝐴𝑅𝑠

𝑅𝑆𝐻
3.5 

        

  



 

3.8.2.2 Time-Zero Circuit Parameters 

 

After the choice of the equivalent circuit model is made, the next step is to determine the 

time-zero (pre-installation) circuit parameter. These parameters will be used as robust initial 

guesses to fit the MPP data of the first measurement window, which is explained below. In 

general, two approaches are pursued for the extraction of circuit parameters. The first 

approach is based on curve-fitting of the complete irradiance/temperature dependent I-V 

curves available from the manufacturer’s datasheet. The parameters determined this way are 

often unique. The other approach is analytical where only few points available on the 

datasheet are used to derive as many equations as the variables in double diode model. In 

principle then, solution for the five variables in the double diode model can be found with 

five independent equations. However, these equations are often non-linear and implicit owing 

to the implicit and non-linear nature of the circuit model they are derived from. Therefore, 

they must be solved numerically. But again, the numerical methods need suitable initial 

guesses of the parameters to achieve convergence. 

  

Therefore, since both approaches need numerical solutions, they require suitable initial 

guesses of the parameters for convergence. Analytical solutions for the parameters of the 

double diode model are derived here [63, 64, 61, 65, 66] but some of them require the slope 

of the I-V curve at the open-circuit point [63, 64, 61], and others require the slope at the 

short-circuit point [65, 66]. This information, however, is not normally provided in the 

manufacturer’s datasheet. 

  

Authors here [60] presented a complete analytical solution for double diode model that 

depends only on the three points on the I-V curve, namely, the short-circuit point (0,  𝐼𝑠𝑐), the 

open-ciruit point (𝑉𝑜𝑐,  0) and the maximum power point (𝑉𝑚𝑝,  𝐼𝑚𝑝). However, the underlying 

assumptions in the analysis do not seem to work well with some module types and as a result 

the analytical solution presented suffers from some impracticalities and incompleteness. 

Finally, a recent analytical approach that improves on [60] on many levels is presented here 

[67]. The parameters extracted using this approach are compared with parameters from 

literature and the two set of parameters are found to be in good agreement. In fact, the 



parameters determined using this approach are robust enough to be taken as final values 

rather than initial guesses for further curve-fitting. 

 

3.8.2.3 Measurement Window 

  

Since the whole point of the method is to determine the temporal progression of the circuit 

parameters, subsequent I-V curves need to be reconstructed by continuously sampling a set of 

datapoints from the input MPP data. The length of the sampling period is referred to as 

measurement window. The measurement window can be 2 or 3 days or even 5 days. This 

means that the MPP dataset at each time-step in the continuous sampling and curve-fitting 

process will be a data of 2, 3 or 5 days depending of the length of the measurement window 

chosen. The measurement window is chosen such that it is long enough to have sufficient 

variation of irradiance and temperature data, but short enough so that the module does not 

degrade significantly within that period. 

  

  

3.8.2.4 Preprocessing of MPP Data 

  

The cell temperature and irradiance are the required environmental data in the Suns-𝑉𝑚𝑝 

method. These data are inputs to the equivalent circuit model to fit the reconstructed MPP I-

V curves for the determination of the circuit parameters. The raw data may contain corrupted 

temperature and irradiance readings. Thus, the raw environmental data should be 

preprocessed to correct biased temperature and irradiance datapoints. Such preprocessing of 

the data guarantees the accuracy and robustness of the circuit parameters to be extracted. 

Apart from measurement uncertainty, the source of temperature bias is the use of module 

temperature as cell temperature. However, the cell temperature depends on the irradiance and 

is generally higher than the module temperate. The cell temperature should then be 

determined, for example by using the empirical equation.  

  

The need for preprocessing the plane-of-array irradiance comes from the spectral mismatch 

between the spectral profile of the plane-of-array irradiance under which the MPP data is 

generated and the standard AM1.5 spectrum used for the initial STC rating. This may be 

important because the circuit parameters from the Suns-𝑉𝑚𝑝 method are eventually corrected 



to their STC values and in that case, the spectra mismatch between the real-time field 

irradiance and STC may contaminate the fitting process. As part of preprocessing, the MPP 

data is filtered for outliers and low irradiance before used in the Suns-𝑉𝑚𝑝 method. The 

filtering method is described in chapter 4 in the Analysis I. 

  

3.8.2.5 Physics-Based Filtering and Extraction of Circuit parameters  

  

In addition to an explicit preprocessing of irradiance and temperature data described above, 

physics-based filter is applied to the MPP data. The MPP data (𝐺𝑝𝑜𝑎, 𝑇𝑐𝑒𝑙𝑙, 𝐼𝑚𝑝 and  𝑉𝑚𝑝) 

may contain noisy or corrupted datapoints (outliers) caused by instrument error, cloud 

brightening, inverter clipping, weather conditions and so on. Leaving these datapoints 

unfiltered introduces significant uncertainty in the extracted parameters. Therefore, the 

outliers need to be removed before the final fitting is done. The physics-based filtering 

algorithm is self-consistent in that it automatically detects and eliminates outliers 

continuously. These steps are followed: 

  

1. Fit the MPP data with non-zero 𝐺𝑝𝑜𝑎 using the double diode model. Here, the MPP data 

is limited to the measurement window at a single time step.  

2. Calculate the relative fitting-error of each datapoints and if it is greater than 50%, 

discard the datapoint. 

3. Check the number of the remaining datapoints. If the number of datapoints that remains 

greater than 70% of the raw data, proceed to next. Otherwise the entire data in that time 

step is considered an outlier. Circuit parameters corresponding to that time step will 

then be missing and the algorithm moves to the next time window. 

4. Fit the MPP data by the double diode model and extract the five circuit parameters. 

5. Move to the next time step. 

  

It can be noted that the self-filtering algorithm accounts for the various non-idealities 

including irradiance/temperature instability, pyranometer error, cloud brightening, inverter 

clipping and son on. It should be noted, however, that the input data points in this paper are 

not affected pyranometer error and inverter clipping because the irradiance sensor used is a 

reference cell and the MPP data is a dc output. The other point is that the 50 and 70 



percentage thresholds are found to work well. Further detail can be found in the 

supplementary information section in the Suns-𝑉𝑚𝑝 method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 4  

Analysis 

4.1 Introduction to system Data 
 

The PV system is a commercial installation in Norway, Vestby with installed capacity of 

18kW and under operation since September 2014.The installation consists of three parallel 

strings each with 24 modules. It is equipped with maximum power point (MPP) tracker and is 

greed-tied through a Sungrow inverter. The strings are East facing with a 10o tilt angle and in 

open-rack mount. Since the primary aim of this thesis is to investigate module-level 

degradation, the analysis is based on the dc output of the system. Thus, in this thesis, terms 

such as ‘power output’ and ‘system’ are meant to refer to dc power output and the modules, 

respectively. By doing so, data contaminations coming from inverter effects are avoided. The 

modules are IBC Solar PolySol 250 CS with 60 cells in series connection. The MPP and 

environmental data (temperature and irradiance) are in five-minute resolution. The irradiance 

data is measured by a reference cell and the module temperature is measured by a 

thermocouple installed on module backside. Due to the presence of a gap in the field data, the 

analyzed data in this thesis limited between September 2014 to the end of 2017. 

 

Analysis I 

4.2 Year-on-Year Method 
  

Estimation of PV module degradation from timeseries data follows three primary steps: 

normalization, filtering and data analysis. 

 

4.2.1 Normalization 

 

In this step, temperature-corrected performance ratio 𝑃𝑅𝑡𝑐𝑜𝑟𝑟 (given by Equation 3.2) is 

calculated form the operational data. The operational data of the system comprises five-

minute interval data of current and voltage at maximum power point ( 𝐼𝑚𝑝 and 𝑉𝑚𝑝,) as well 

as plane-of-array irradiance and back-sheet module temperature,  𝐺𝑝𝑜𝑎, and 𝑇𝑚𝑜𝑑𝑢𝑙𝑒, 

respectively. The plane-of-array irradiance is measured by a reference cell while the module 

temperature is measured by a thermocouple at the module back surface. The cell temperature 



𝑇𝑐𝑒𝑙𝑙 and the back-sheet module temperature are distinctly different. Thus, a simple 

relationship given by Equation (1) is used to determine the cell temperature inside of the 

module [68]. 

  

𝑇𝑐𝑒𝑙𝑙 = 𝑇𝑚𝑜𝑑𝑢𝑙𝑒 +
𝐺𝑝𝑜𝑎

𝐺𝑟𝑒𝑓
. ∆𝑇 4.1 

 

  

∆𝑇 is temperature difference between the cells inside the modules and the module back 

surface at the reference irradiance level 𝐺𝑟𝑒𝑓 of 1000W/m2. For flat-plate modules in open-

rack mount with glass/cell/polymer-sheet module type, as is the case in the PV system 

considered here, a value of 3 can be taken for ∆𝑇.  

  

The instantaneious PRs (five-minute interval) are calculated and plotted as a function of time 

as shown in figure 4.1. 

  

 

 Figure 4.1: Five-minute interval temperature-corrected PR as a function of time. 

  

 

  

 

 



4.2.2 Data Filtering 

 

Unlike IV characterization methodologies where data is collected under carefully controlled 

conditions and only periodically, the continuous performance data of fielded PV modules is 

subjected to variable environmental conditons. Because of this the data collected is biased by 

several factors, leading to a wide range of PR values. When all of the raw data is used, 

𝑃𝑅𝑡𝑐𝑜𝑟𝑟 appears to assume all sorts of values from zero to 1.2  as shown in figure 4.1. The 

operational data can be biased by several factors such as (1) low irradiance conditions  (2) 

airmass variation (3) change in angle of incidence (4) shading (5) issues related with 

measurement device such as drifting irradiance sensor (6) maximum power point (MPP) 

tracker away from MPP. The effect of the change in airmass and angle of incidence (AOI) 

can be corrected using emperical functions [68]. However, the functions require 

predetermined coefficints which are not available for the modules considered in this thesis. 

Since the irradiance sensor used is a reference cell of the same material type as the solar cells, 

any possible degradation of the sensor is expected to occur in a similar way as the solar cells, 

which might be unlikely had the sensor employed been a pyranometer. Thus, irradiance 

sensor drift is not considred to be a factor biasing the data. 

  

This analysis proceeds by defining a low irradiance limit and removing outliers caused by 

snow cover and shading. It then looks into the workings of the MPP tracker to check any 

malfunctioning caused by the trackers inability to follow irradiance varition. Finally, the data 

will be analysed in search of the most representative dataset, and hence the most 

representative degradation rate, using uncertainity minimization methodology. 

  

 

4.2.3 Low irradiance conditons 

 

Low irradiance conditions are generally associated with conditions where there is no sunlight 

such as night time data which must be removed. But in this analysis the term is meant to 

refere to non-zero but generally low irradiance values. The output power of the module 

should change linearly with irradiace, but PV modules response is not linear at very low 

irradiance conditions [9]. Therefore, just like the night time data, the low irradiance data has 

to be filtered out from the dataset.The question is then what value should be used for 

irradiance cutoff. 



  

For PV systems with relatively few modules, the low irradiance limit will be defiened 

primarily by the behaviour of the inverter when the power output of the system is low. 

Inverters will have reduced efficiency and may encounter startup problems if the irradiance is 

below a certain threshold, and as a result of this an irradiance cutoff of 200W/m2 is found to 

be appropriate [58]. For the systems considered in this work, however, the efficiency and the 

startup issues cannot be the primary reasons for the need to define the lower irradiance limit 

because the system is large enough to provide the inverter with enough power even in low 

irradiance conditions. This then decreases the lower irradiance limit for the onset of the 

inverter issues. Thus, unlike in relatively small systems, the need to put a lower limit on the 

irradiance in the system considered here comes from the drop in PV modules response in low 

light conditions. 

  

  

 

Figure 4.2: Efficiency normalized to maximum value as a function of plane-of-array 

irradiance. 

  

In order to see how the module behaves at low irradiance levels, data is filtered such that the 

datapoints occur at the same time in a day for all days (to minimize airmass difference) and 

with a 5 oC temperature difference from the STC temperature. When the datapoints have a 

temperature close to STC, the uncertainty of temperature-correction is minimized. Using 



these datapoints, temperature-corrected power to plane-of-array irradiance 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 as a 

function of 𝐺𝑝𝑜𝑎 ais plotted as shown in figure 4.2. 

 

The figure shows that the drop in the module response becomes severe for irradiance value 

lower than 100 W/m2. Low irradiance cutoff of 200 W/m2 looks a good choice, but this 

depends on what the data is needed for and the sensitivity of the employed methodology to 

low irradiance data. The low irradiance limit is not needed in Analysis I because the filtering 

methods used in this analysis takes care of the low irradiance datapoints automatically. The 

determination of the irradiance cutoff is needed for Analysis II. Evaluation of the method 

used in Analysis II showed that 100 W/m2 is an appropriate choice.  

 

 

 

Figure 4.3: Temperature-corrected instantaneous PRs after low irradiance filter 

  

After applying the low irradiance filter, there are still many unrepresentative datapoints. It 

should be noted that with all the biased datapoints filtered out or adjusted (as in corrections 

for temperature and spectral variations), the remaining variation of the PR comes only from 

the actual degradation of the modules, which is very small compared to the variation caused 

by external factors.  

  

 

 

 

 

 



4.2.4 Shading 

  

Three suspects can be thought of for causing the unacceptably low PR values evident from 

figure 4.3. First of all, it can be seen that the low PR points occur in the winter time (and few 

days into the spring). The first reason for the low PR value in this part of the year is that 

modules are partially covered with snow while the irradiance sensor is not covered as much 

as the modules. In that case then Equation (3.2) would be normalizing the power output of the 

modules to a higher irradiance that the module did not actually receive. Therefore, the PRs in 

such cases lie way below the expected value of 1. In this case, the outliers can be screened 

out by using the ratio of the power output to the plane-on-array irradiance 𝑃/𝐺𝑝𝑜𝑎 as a 

filtering parameter.  

  

  

 

Figure 4.4: The distribution of the filtered parameter after low-irradiance filter. The presence 

of outliers has skewed the distribution to the left. 

 

The distribution of the filtering parameter 𝑃𝑑𝑐/𝐺𝑝𝑜𝑎 is shown in figure 4.4 for the data left 

after low-irradiance filter. It is skewed to the left due to the asymmetry of the outliers 

distribution around the median of the dataset. Outliers can be removed using the interquartile 

range technique. Generally, the technique can be used to remove data outside of the desired 

width around the median of the dataset. For example, the interquartile range can be one such 

width.  



 

  

Figure 4.5: Unfiltered data (upper plot) and filtered data (lower plot). 

  

 

A cutoff width of 1.5 times the IQR is found to be appropriate to remove outliers caused by 

snow cover and partial shading conditions. This width is commonly used in statistics. 

However, the appropriateness of the width is evaluated in this analysis. As can be seen in 

figure 4.4, the distribution is skewed to the left, showing the asymmetric distribution of the 

outliers. This is because the vast majority of the outliers are low PR points (lower outliers). In 

the evaluation of the cutoff width, outliers were removed incrementally and each time the 

upper and lower outliers were compared. In the beginning the outlier population is dominated 

by the lower outliers. When this is done continuously, there comes a width for which both the 

upper and the lower outliers have the same population. That width is taken as the outlier 

cutoff width. The plot in figure 4.5 shows outliers marked in red and the plot of the 'clean' 

dataset (lower plot) after the filtering. In this analysis outliers are meant to refer to the 

datapoints filtered out by such cutoff width and this width is referred as outlier cutoff width.  

  

The outliers are filtered out, but the variation is still there caused by spectral variation due to 

local conditions such as passing clouds; uncertainty introduced by temperature-correction of 

the power output; the change in airmass that occur throughout the day and the year; the 



dependency of the reflected light on the angle of incidence and so on. However, since the 

irradiance is recorded by a reference cell, not by a pyranometer, the variation caused by the 

unaccounted effect coming from the change in the angle of incidence is expected to have a 

minimal effect. The actual degradation of the modules has also its own contribution to the 

variation. 

 

 

4.2.5 MPP Tracker Behavior 

 

Another potential reason for noise in the PR data is the MPP tracker behavior. Irradiance and 

outlier filter is already applied to the raw data, but the dataset can still be biased for example 

if the MPP tracker is not able to continuously find the global maximum power point. For 

good MPP tracking behavior, the output power should follow the irradiance fluctuation 

closely without much delay. The MPP tracker could fail to follow a rapid change in 

irradiance (mostly decrease in irradiance) when the tracking algorithm is not appropriate for a 

particular array type [9]. Therefore, it is important to check for a bad tracking behavior.  

  

  

 

Figure 4.5: Daily variation of irradiance and power output. The similarity in the shape of the 

two curves shows that the MPP tracker closely followed the change in the irradiance. 

 

Figure 5.5 shows a plot plane-of-array irradiance and the power output of the system as a 

function of time a particular day where irradiance varies a lot. It can be seen that the MPP 

tracker follows the change in irradiance with no sign of delay, showing good tracking 



behavior. Thus, the uncertainty in the dataset coming from a bad behavior of the MPP tracker 

should be minimum.  

 

4.2.6 Degradation rate at outlier cutoff width 

 

The instantaneous PR values that remain after the outliers have been removed are now 

aggregated on daily basis and the year-on-year (YOY) method is applied to the time series 

data. As described in the previous chapter, the YOY method takes two PR values (here daily 

values) that occur in subsequent years and calculates the difference between the two. When 

this is repeated for the entire dataset, the result is a distribution of rates of change the median 

of which representing the degradation rate at the module-level of the PV system. The 

histogram in figure 4.6 (b) shows the distribution of the year-on-year rates of change with a 

yearly degradation rate of -0.17 %/yr. Therefore, when 𝑃𝑑𝑐/𝐺𝑝𝑜𝑎  is used as filter parameter 

with cutoff width just enough to remove outliers, the degradation rate for the temperature-

corrected PR is found to be -0.17%/yr. 

  

  



 

Figure 4.6: Filtered data aggregated on daily bases (a) and histogram of year-on-year 

degradation rates 

 

4.2.7 Temperature and Time of Day Filter 

  

It is clear from fig.4 that the outlier cutoff width has effectively excluded the outliers caused 

by snow cover and partial shading conditions and applying the year-on-year approach on the 

dataset has resulted in the degradation rate of -0.17 %/yr. However, there is no enough reason 

for taking the determined rate as being the closest to the true value. This is because if a 

different cutoff width is applied, a different dataset and consequently a different rate result. 

Thus, there has to be a rationale to choose a certain data group to be the most representative 

data for the best estimate of the degradation rate. The choice of a dataset with least 

uncertainty can be done by applying uncertainty minimization technique. However, since the 

technique minimizes only the statistical uncertainty, the effect of other factors that biases the 

data needs to be taken care of first by manual filtering. Thus, before uncertainty minimization 

is applied, the data left after low irradiance filtering is filtered by temperature and time of 



day. Note here that the filtering is now being applied on the data left after low irradiance 

filter, not on the data left after outlier filter. The reason is that the uncertainty minimization is 

basically a continuous data removing process that goes beyond the outlier cutoff width. That 

is, the final dataset with minimum uncertainty will be at much lower width (data close to the 

median) than the outlier cutoff width. The outlier cutoff width is mainly needed for the 

Analysis II. In Analysis II, the input data is the data filtered by this cutoff width. But by 

making the calculation here, an example analysis of the degradation rate determination using 

the YOY approach is made and compared with other degradation rates determined from 

different dataset.  

  

The low irradiance data is now filtered such that the new data consists of points recorded an 

hour around midday with a cell temperature between 15 and 45oC. This helps reduce the 

uncertainty introduced by temperature correction in the final calculation of the degradation 

rate. Uncertainty in the temperature correction has two sources. One is measurement 

uncertainty and the other is the assumption of constant temperature coefficient. The 

temperature of all the 72 modules is measured by one thermocouple at the back of one 

module. This assumes that the modules dissipate heat similarly and have a uniform 

temperature. This may not be a gross assumption given that the modules have similar 

orientation and clearance from below. But this assumption is more acceptable in the middle 

of the day. In this time of the day the temperature is generally higher, and this results in better 

temperature uniformity. Regarding the temperature correction, the assumption of constant 

temperature coefficient doesn't hold true when the temperature becomes low. For example, it 

can be seen from figure 4.6 (a) that the temperature-corrected daily PRs become lower as the 

temperature decreases (the datapoints in the winter time) and they tend to maintain a constant 

value in the warmer season. Therefore, limiting the data by temperature bounds may improve 

the accuracy of the temperature correction. The lower/upper temperature bounds are chosen 

such that they are close to the STC temperature but not too close to the extent that much data 

is excluded. Furthermore, selecting data in narrow time interval minimizes the airmass 

difference of the measured irradiance. The filtered and the unfiltered raw data are plotted as 

shown in figure 4.7.  

  



 

  

Figure 4.7: The low irradiance data after temperature and time of day filter (red color) and the 

raw unfiltered data. 

 

4.2.8 Uncertainty minimization 

  

The uncertainty minimization will now be applied on the dataset filtered by temperature and 

time of day (referred as the input dataset hence forth). In the uncertainty minimization 

method, one chooses differently sized datasets and calculates the uncertainty associated to 

each of them. The dataset with minimum uncertainty is then taken to be the most 

representative data for the determination of the degradation rate [69]. Here, the uncertainty is 

only statistical one determined by using the Type A approach [70]. 

  

 



 

Figure 4.8: Uncertainty as a function of percentage datapoints remaining after 𝑃/𝐺𝑝𝑜𝑎 filtering 

is applied. 

  

  

Using 𝑃/𝐺𝑝𝑜𝑎 as a filter parameter, the minimization is applied on the input data and the plot 

of the degradation rate and uncertainty as a function of percentage of the remaining 

datapoints is shown in figure 4.8. As it can be seen, the uncertainty becomes minimum at 27 

% of the input data and the degradation rate for that data group is -0.61 %/yr. Now that a 

dataset with the least uncertainty is determined for the chosen filter parameter and the 

degradation rate calculated from this dataset can be taken to be the rate closest to the true 

value. However, if different filtering parameters are used, the degradation rates that 

corresponds to the minimum uncertainty dataset of each filter are found to be different. The 

minimization is applied on two more filter parameters and the resulting degradation rates 

with the corresponding minimum uncertainty datasets are plotted as shown in figure 4.9. The 

calculated degradation is the largest for the lowest size of the datasets. For example, if the 

power in the filter parameter 𝑃/𝐺𝑝𝑜𝑎 is temperature-corrected, the degradation rate calculated 

from the datasset with minimum uncertainty is -0.32 %/yr. Therefore, before the uncertainty 

method is applied to determine the most representative data from the input dataset, the 

appropriateness of the chosen filter parameter should be justified.  

  



 

Figure 4.9: Degradation rate determined from minimum uncertainty datasets filterd by 

different filter parameters. 

  

 In principle, 𝑃/𝐺𝑝𝑜𝑎 is supposed to be the same for all datapoints. That is not the case 

because the PV modules degrade over time; the efficiency of the modules change with 

operating condition and there is always uncertainty in the measured data. Therefore, the 

group of datapoints where variation of this parameter is minimum gives the best estimate of 

the degradation rate. The degradation rates determined by 𝑃/𝐺𝑝𝑜𝑎 and 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎, have a 

clear difference. When the filter used is 𝑃/𝐺𝑝𝑜𝑎, the minimum uncertainty dataset is 27% of 

the input dataset. The size of the filtered data increases to 63% when is 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎. This is 

expected because when 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 is used as a filter, the uncertainty minimization method 

is being applied to a parameter whose variation has already been reduced. Therefore, the least 

uncertainty dataset appears early in the filtering process. In contrast, the raw data of  𝑃/𝐺𝑝𝑜𝑎, 

has higher variation and therefore, the dataset with minimum uncertainty occurs after much 

more filtering. That is the reason why 𝑃/𝐺𝑝𝑜𝑎 filtered data has almost half the size of the 

dataset filtered by 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎. It should be noted here that in the final determination of the 

degradation rate, the power in all the datasets is temperature-corrected. Thus, the difference 

in the degradation rate calculated from these two data sets is the result of the size and 

distribution difference of the two data. In order to be able to choose the dataset that gives the 

best estimate of the degradation rate, it is necessary to compare the uncertainty curves of the 

three filter. The uncertainty curves of the filter parameters are shown in figure 4.9. The 



uncertainty curve of the ratio of MPP current to plane-of-array irradiance 𝐼𝑚𝑝/𝐺𝑝𝑜𝑎 lies 

below the other two curves of 𝑃/𝐺𝑝𝑜𝑎 and 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎. 

  

  

  

 

  

Figure 4.10: Uncertainty as a function of datasets left in the dataset for three different filters 

  

  

By looking at the uncertainty curves, one may consider 𝐼𝑚𝑝/𝐺𝑝𝑜𝑎 as the best and  

𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 as the second-best filters. However, there is still something more to this. The 

actual data used in the degradation calculation is the temperature corrected instantaneous 

PRs. It is the uncertainty involved in this parameter that ultimately matters for the accuracy of 

the determined degradation rate. Thus, uncertainty calculation was made for the three 

separate instantaneous PRs data that occur in the three minimum uncertainty datasets filtered 

by the three filter parameters. It was found that the PRs dataset that occur in the data filtered 

by 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 has the lowest uncertainty. This means that the data filtered by 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 is 

the most representative data to make the best estimate of the degradation rate.  



The uncertainty curves of the PRs filtered by the three filters is plotted in figure 4.11. The full 

uncertainty curves for PRs filtered by 𝑃𝑡𝑐𝑜𝑟𝑟/𝐺𝑝𝑜𝑎 lies below the other two. In conclusion, 

therefore, this analysis has determined the degradation rate the PV modules to be -0.32 %/yr. 

 

 

 

  

Figure 4.11: Uncertainty curves of the instantaneous PRs dataset filtered by three filters 

as a function of remaining datapoints 

 

 

 

  

  

  

  

 

 

 

 

 

 



Analysis II 

  

4.3 The Suns-𝑽𝒎𝒑 Method 

  

4.3.1 Determination of Time-Zero Circuit Parameters 

  

Two sets of pristine circuit parameters are determined using analytical and curve-fitting 

approaches. As briefly explained in the previous chapter, the analytical approach used is the 

one given by [67]. The analytical approach requires only three points from the I-V curve 

while the curve-fitting technique requires the full I-V measurements and appropriate initial 

guesses for the circuit parameters. The input for both approaches is also required to be pre-

installation STC values. This then results in STC time-zero circuit parameters. 

  

4.3.1.1 Analytical Determination of Initial Guesses 

  

In this section, circuit parameters will be analytically determined. They will then be used as 

initial guess curve-fitting determination of the time-zero parameters, which will be input to 

the Suns-𝑉𝑚𝑝 Method. The double diode model relating the cell's output current 𝐼 and voltage 

𝑉 can be written as: 

  

 

𝑓(𝐼,  𝑉) = 𝐼𝑃𝐻 − 𝐼𝑜1 (𝑒
𝑉+𝐼𝑅𝑠
𝑁𝑠𝑛1𝑉𝑡 − 1) − 𝐼𝑜2 (𝑒

𝑉+𝐼𝑅𝑠
𝑁𝑠𝑛2𝑉𝑡 − 1) −

𝑉 + 𝐼𝑅𝑠

𝑅𝑆𝐻
 − 𝐼 = 0 4.2 

 

  

Here, 𝑉𝑡 = 𝑘𝐵/𝑞 where 𝑘𝐵 is the Boltzmann constant and 𝑞 is the elementar charge. For 

double diode model, the ideality factors 𝑛1 and 𝑛1are taken to be 1 and 2, respectively [32]. 

The five parameters (𝑅𝑆,  𝑅𝑆𝐻 ,  𝐼𝑃𝐻,  𝐼01,  𝐼02) are determined by deriving five independent 

expressions for the circuit parameters. The derived equations are not included here. But in 

what follows, the basis for the determination of the equations is highlighted.  

  

 Evaluating of 𝑓(𝐼,  𝑉) at the short circuit, open circuit and maximum power points fulfils the 

condition that 



  

𝑓(0,  𝐼𝑠𝑐) = 0 4.3 

 

  

𝑓(0,  𝑉𝑜𝑐) = 0 4.4 

 

  

𝑓(𝑉𝑚𝑝,  𝐼𝑚𝑝) = 0 4.5 

 

  

With such evaluation 𝑓 at those points on the I-V curve,  three independent expressions can 

be derived for the short circuit photocurrent 𝐼𝑃𝐻, diffusion current 𝐼01 and recombination 

current 𝐼02 only interms of the seris resistance 𝑅𝑆 and the shunt resistance 𝑅𝑆𝐻. 

  

The next condition to be imposed on Equation (3) comes from the maximum power point. 

The power output of a PV module at each point on the I-V curve is given by: 

 

  

𝑃 = 𝑉𝐼                                                                   4.5 

 

  

 

The derivative of the power with respect to voltage at MPP is zero. Thus,  

 

𝑑𝑃

𝑑𝑉
=

𝑑𝐼

𝑑𝑉
𝑉 + 𝐼 →

𝑑𝐼

𝑑𝑉
|𝑀𝑃𝑃 = −

𝐼𝑚𝑝

𝑉𝑚𝑝
 

 

This gives the forth condition that 

  

𝑑𝑓(𝐼,  𝑉)

𝑑𝑉
|𝑀𝑃𝑃 = 0                                                       4.6 

  

After implicit derivation of Equation (4.6) and inserting the MPP values, the forth expression 

for the shunt resistance is determined. In this expression 𝑅𝑆𝐻 is expressed only in terms of 𝑅𝑆. 



Therefore, the determination of four of the five circuit parameters depends only on the 

determination of 𝑅𝑆.  

  

Since there is no more information available in the datasheet, the 5th equation consisting of 

𝑅𝑆 as the only variable cannot be directly derived. But the approach in [67] proceeds by 

exploiting physical constraints in order to delimit the possible range of the 𝑅𝑆. The physical 

contstraints used are the fact that the diffusion, the recombination current and ohmic 

resistances are positive values. In addition, the approach exploits the slope of various points 

in the I-V curve in search of an upper limit for the series resistance. This physical 

consideration lead to restricting the values of 𝑅𝑆 to a finite range 𝑅𝑆 ∈ [𝑅𝑆_𝑙𝑜𝑤𝑒𝑟
, 𝑅𝑆_𝑢𝑝𝑝𝑒𝑟

].  

Choosing any value within the range for the series resistance can give meaningful set of the 

remaining circuit parameters of the double diode model reproducing the input parameters 

(𝐼𝑠𝑐, 𝑉𝑜𝑐, 𝐼𝑚𝑝, 𝑉𝑚𝑝). However, the approach continues exploiting even more boundary 

condition and finally arrives at an approximate nonlinear expression consisting entirely of the 

series resistance. Therefore, since 𝑅𝑆𝐻 is expressed only in terms of 𝑅𝑆 and the photocurrent 

and the diode currents are expressions of 𝑅𝑆 and 𝑅𝑆𝐻, a nummerical solution for the 

expression of the series resistance results in analytical determination of the five circuit 

parameters of the double diode model. 

  

Using the three points on the I-V curve of the PV modules, the circuit parameters are 

determined analytically, and they are shown in Table 4.1. under column (a). 

  



 

Figure 4.12: I-V curve of IBC Solar PolySol module at STC 

  

 

4.3.1.2 Curve-fitting Determination of Time-zero Circuit Parameters 

  

The current-voltage and power-voltage characteristics curves at STC of the IBC Solar PV 

modules are reproduced and shown in figure 4.12. The original I-V curve was supplied by the 

manufacturer and the points on the curve were retrieved by image processing techniques. 

Using the analytically determined parameters as initial guesses, the double diode model was 

fit to the retrieved I-V points to extract the pre-installation circuit parameters. The circuit 

parameters determined by fitting the full I-V curve are shown in table 4.1 under column b. 

These parameters are then the initial time-zero circuit parameters for the Suns-𝑉𝑚𝑝 method. 

  

 

 

 

 

 

 

 

 



Table 4.1. Circuit parameters determined analytically and by 

curve-fitting techniques 

  a b 

Parameter Analytical Curve-fitting 

𝐼𝑃𝐻 9.044 A 8.82 A 

𝐼01 2.19 x 10−10 

A 

 4.44 x 10−11 A 

𝐼02 9.66 x 10−6 

A 

1.41 x 10−5 A 

𝑅𝑆𝐻 17.805 Ω 2.76 Ω  

𝑅𝑆 4.3 x 10−3 Ω 2.5 x 10−3  Ω 

  

As shown in figure 4.13, the simulated I-V curve using the extracted parameters is almost 

identical to the datasheet I-V curve. This shows the robustness of the extracted time-zero 

parameters to be used as initial guesses in the Suns-Vmp method. 

  

 

  

Figure 4.13: Datasheet and simulated I-V curves. The simulated I-V curve the result of the 

double diode model with the time-zero circuit parameters, which are STC values.  

  



  

4.3.2 Preprocessing of Environmental Data 

  

Here, preprocessing refers to the manual (not by the algorithm) filtering and/or correction to 

the environmental data. In this analysis, the cell temperature is determined by correcting the 

module temperature for irradiance variation using empirical formula as already described in 

Analysis I. Thus, there is no unaccounted effect in the temperature data (apart from 

measurement uncertainties). The irradiance is the other environmental data that may need 

manual preprocessing before it is used by the equivalent circuit model for the fitting process. 

The corrections that may be needed are spectral mismatch and reflection losses. The 

reflection loss correction is necessary when the irradiance sensor used is pyranometer. The 

reason is that owing to its doom-shaped glass cover, pyranometers accept irradiance from a 

highly oblique angle of incident (AOI). In contrast, flat-plane PV modules are susceptible to 

reflection loss at high AOI. However, irradiance data in this thesis is measured by a reference 

cell that is installed in the same plane as the modules. Therefore, the PV modules and the 

irradiance sensor are equally affected by AOI loss and hence there no need to make reflection 

loss correction. The fitting process may also be affected by the difference in the spectral 

profile between the real-time field irradiance and the standard AM1.5 irradiance. This effect 

is not taken into account in this analysis. However, as indirect bandgap material, silicon is not 

generally sensitive to spectral variation (for example, unlike gallium arsenide), and thus the 

unaccounted effect is considered to be only residual.  

  

It is found that the raw data need to be pre-filtered for outliers. Using the raw data without 

outlier filtering has resulted in large of data being removed as corrupted. The physics-based 

auto-filtering normally takes care of the outliers present in the MPP data of each 

measurement window. However, there are times where the modules are affected by partial 

snow cover and precipitation (that causes partial light transmittance) for several subsequent 

days. In that case most of the MPP data sampled in those days is biased. The consequence of 

this is that the circuit-based filtering removes the 'correct' measurements as outliers and the 

circuit parameters determined by fitting the equivalent circuit to this biased MPP data are 

then incorrect. Since the extracted circuit parameters are used as initial guesses for the next 

measurement window, the bias propagates to the subsequent time-steps. Therefore, the input 

data to the Suns-Vmp method is filtered for outliers. The outlier filtering is described in 

section 4.2.4. The same effect is observed from low irradiance conditions. When all the non-



zero irradiance data is used as input, the self-consistent filter removes large number of 

measurement windows as outliers as a whole. This occurs because if data is not filtered 

(preprocessed), most of the data in some of the measurement windows (specially in 

prolonged partial shading conditions) can be biased. The consequence is that the circuit 

parameter determined from these samples will be incorrect. Since the physics-based filtering 

makes the filtering after reconstruction of synthetic I-V curves using these parameters and the 

input MPP data, the inaccuracy in the parameters compromises the filtering process. When 

outliers and low irradiance conditions are filtered out, more than 90% of the MPP data in 

each measurement window have passes the filtering as uncorrupted data. Therefore, before 

the MPP and the environmental data is filtered by the physics-based filter it is pre-filtered for 

outliers and low light conditions. The need for the determination of outlier cutoff width and 

low irradiance cutoff in Analysis I was for this purpose. 

 

4.3.3 Choice of Measurement Window and Auto-filtering of outliers 

  

The measurement window is chosen to be 5 days. The length of the measurement window 

depends on the irradiance/temperature variation and whether the circuit parameters degrade 

significantly within the measurement window. Normally, if a day is sunny, the variation is 

guaranteed because the irradiance changes throughout the day. It can be said that variation is 

also provided by variable cloudy conditions which is typical of Nordic climate. This then 

means not many days are really needed to get sufficiently variation in the 

irradiance/temperature data. However, the variation of the irradiance by cloud cover increases 

the spectral mismatch and this may contaminate the fitting process. If this effect can be 

accounted, just 2 days of measurement window may be enough. Since this effect is not 

accounted in this analysis. However, in addition to providing enough irradiance variation, the 

use of longer measurement window is expected to minimize the effect the effect of the 

spectral mismatch. This is because more quality data will be filtered from a larger input 

provided by a longer measurement window. 

  

An example of the MPP and the environmental data for the first measurement window is 

plotted as shown in figure 4.14. As can be seen, four of the days provide good irradiance 

variation. The second day wasn't sunny enough to provide enough variation. None of the 

datapoints in this day are outliers, but since there is only small variation, fitting this 

datapoints doesn't help in assuring the uniqueness of the extracted circuit parameters. Not that 



he extracted circuit parameters are not biased by fitting the MPP datapoints from this day, but 

their uniqueness is not guaranteed. Therefore, if the length of the measurement window was 2 

days, the quality of fitting process would be low. The cloudy day and the outliers are shown 

by oval markers. Figure shows the unfiltered (a) and filtered (b) data. 

  

 

Figure 4.14: An example plots of the four input variables in the first measurement window. 

The plots show the presence of outliers and times where irradiance/temperature variation is 

low. (a) is the unfiltered data and (b) is the filtered data. 

  

4.3.4 Relative Error of Fitting  

 

The relative error of fitting the filtered MPP data is calculated for each of the points in the 

successive measurement windows. The plot in figure 4.15 shows that an error of less than 

5% is retained for both 𝐼𝑚𝑝 and 𝑉𝑚𝑝 throughout 3 and half years.  

  

 

 Figure 4.15: Relative fitting error of 𝐼𝑚𝑝 and 𝑉𝑚𝑝 throughout the three and half years. 

   



4.3.5 Fitting of MPP Data 

  

Now all the necessary conditions are fulfilled to fit the MPP data of the first measurement 

window. That is, the time-zero circuit parameters are determined; the environmental data is 

preprocessed physics-based outlier filtering is done. The next step is to fit the equivalent 

circuit to the prepared MPP data. In the determined time-zero circuit parameters, temperature 

coefficient of the short-circuit current and properties of the silicon band-gap are given in table 

4.2 and 4.3. It is important to note that these circuit parameters are extracted from the 

datasheet I-V curve at STC and hence they are STC values. 

 

Table 4.2. The time-zero circuit parameters at STC 

𝐽𝑃𝐻,𝑆𝑇𝐶 Short-circuit current 331.56 A/m2 

𝐽01,𝑆𝑇𝐶 Diode diffusion current 2.75 x 10-9 

A/m2 

𝐽02,𝑆𝑇𝐶 Diode recombination 

current 

7.8 x 10-4 

A/m2 

𝑅𝑆h,𝑆𝑇𝐶 Shunt resistance 0.087 Ω.m2 

𝑅𝑆 Series resistance 1.3 x 10-5 

Ω.m2 

 

 

Table 4.3. Other constants 

𝛽 Temperature coefficient of short-circuit 

current [datasheet value] 

0.00064/K 

𝐸𝐺  Bandgap of Si absorber 1.12 eV 

𝛼 Temperature coefficient of Si bandgap 

[52] 

-6 x 10-4 

eV/K 

 

  

The double diode model is reintroduced below. 



  

  

𝐽 = 𝐽𝑃𝐻 − 𝐽01 (𝑒
𝑞(𝑉+𝐽𝑅𝑆)

2𝑘𝑇 − 1) − 𝐽02 (𝑒
𝑞(𝑉+𝐽𝑅𝑆)

2𝑘𝑇 − 1) −
(𝑉 + 𝐽𝑅𝑆)

𝑅𝑆h𝑢𝑛𝑡
4.7 

 

To fit the filtered and preprocessed MPP current and voltage of the first measurement 

window, the initial STC parameters (time-zero parameters in the case of the first 

measurement window) need to be corrected to the temperature and irradiance conditions of 

each MPP datapoints. This then means that the temperature and irradiance data are also 

inputs to the equivalent circuit. Table 4.4 shows how the instantaneous set of parameters (the 

set of parameters at different temperature and irradiance conditions of MPP data) are derived 

from the STC values. 

  

Table 4.4. Illumination and temperature dependencies of the circuit parameters [60] 

𝐽𝑃𝐻 
𝐽𝑃𝐻 =

𝐺

𝐺𝑆𝑇𝐶
× 𝐽𝑃𝐻,𝑆𝑇𝐶 × (1 + 𝛽 × (𝑇

− 𝑇𝑆𝑇𝐶)) 

𝐽01 
𝐽01 = 𝐽01,𝑆𝑇𝐶 × (

𝑇

𝑇𝑆𝑇𝐶
)3

× exp (
1

𝑘
(

𝐸𝐺,𝑆𝑇𝐶

𝑇𝑆𝑇𝐶
−

𝐸𝐺

𝑇
)) 

𝐽02 
𝐽02 = 𝐽02,𝑆𝑇𝐶 × (

𝑇

𝑇𝑆𝑇𝐶
)2.5

× exp (
2

𝑘
(

𝐸𝐺,𝑆𝑇𝐶

𝑇𝑆𝑇𝐶
−

𝐸𝐺

𝑇
)) 

𝑅𝑆h𝑢𝑛𝑡 
𝑅𝑆h𝑢𝑛𝑡 = 𝑅𝑆h𝑢𝑛𝑡,𝑆𝑇𝐶 ×

𝐺

𝐺𝑆𝑇𝐶
 

𝐸𝐺  𝐸𝐺 = 𝐸𝐺,𝑆𝑇𝐶 + 𝛼(𝑇 − 𝑇𝑆𝑇𝐶) 

  

With the set of instantaneous circuit parameters as initial guesses, the equivalent circuit is 

now fit to the MPP data of that measurement window to give a new set of circuit parameters 

at STC that belong to the MPP data of the same measurement window. These parameters are 



passed on as initial guess to the next measurement window, and the temperature/irradiance 

correction as well as the MPP fitting continues to all subsequent measurement windows.  

  

4.3.6 Temporal Progression of the Circuit Parameters  

  

The fitting of the entire data results in temporal progression of the circuit parameters as 

shown in figure 4.16. The fitting is done by specifying the lower and upper bounds for the 

parameters. With the exception of the photocurrent, the other circuit parameters are assumed 

to degrade monotonically as a function of time (no recovery) with maximum degradation rate 

of 1% per day. The photocurrent fluctuates due to factors such as dust, precipitation, snow 

and so on as can be seen in the plot. As a result, the upper and the lower bound are set to be 

the datasheet short-circuit current and zero. The fluctuation is not expected to affect the 

determination of the other parameters because the double diode model assumes voltage 

independent photocurrent 𝐽𝑃𝐻. The fluctuation of the photocurrent will just shift the 

reconstructed I-V curve. 

  



 

Figure 4.16: The extracted circuit parameters at STC of the double diode model as a function 

of time.  The 𝐽𝑝h is corrected such that it monotonically decreases (red solid line). The 

regions bounded by the dashed-lines (as indicated by the arrows) are winter times where there 

is no data available for fitting. 

  

  

  

 

 

 



4.3.7 Degradation rate of the Performance Metrics 

  

For PV devices, the short-circuit current, the open circuit voltage, the fill factor and the 

efficiency are the most important performance metrics. The determine degradation rate of 

these parameters is shown in figure 4.17. The 𝑉𝑜𝑐 and 𝐼𝑠𝑐  showed no degradation at all. All 

the efficiency loss comes from fill factor loss. 

  

 

  

Figure 4.17: The degradation rate of the performance metrics (a) and efficiency (b) at STC. 

  

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 5  

Discussion 
 

5.1 Visual Inspection and IR Pictures  
 

This analysis included site visit for visual inspection and infrared picture. No visual evidence 

of defects could be found on both the back and front surface of the PV modules. The front 

surface has no sign of discoloration, cracked cells, shattered glass, frame detachment or 

misalignment etc. The backside has a limited accessibility due to a very narrow clearance 

between the back of the modules and the floor (roof-top). However, it could still be checked 

that there are no signs of delamination, bubbles, burns and son on. In general, front surface 

and back-sheet including the cables and the junction boxes appear unaffected in anyway. 

Local soiling close to the frames due to sedimentation was visible. Snail-trails were seen 

everywhere with a distribution of 2 per module. It can be said that they are randomly 

distributed over the 72 modules. Finally, infrared pictures (IR) were taken to check signs of 

hot spots. The pictures were taken under a condition of more than 600 W/m2 irradiance. No 

sign of hotspots and defective modules were found from the thermal evaluation. 

 

5.2 Result of Analysis I 
 

The instantaneous raw input data of performance ratios and the final filtered data is shown in 

figure 5.1. As can be seen from the 'shape' and the size of the filtered data in each year, the 

filtered data has a good distribution throughout the three years. This is important for the 

accuracy of the YOY method because the method takes two instantaneous points that occur at 

the same time in the subsequent years to calculate the rate of changes. Thus, rate of changes 

will not be calculated for a datapoint that doesn’t have a pairing datapoint at the same time a 

year later. Before the rate of changes for all datapoints are calculated, the filtered data is 

aggregated on daily basis. The degradation rate, which is the median of the rate of changes, is 

found to be -0.32 %/yr. This is shown by the plot in figure 5.2. 

 

 

 



 

 

Figure 5.1: Raw and filtered data. The numbers indicate the size the filtered datapoints in 

each year. 

 

 

Figure 5.2: The degradation rate determined from histograms of the year-on-year rates of 

changes. The rates of changes were determined from the daily aggregates.  

 

In addition to the one determined by the year-on-year method, the degradation rate is also 

calculated from the regression-fit of the daily and five-minute interval filtered data.  

  

  



 

  

Figure 5.3: Yearly degradation rate determined by regression-fit of the 5-minute interval 

filtered data. 

 

 

Figure 5.4: Yearly degradation rate determined by regression-fit of daily aggregates of 

filtered data. 

 

 

As shown in figure 5.4, the rate determined by the regression-fit of the daily aggregates is 

very close to the YOY determined degradation rate, which is also determined from rates of 

changes of daily aggregates. In conclusion, this analysis has made a thorough data filtering 



manually and using minimization method. The degradation rate determined by the YOY 

approach is found to be very close to the rate determined by regression-fit of the same data (-

0.23 %/yr.). However, since the YOY approach is less affected by seasonality and doesn’t 

assume linear degradation, the degradation of the PV modules is taken to be -0.32 %/yr. 

 

5.3 Result of Analysis II 
  

The degradation analysis was done for different length of the measurement windows as 

shown in Table 5.1. The reason for this was to check if deduced degradation rates of the 

performance metrics by the Suns-Vmp method are sensitive to the choice of the measurement 

windows. In section 4.3.3, it was discussed as to why 5-day measurement window the most 

likely appropriate choice.  

 

Table 5.1 Sensitivity of degradation rates to measurement window. 

Measurement window 

[Days] 

𝐼𝑠𝑐 

[%/yr.] 

𝑉𝑜𝑐 

[%/yr.] 

𝜂 

[%/yr.] 

2 0 0 -0.85 

3 0 0 -0.53 

4 0 0 -0.4 

5 0 0 -0.31 

  

 

In all the measurement windows the  𝐼𝑠𝑐 and  𝑉𝑜𝑐 showed no degradation at all. The difference 

in the determined efficiency of the various measurement windows is not significant either. 

This variation is suspected to be the residual effect of the spectral mismatch. The variation 

decreases rapidly as the number of days are increased.  

  

  

 

 



5.4 Result Comparison of YOY and Suns-𝑽𝒎𝒑 Methods  

  

The result of the two approaches cannot be compared in all aspects because  while the YOY 

method quantifies the degradation rate of the performance ratio (efficiency), while the Suns-

𝑉𝑚𝑝 goes a greater detail of determining the temporal progression of the PV module 

performance metrics (𝐼𝑠𝑐,  𝑉𝑜𝑐, 𝐹𝐹 and 𝜂) and the circuit parameters (𝐽𝑝h,  𝐽01,  𝐽02,  𝑅𝑠 and 

𝑅𝑠h). The comparison is then limited to efficieny degradation. Note here that efficiency 

degradation rate and PR degradation rate are equivalent quantities. Interestingly, the 

degradation rate deduced by the five-day measurement window is almost exactly the same as 

the one determined by the YOY approach. This also supports the appropriateness of the 

choice for the length of the measurement window. 

 

  

 

Figure 5.5: Degradation rate of the performance metrics (a) and STC efficiency as a function 

of time as deduced by the Suns-Vmp method. 

  

5.4.1 Degradation of Circuit Parameters 

  

Figure 5.6 shows the temporal progression of the circuit parameters from analysis II. All 

parameters are degrading (𝑅𝑠h is decreasing; 𝑅𝑠 , 𝐽01 and  𝐽02 are increasing) except the 𝐽𝑝h 

fluctuation due to soiling, precipitation, snow and other factors that reduce the transmitted 

light to the cells. However, this analysis (and the Suns-𝑉𝑚𝑝 ) considers only the factors that 

cause irreversible losses in  𝐽𝑝h. Therefore, 𝐽𝑝h is corrected such that it decreases only 

monotonically with time. The corrected line (red line) shows no degradation of 𝐽𝑝h. 



 

Figure 5.6: The extracted circuit parameters at STC of the double diode model as a function 

of time.  The 𝐽𝑝h is corrected such that it monotonically decreases (red solid line). The 

regions bounded by the dashed-lines (as indicated by the arrows) are winter times where there 

is no available data. 

  

The regions within dashed-lines (indicated by arrows) are period of no available data. In 

these regions, data is not available for all the time-steps due to low irradiance conditions. 

Thus, no parameter extraction is done within these periods. Some of the periods extend 

outside of the winter season, but for the sake of clarity, the periods will be referred to as 

'winter periods' in this discussion. When there is no available data within a given 

measurement window at a given time-step, that time-step will be assigned the values from the 

previous extraction. Since no parameter extraction is possible in the winter periods, each of 

the parameters have constant values in that period. These values are the last extracted values 

just before the winter periods enter. It is important to note here that the unavailability of data 



in the winter time is not expected to cause uncertainties in the parameter extraction. This is 

because when fitting the MPP I-V of a given measurement window, the initial guesses from 

the previous time-step and the preset maximum degradation rate (1% per day) are used to 

establish lower/upper bounds of the extracted circuit parameters. Therefore, when the first set 

of parameters are extracted just outside of the winter period, the parameters are allowed to 

have a much lower lower-bound (at the dashed-line on the right side of each region). In other 

word, even though the signatures of possible degradation are not captured in the winter time, 

the effect is allowed to exhibit itself in the first set of parameters extracted right outside of the 

winter period. This then mitigates the uncertainty from propagating through the circuit 

parameters. 

  

5.4.2 Climate Dependence in Parameter Degradation 

  

5.4.2.1 Photocurrent Degradation 

  

The plot in figure 5.5 (a) shows degradation rate of PV module performance metrics. It can 

be seen that the efficiency erosion is completely due to fill factor loss. The 𝑉𝑜𝑐and 𝐼𝑠𝑐appears 

to be not degrading at all. Normally in PV module degradation, the degradation rate of 𝑉𝑜𝑐 is 

the lowest of the I-V parameters changing the least with field exposure. This is evident from 

a large number of reported PV module degradation rate analysis [7]. Degradation of 𝐽𝑝h is 

typically attributed to discoloaration and delamination of EVA. The insignificant degradation 

of 𝐽𝑝h implies that the modules have not expeerienced delamination or discoloration just yet. 

This is supported by the observation during field inspection. Among degradation modes of 

PV modules, EVA discoloration is the easiest to be spotted visually, but no sign of 

discoloration could be found during filed inspection. Another common cause of 𝐽𝑝h 

degradation is crack-isolated cells. Since loss of 𝐽𝑝h due to crack-isolated cells affects only 

one part of the module (there are bypass diodes), the degradation mode is expected to reduce 

the fill factor, not  𝐽𝑝h. It is, therefore, reasonable suspect that 𝐽𝑝h may have degradated more 

than it appears to be. However, if this was the case, the crack-isolated areas of the cells could 

have been identified by infrared pictures. IR pictures taken in sufficient irradiance conditions 

revealed no hotspots. Therefore, it is not unlikely that the information carried by the 

undegraded temporal evolution of 𝐽𝑝h (i.e., no discoloaration, delamination and crack-isolated 

cells) is acceptable. But the absence of discoloaration and delamination can further be 



explained in relation to the age of the installation, climate and geography of the installation 

site.  

   

Delamination that causes 𝐼𝑠𝑐 (or photocurrent 𝐽𝑝h) loss occurs when moisture permeation 

through the edges of the modules leads to the breakdown of bonds between the cell and the 

encapsulant (and/or the encapsulant and the glass). The breakdown of the bond creates 

additional interface which then results in optical decoupling of the layers that transmit light to 

the cells. This directly leads to loss of 𝐼𝑠𝑐. However, by the very design of the module, 

moisture cannot easily enter the module laminate to reach the cell-encapsulant/encapsulant-

glass interface and cause delamination and corrosion. Therefore, delamination is generally a 

slow process that doesn't occur much in the early-age of fielded PV modules unless the 

modules were defective in the first place. Besides, since moisture permeation is accelerated 

by humidity and temperature, the onset and prevalence of the degradation mode is more 

severe in hot and humid climates than in Nordic climate. Specially for 'newer' installation 

(modules installed post 2000), there is no single report of delamination in the early stage of 

the modules lifetime for modules installed in moderate climates (the closest to the Nordic 

climate in the report) [15].  

  

Unlike delamination, discoloration of EVA (specially yellowing) can occur in the early years 

of the installation (e.g. in the first five years). There are several reports on discoloration for 

post 2000 installation with age of less than 10 years [7]. In another report [51], 50% of the 

module is seen to be affected by discoloration within 5 years of deployment. Discoloration is 

caused by ultraviolet-assisted photochemical reaction in the encapsulant material (see chapter 

2.). As a result, the degradation mode is prevalent in high UV concentration and high 

temperature locations. This is not the case in Norway. In general, Norway is located at high 

latitude and so the sunlight has to travel a longer distance through the atmosphere (generally 

high airmass) before it reaches the PV modules. This increases the absorption and scattering 

of the short wave-length light and hence minimizes the concentration of the ultraviolet light 

reaching the PV modules. The other geographic factor is altitude. Discoloration of the 

encapsulant is linked to high concentration of ultraviolet light at high altitudes [53, 55]. The 

PV modules (in this analysis) are installed at an altitude of 82m, which is very low. This then 

further decreases the concentration of the UV light at the location. In addition to geography, 

UV concentration is affected by cloud cover. Due to the cloudiness of the Nordic climate, the 



concentration of UV light reaching the Earth's surface is reduced by cloud covers. Finally, 

discoloration is known to be accelerated at higher temperatures, consistent with highest 𝐼𝑠𝑐 

degradation in desert climates [7]. Thus, the low temperature of the Nordic climate further 

disfavors/postpones the onset of discoloration. 

  

Therefore, the result that the efficiency erosion is caused by fill factor loss, not 𝐼𝑠𝑐, has a 

theoretical support that applies to the Nordic climate. It can generally be said that the onset 

and eventual prevalence of the degradation modes (discoloration and delamination) may 

delay more for PV modules installed in Nordic climate than in other climate zones. If that is 

the case, the 𝐼𝑠𝑐 degradation will be determined by the presence of crack-isolated cells. Even 

though the effect is small for small number of them, the impact becomes substantial as their 

number grows, possibly caused by snow load and thermal shock. 

  

  

5.4.2.2 Shunt Resistance and Diode Currents 

  

Since the operating voltage of the system is high, the efficiency degradation can also occur 

caused by potential induced degradation (PID). But again, only small loss of power occurred 

because of shunting 𝑅𝑠h and increase in recombinaiton 𝐽02, which are indicators of PID [52]. 

Thus, PID may not cause the loss of efficiency. 

  

The degradation of 𝐽01,  𝐽02 and  𝑅𝑠h is can be considered to be insignificant. But the way the 

parameters degrade shows some seasonality. As indicated by the oval markers, the 

degradation of the parameters, specially 𝐽01 and  𝐽02, occurr in th warm periods (far eough 

from the winter periods), and then it stops as the temperature get lower. Thus, it can be 

expected that the degradation of these parameters is generally slow in the Nordic climate. 

  



 

  

Figure 5.7: Indications of seasonality in the temporal progression of circuit parameters. 

 

5.4.2.3 Series Resistance 

  

In figure 5.8, the power loss ascribed to each parameter is deconvolved and quantified. It can 

now be seen in plot (a) (marked in yellow plot) the dominant contributor to the efficiency loss 

is the series resistance. The temporal progression of the 𝑅𝑠 in plot (b) shows that it is always 

increasing as long as parameter extraction is possible (outside of the winter periods). In 

contrast to the other parameters, its degradation tends to be rapid close to the winter periods 

as shown by the small steps indicated by the arrows. In the rest of the times outside the winter 

periods,  𝑅𝑠 increases smothly. The exception is of course the big step that occurred in 2015 

(indicated by the oval-shaped marker). It is interesting to note here that almost half of the 

three- and half-year change in 𝑅𝑠 occurred in one big step. This gives clue about the physical 

mechanism involved in the 𝑅𝑠 degradation. It is likely that solder bond failure of the 

interconnects may have caused this. 

  



 

  

Figure 5.8: Temporal degradation deconvolution with respect to circuit parameters (a) and 

temporal evolution of  𝑅𝑠 (b). 

  

In solar cells, the series resistance is caused by the bulk resistance of the semiconductor, 

contact resistances between silicon and the metallization and finally the resistance in the top 

and rear contacts. 𝑅𝑠 can increase when the internal circuiteries corrode caused by moisture 

ingression or by the gas retained inside the module during manufacturing. Modules affected 

by significant corrosion of internal circuitries can be visually identified by the color change 

they exhibit. In such stages of significant corrosion, a raise in 𝑅𝑠 can occur in stepwise 

fashion. However, the determined degradation rate, which is attributed to the raise in 𝑅𝑠, is 



aslo too small for any indication of significant corrosion, to begin with. Besiedes, no module 

is found with internal circuitries discoloration during visual inspection. 

  

The likely physical mechanism for the increased 𝑅𝑠 is the solder bond failure caused by large 

thermal expansion difference between the Cu ribbons and Si. In solar cells, the PbSn solder is 

used to connect Cu ribbons to Ag electrode. Ag is known to easily dissolve into the solder 

(known as Ag leaching) and form Ag3Sn, which is very brittle and rigid structure. A crack 

can, therefore, be created between the Ag3Sn and the solder bond interface at high or low 

temperatures [71]. The crack decreases the number of redundant solder-joints. This leads to 

increased 𝑅𝑠 as current is forced to circulate through diminished solder-joint area. No matter 

how small it is, crack is one step process. Thus, increase in the series resistance may occur in 

stepwise fashion. In cold sunny days, the solar cells are at high temperature relative to the 

ambient air. In no-irradiance conditions, the temperature drops to the ambient conditions. 

This cycle also happens in the summer times. But perhaps the effect of thermal expansion 

mismatch gets worse when the cycle occurs in generally colder times. In that case, the small 

stepwise increase of 𝑅𝑠 are expected to occur close to the winter periods (the dashed-lines). 

This is not, however, to say that the stepwise increase caused probably by solder bond failure 

occurs only in these periods. The patterns are there but the stepwise increase can also occur in 

other periods (just like the big increase in the summer time) when the preceding physical 

phenomenon of interface cracking are fulfilled. The cold temperature could also lead to 

interconnect breakage due to the brittleness of EVA at lower temperatures [24]. However, 

looking at the small order of magnitude that 𝑅𝑠 has increased by, one may rule out the 

possibility interconnect breakage as a cause. 

  

 

 

 

 

 

 

 



Chapter 6  
 

6.1 Conclusion 
In this thesis, a three-and-half year continuous operational data of PV modules was used to 

determine the degradation rate and the underlying physical mechanisms of the modules 

operating in the Nordic climate. Two independent methodologies were used to achieve 

closely related results. The first methodology quantified the performance degradation rate of 

the modules after a thorough filtering of the operational data. The second methodology goes 

to a much more detail of determining the degradation of the performance metrics and the 

temporal evolution of the circuit parameters of double diode model. The PV modules 

degradation rate determined by the two methodologies are found to be in very good 

agreement. The determined performance degradation rate of the PV modules in Nordic 

climate is found to be -0.32 %/yr. That is, the efficiency of the PV modules drops by this 

amount every year. Most PV module manufacturers guarantee 80% nameplate capacity after 

25 years of field operation. Assuming linear degradation, this will be 0.5% yr. The 

determined rate in this analysis is less than this value. Therefore, the PV modules installed in 

Nordic climatic conditions may have more than 80% of their installed capacity after 25 years 

of field operation, assuming the degradation rate of -0.32 %/year persists. 

 

The degradation rate was determined after the operational data was taken through a various 

filtering technique. The data was first filtered for low light conditions after determining low 

irradiance cutoff. It was then filtered for outliers which were found to have been caused 

mainly by snow cover and partial shading conditions. Additional filtering was done to 

minimize airmass difference between the datapoints. This other filter also minimizes the 

uncertainty involved in temperature-correction of the power output which is necessary for the 

final calculation of the degradation rate. Lastly, uncertainty minimization was applied to the 

remaining data. The minimization method was applied on three filter parameters. The final 

minimum-uncertainty dataset determined by the three filter parameters was compared to 

identify the most representative dataset, and thus the best estimate of the degradation rate. 

The main purpose of the second methodology was to identify the underlying degradation 

pathway. The methodology used was the so-called Suns-Vmp method. It was found that the 

efficiency loss was caused completely by loss of fill factor. The short circuit current and the 



open circuit voltage showed no degradation at all. Further examination of the fill factor loss 

showed that it was caused by increased series resistance. Therefore, the increased series 

resistance was found to be the reason for the degradation of the PV modules. The increase in 

series resistance occurred in stepwise fashion, signifying solder bond failure as the 

underlying physical mechanism. Interconnect breakage caused by snow load may also have 

caused the increased series resistance. But the order of magnitude of the increase may not 

lead to suspect interconnect breakage, at least as it stands now. It is generally known that 

solder bond failure is caused by thermal expansion coefficient mismatch between the solder 

joints and the surrounding material. Due to large thermal expansion difference between the 

silicon and the cupper, crack may have resulted between the Ag3Sn and the solder bond 

interface. This leads to increased 𝑅𝑠 as current is forced to circulate through diminished 

solder-joint area. 

 

In general, increase in series resistance caused by solder bond failure (and interconnect 

breakage due to snow load) is expected to be the dominant degradation mechanisms in 

Nordic climate. In contrast, the loss in short circuit current is expected to continue to be 

minimum.  
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