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ABSTRACT

In-field characterization of photovoltaics is crucial to understanding performance
and degradation mechanisms, subsequently improving overall reliability and lifespans.
Current outdoor characterization is often limited by logistical difficulties, variable weather,
and requirements to measure during peak production hours. It becomes a challenge to find
a characterization technique that is affordable with a low impact on system performance
while still providing useful device parameters. For added complexity, this characterization
technique must have the ability to scale for implementation in large powerplant

applications.

This dissertation addresses some of the challenges of outdoor characterization by
expanding the knowledge of a well-known indoor technique referred to as Suns-Voc. Suns-
Voc provides a pseudo current-voltage curve that is free of any effects from series
resistance. Device parameters can be extracted from this pseudo I-V curve, allowing for
subsequent degradation analysis. This work introduces how to use Suns-Voc outdoors
while normalizing results based on the different effects of environmental conditions. This
technique is validated on single-cells, modules, and small arrays with accuracies capable
of measuring yearly degradation. An adaptation to Suns-Voc, referred to as Suns-Voltage-
Resistor (Suns-VR), is also introduced to complement the results from Suns-Voc. This
work can potentially be used to provide a diagnostic tool for outdoor characterization in

various applications, including residential, commercial, and industrial PV systems.
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1 INTRODUCTION

By 2020, over 760 GW of photovoltaic (PV) systems were installed throughout the
world, representing 3.7% of the world electricity demand, and over 2 billion PV modules
operating in multiple climates under varying weather conditions [1]. More than two-thirds
of those modules were installed in the last 5 years, often using new designs and new solar
cell technologies [2]. Not enough time has passed to subject those new module designs to
long-term field reliability studies. Understanding the degradation rate and risk of failure of
PV systems is critical to predict the levelized cost of electricity (LCOE), an extremely

important metric for system owners, financiers, and other stakeholders in the PV industry

[3], [4].

Indoor standard accelerated stress testing, namely the IEC 61215 standard for
terrestrial PV modules [5], is a valuable methodology to identify fault mechanisms,
estimate the degradation rate, and to ensure the safety and normal operation of modules in
the field. Standardized tests help module and cell manufacturers to identify and mitigate
faults early in the development phase, reducing the time-to-market of new products [6].
However, these tests fail to predict some of the faulting mechanisms observed in the field
[7]. In recent years, the National Renewable Energy Laboratory (NREL) developed
combined-accelerate stress testing to surpass some of the limitations of the conventional
single factor stress tests [8]. The multi-factor testing is an important achievement in indoor
accelerated testing, where modules are subjected to conditions closer to those experienced

in the field. Yet, these tests are still an incomplete image of the exact stress mechanisms



that PV systems are subject to outdoors, which vary with location, time of day, and time of

year [9].

Presently, various outdoor characterization techniques have proven effective in
identifying degradation mechanisms and faults. Some of these characterization techniques
are discussed in Chapter 2. This chapter also discusses how these outdoor techniques
account for variable environmental conditions and translate results to a standardized set of
conditions. This work capitalizes on a characterization technique called Suns-Open Circuit
Voltage (Suns-Voc), which is widely used for laboratory measurements of single solar
cells. The underlying theory of indoor Suns-Voc is introduced in Chapter 3. This chapter
also discusses how the Suns-Voc technique can be adapted for outdoor applications.
Simulation Program with Integrated Circuit Emphasis (SPICE) modeling was conducted
to support the theories for outdoor implementation. The experimental results of outdoor
implementation are then presented. The characterization technique was first tested on a
single-cell PV module, where it could be tested indoors to verify outdoor results.
Subsequent testing was then performed on a 96-cell module, representing a typical
commercially available PV module. Temperature corrections were performed using both
backsheet temperature sensors and a local weather station, providing feasibility for scalable
applications. Finally, testing was then performed on a 4-module array, an analog to a

conventional PV string.

A novel characterization technique, referred to as Suns-Voltage-Resistor (Suns-

VR) is then introduced in Chapter 4 as a complement to Suns-Voc. Simulations and indoor



experimental testing were conducted as proof of concept. This work can ultimately be

expanded on to test the validity of outdoor usage.

The impact and potential applications of outdoor characterization are presented in
Chapter 0. The PV industry can be further accelerated by adequate testing and
measurements of PV systems and modules. This dissertation seeks to demonstrate that the
PV industry must continue to rely on various forms of outdoor characterization to meet the
reliability and cost goals of both the present and future. Final opportunities and conclusions

are presented in Chapter 6.



2 BACKGROUND

The energy from the sun is the most abundant source of free energy, providing more
energy to the earth in a day than the global population uses in an entire year [10].
Photovoltaics are typically semiconducting materials that convert light into electricity by
utilizing the photovoltaic effect [11]. Photovoltaic systems may suffer from various
degradation mechanisms, influenced by cell/module architecture, installation, racking,
weather, and climate. Characterization is key to understanding these degradation
mechanisms and their causes. This chapter includes the theoretical background of PV
module and system operation. A thorough analysis is then presented, examining the
impacts of outdoor conditions on a PV module’s |-V characteristics. The chapter concludes
with a detailed review of different outdoor characterization techniques currently used to

monitor PV systems and identify degradation mechanisms.

2.1.1 Current-Voltage Characteristics

Current-Voltage (I-V) measurements are the photovoltaic industry standard for
characterizing and ranking the performance of solar cells and modules. For example, the
datasheet of a module is given in terms of the 1-V characteristics and power output under
different conditions. The I-V curve is a changing snapshot of the operation of a cell or
module and can be used to gauge the degradation based on deviations of their
characteristics over time. Figure 2.1 gives an example of I-V and power-voltage (P-V)
curves for a generic 72-cell PV module. The Isc and Iup are the short-circuit and maximum-
power currents, and the Voc and Vwp are the open-circuit and maximum-power voltages.

The Mpp is the maximum-power point and is the product of Ve and Ivp.
4
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Figure 2.1. Simulated 1-V and P-V Curve of a 72-Cell PV Module [12].

The fill factor (FF) represents the “squareness” of the I-V curve and can be

determined by the following equation:

Vip X I
FF = MP~— "MP 1)
Voc X Isc

The FF can also be graphically determined by taking the ratio of area between the
two squares shown in Figure 2.2. The FF is commonly used to gauge performance because
it embodies many of the loss mechanisms that impact the solar cell. As the FF is a ratio, it
is less dependent upon the environmental conditions than Isc or Voc. The efficiency (n) of

the module is the ratio of output power to input power, as shown in the following equation:

Pour _ FF X Ve X Igc
P,  EXArea

n= 2

The E represents the incident irradiance as Watts/m? on the collecting area of the

module. Module efficiencies are lower than cell efficiencies for several reasons. The



module area is slightly larger than the sum of the areas of the individual cells as the module
area also includes the space between the cells and the frame. The encapsulant and front
sheet used for the module can absorb and reflect photons, which results in a lower overall
external quantum efficiency. The material typically used as a backsheet can reflect more

photons back to the cells, easing some of the losses due to the front sheet and encapsulant.
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Figure 2.2. Graphical Representation of Fill Factor for a 72-Cell PV Module.

2.1.2 Single Diode Equivalent Circuit for a PV Cell

To better understand the electrical output of a PV cell, an electronically equivalent
model is presented in Figure 2.3. This model is referred to as the single diode model and

describes the dominant performance and loss metrics with.
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Figure 2.3. Single Diode Equivalent Circuit for a PV Cell.

The circuit elements describe the I-V characteristics of the cell and are

mathematically represented by the following equation:

V+IRs V + IR
V=1, - Io[e wr 1| -

®)

Rshune

The parameters of (3) are described in the context of commercial silicon solar cell
modules [13]. The light generated current (I,) is a function of the light incident on the solar
cell, and its behavior in practice is close to ideal. There is a linear relationship between I,
and light intensity over several orders of magnitude. In addition, the assumption of I, as
being constant with applied voltage is also generally valid. The variation of I, with
temperature follows the response that would be expected from changes in light absorption
caused by the bandgap shift with temperature. Furthermore, Isc is equivalent to I; unless
the module is particularly degraded with a very high series resistance (Rs) and a low shunt

resistance (Rshunt).

The dark saturation current (I,) describes the recombination in the device and the
operation of the diode [14]. An ideal diode has a constant recombination lifetime so that
there is a single I, over the entire voltage range. In practice, the recombination mechanisms

change with minority carrier concentration and so operating voltage. To capture the

7



variation in I,, the ideality factor (n) is introduced. It is typically close to one and describes
the changes in recombination over typical device operation from Viup to Voc. The Io also
increases dramatically with temperature leading to a loss in Voc. The following equation
defines the thermal voltage, Vr:

Vr= ", 4)

where k is Boltzmann’s constant, q is the electronic charge, and T is the temperature.

The Rsnnt can often be neglected in monocrystalline silicon modules. For
multicrystalline silicon modules, the behavior of Rshunt is more complicated [15]. It is more
accurately described as a shunting mechanism that can be characterized as a diode or diodes
separated by a resistance [16]. The Rs is presented as a single value that captures all the
individual resistances within the cell such as finger resistance. However, the resistive losses
are distributed throughout the cell in a network that includes the diode elements. The flow
of current within the cell changes depending on the operating point (e.g. with illumination

or voltage) and thus the apparent resistance also changes [17].

Given the changing nature of the parameters, I,, Rs and Rshunt, ONne may wonder
about the usefulness of equation 1. However, these parameters are nearly constant over a
practical range of module operation and determined from experimental data. For example,
a typical module datasheet provides 1-V curves over the range of 200 to 1000 W/m? and a
temperature of 5°C to 65°C [18]. The derived model is semi-empirical, and it has validity

and predictive power over the measurement range.

The single-diode model is widely used to model the output characteristics of a PV
cell because it simplifies the output by assuming a constant value for the ideality factor,

8



though this assumption is sometimes invalid and can lead to inaccuracies. For example, at
high operating voltages, recombination is dominated by the surfaces and bulk regions,
resulting in an ideality factor close to one. At low operating voltages, recombination
dominates within the junction resulting in an ideality factor much closer to two. Because
of this phenomenon, a second diode is used and referred to as the double diode model. As
the name implies, the double diode model uses a second parallel diode, which typically has
an ideality factor of two to account for junction recombination. For silicon devices, the
double diode model often provides invalid results because of the intricacy of recombination
and the relationship with carrier concentration. Therefore, this work is built on the single-

diode model, with varying ideality factors as a function of voltage.

2.2 Photovoltaic Characterization Outdoors

Indoor standard accelerated stress testing, namely the IEC 61215 standard for
terrestrial PV modules [5], is a valuable methodology to identify fault mechanisms,
estimate the degradation rate, and to ensure the safety and normal operation of modules in
the field. Standardized tests help module and cell manufacturers identify and mitigate faults
early in the development phase, reducing the time-to-market of new products [6]. However,
these tests fail to predict some of the faulting mechanisms observed in the field [7]. In
recent years, the National Renewable Energy Laboratory (NREL) developed combined-
accelerate stress testing to surpass some of the limitations of the conventional single factor
stress tests [8]. The multi-factor testing is an important achievement in the indoor
accelerated testing, where modules are subject to conditions closer to the ones experienced

in the field. Yet, these tests are still an incomplete image of the exact stress mechanisms

9



that PV systems are subject to outdoors, which vary with location, time of day, and time of

year [9].

Outdoor diagnostic methods are then required to assess the performance and
reliability of the PV systems in the relevant environments. Identifying the reasons why
individual elements of the PV systems are underperforming is particularly significant for
new module designs with only a few years of field installation [3]. Outdoor diagnostics are
extremely valuable for the solar industry, providing important guidance for future cell,
module, and system designs, particularly in the context of an industry which is positioning
to offer 50-year module warranties [19]. Presently, several outdoor imaging-based
characterization techniques have proven to be effective in identifying module faults [20]-
[23]. Many of these techniques have the advantage of acquiring data over large areas in a
reasonable short period. There is no question about the importance of these techniques,
especially among PV plant owners, but they are limited to the extent of not providing
quantitative information regarding the nature of each faulting mechanism [3]. To
investigate the different degradation modes and their root causes, current-voltage (I-V)
measurements of modules are highly desirable [24]. Using outdoor environments, we can
measure the 1-V characteristics of modules under real operation conditions and extrapolate
parameters such ideality factor and injection-dependent lifetime, gaining more detailed

understanding of the underlying degradation mechanisms [25], [26].

The following section reviews some of the more popular methods currently used to

characterize PV systems operating in the field. The impacts of outdoor conditions are

10



discussed, including techniques and standards used to translate outdoor results to standard

testing conditions.

2.2.1 Outdoor Effects on I-V Characteristics

Modules are typically measured indoors under Standard Test Conditions (STC, per
IEC TS 61836) before being installed in the field [27]. Indoor STC measurements are
controlled for a specific irradiance (1000 W/m?), temperature (25 °C), and a standard
spectrum of AM 1.5G [28]. The STC is not intended to duplicate the exact range of
conditions that modules experience in the field, but to provide a reasonable baseline for
meaningful comparison in the industry. Though there are issues with replicating the sun
spectrum, these indoor measurements are simpler, as they are not impacted by the transient
outdoor effects. In the field, the outdoor conditions dramatically influence the electrical
properties of the modules. As a result, it is critical to measure those conditions and to
understand how they affect the performance of the modules, otherwise it is not possible to
evaluate if potential deviations in the module performance are due to fluctuations of the

environmental conditions or due to the module itself [29].

The AM (air mass) 1.5G is the only reference spectrum used for indoor STC
measurements of modules, even though the solar spectrum outdoors undergoes constant
changes due to angle of incidence, aerosols, water vapor, among others [30]-[33]. The AM
1.5G captures both the direct and normal irradiance (hence the G for global) that reaches
the surface when the sun passes through 1.5 atmospheres. The irradiance that modules

experience outdoors is rarely equivalent to the AM 1.5G spectrum used for indoor STC

11



measurements but has been recognized as the standard embodying the average across all
outdoor regimes. Spectral deviations from the AM 1.5G standard result in direct changes
in current production, with more severe impacts on amorphous silicon (a-Si) modules [34]-
[36]. The spectral impact on module performance must be understood because of the

changes based on season, time of day, and geographic location.

The output current of a module has a proportionate relationship to the amount of
incident light, as shown in Figure 2.4. Consequently, partial shading may result in major
disruptions to performance and outdoor measurements. Partial shading may be a result of
cloud coverage, telephone poles, interrow shading, bird droppings, soiling, and others.
Soiling is an accumulation of dust, snow, or other particles that may be shadowing the front
surface of a solar module [37], [38]. Soiling is more critical in desert regions, especially
northern Africa and the Middle East, due to low precipitation and high dust deposition [39].
The impact of soiling can be measured via I-V measurements but can be mitigated after
cleaning [40]. The result of shading manifests in the module output by a dramatic decrease
in current, due to the conventional series configuration of solar modules [41]. Once a cell
is shaded, the bypass diode for that respective string is activated, showing a major reduction
in the current portion (or “step”) of the I-V curve [42]. A comprehensive review of partial

shading impacts on PV can be found here [43].

12
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Figure 2.4. Simulated I-V Curve of 72-Cell Module with Variable Irradiance [12].

As the operating temperature increases, the semiconductor bandgap decreases,
resulting in a reduction of Voc due to an increase in lp [29]. The decrease in bandgap energy
also causes a slight increase in lIsc, as more incident photons have sufficient energy to
generate electron-hole pairs [44]. The reduction of voltage is much greater than the increase
of current, resulting in an overall decrease of power with increased temperatures [45].
Figure 2.5 displays the resulting I-V curves of a typical 72-cell module for different
operating temperatures. The temperature dependence depends on the cell architecture,
module configuration, wind speed, mounting configuration, etc. [46]-[48]. This
dependence must be understood to ensure proper temperature translations during outdoor

characterization.
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Figure 2.5. Simulated I-V Curve of 72-Cell Module with Variable Operating
Temperature [12].

All the mentioned outdoor effects can significantly affect the resulting I-V curves.
Without proper identification, environmental influences can be misinterpreted as module
degradation. For example, the IEC 62446-1 categorizes six types of deviations that are
numbered in Figure 2.6 [49]: (1) bypass diode(s) activation caused by cell mismatch or
partial shading, commonly referred to as “steps™; (2) low current output caused by uniform
shading or degradation; (3) low voltage output caused by increased temperature, bypass
diode failures, or degradation; (4) rounded knee near maximum power point caused by
degradation; (5) increased series resistance caused by wiring issues or degradation; and (6)
increased shunt resistance caused by mismatch or degradation. These deviations are a

consequence either from environmental conditions or module degradation, or both.
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Figure 2.6. Result of I-V Curve Deviations Where Numbers One to Six Are Described in
IEC 62446-1 [12].

2.2.2 STC Translations of 1-V Characteristics

Outdoor I-V measurements can be used to monitor the PV performance via model-
based difference analysis and correction-based analysis [50]. Model-based difference
analysis relies on comparing measured and simulated |-V characteristics for a certain
outdoor condition. Correction-based analysis relies on correcting the entire 1-V
measurement to a particular set of conditions, typically STC. The PV community is
constantly developing and improving models and techniques for this translation, but most
rely on the techniques outlined in IEC 60891 [51]. The standards provide multiple

empirical and semi-empirical methods of translating I-V curves to different temperatures
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and irradiances, including those widely used in the industry but not codified into

international standards [52]. These standards are explained in the following paragraphs.

The first technique is empirically driven and based on the work from the Jet
Propulsion Laboratory [53]. To use this technique, one must know the temperature
coefficients for current («), voltage (B), and series resistance (k). The first technique uses

the following two equations:

L =1 + Isc (% - 1) +a(T, —T,) (5)
1

V,=Vy —Rs(Il, — ) —x* (T, = T,) + B(T, = T}) (6)
Where, I, and V; are the measured current-voltage points from the I-V curve, I,
and V, are the resulting translated current-voltage points, G; and T, are the measured
irradiance and temperature, G, and T, are the standard or preferred irradiance and
temperature to be translated to, a and  are the temperature coefficients for current and
voltage, Rs is the internal series resistance of the device under test, and « is the curve

correction factor.

The second technique is semi-empirical, based on the single-diode model. This
methodology requires five different coefficients. The first termed o is the irradiance
correction factor for the open-circuit voltage, which is related to the diode thermal voltage.
As a replacement to a and B, an initial coefficient k' is used to account for temperature
induced changes to the fill factor and the internal series resistance. Temperature
coefficients for current and voltage are expressed as a,..; and S,.;, which are normalized

coefficients of the test module measured at STC irradiance. This technique better defines
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the 1-V points near the maximum power point, providing more accuracy for maximum

power approximation. This technique relies on the following two equations:

G 7
L =1(1+ are(T, — T)) & "
1

Gy , 8
Vo = Va +Voes (BreaTy = T) + aln 2) = R's(ly = 1) = ¥ 5 Ly (T, = T,) ©
1

Where, I; and V; are the measured current-voltage points from the 1-V curve, I,
and V, are the resulting translated current-voltage points, G; and T, are the measured
irradiance and temperature, G, and T, are the standard or preferred irradiance and
temperature to be translated to, V., is the measured open-circuit voltage at G, and Ty, @¢;
and B,.; are the normalized temperature coefficients for current and voltage, a is the
irradiance correction factor, R’ is the internal series resistance of the device under test,

and «’ is the curve correction factor.

The third technique relies on a linear interpolation methodology. This method relies
on two assumptions as follows: The I-V curve is the sum of both the dark current and
photocurrent, which is proportional to the irradiance or Isc. The output voltage has a linear
relationship with temperature when the output current is constant [54]. This technique is
free from needing any correction coefficients but does need an interpolation constant. At
least two separate 1-V curves are needed to perform the linear interpolation for a specified
irradiance or temperature. Three curves would be needed to translate to both irradiance and
temperature. The interpolation is completed by solving for the interpolation constant via

the following four equations:
L=5L+y(—1) 9)
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Vs=Vi+y(V, = V1) (10)
Gz =G, +y(G, — Gy) (11)

T3 =T, +y(T, —Ty) (12)

Where, I; and V; are the measured current-voltage points from the first I-V curve
at irradiance level G, and temperature level Ty, I, and V, are the measured current-voltage
points from the second I-V curve at irradiance level G, and temperature level T,, and I;
and V5 are the measured current-voltage points from the third I-V curve at irradiance level

G5 and temperature level T5, and y is the interpolation constant.

2.2.3 Environmental Sensors

The quality of the STC translations is determined by the quality of the measured
environmental conditions. The two most relevant parameters are operating temperature and
incident irradiance. Since these parameters are difficult to measure, models to translate
ambient measurements to cell operating conditions are used. The resulting uncertainty of
these models is the dominant contribution to the overall uncertainty of predicted
performance [55]. One technique to reduce the uncertainty is known as “sun-shading,”

where the module is cooled down to be measured closer to the STC temperature [56].

The most common method for measuring irradiance is with a thermopile
pyranometer. Thermopile pyranometers are thermocouple-based devices with two
surfaces, one heated with incident irradiation and one that does not absorb solar radiation.
The resulting difference between the two temperatures is indirectly related to irradiance

[57]. They measure irradiance within the spectral range of 300-2800 nm [58]. Silicon
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photodiode pyranometers are a low-cost alternative to thermopile pyranometers [59].
These photodiode pyranometers capitalize on the photovoltaic effect by converting
incident irradiance to an output current, within the spectral range of 400-1100 nm [58]. As
an analog to photodiode pyranometers, reference solar cells have been used to measure
irradiance. The use of reference cells can be beneficial by having a similar angular
response, architecture, and material properties of the measured module [60]. Numerous
studies have been conducted to analyze the different sensor technologies, with differing

results [61]-[69].

As previously discussed, the temperature of the cells within a module has a strong
impact on the module voltage (power) output. Since the modules are encapsulated, it is not
possible to directly measure the temperature of the cells. A common practice is to measure
the module’s average backsheet temperature. The backsheet temperature measurement is
outlined in the standard IEC 60891 and requires at least four temperature sensors [51]. The
most used temperature sensors are resistance temperature detectors (RTD), thermocouples,
integrated circuit (IC) semiconductor-based, and non-contact infrared (IR). The
thermocouple and IC sensors have been frequently used due to their low cost but are
typically packaged in shapes that make for poor thermal insulation and physical contact
with the modules, resulting in lower accuracy. The RTD and IR sensors result in much
higher accuracy but cost more than the previously mentioned alternatives. More details on

the characteristics of these sensors can be found in [70]-[74].
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2.2.4 Outdoor Characterization Techniques

Characterization has been a major tool for the PV industry. The last standardized
form of characterization typically takes place upon the completion of a PV module via a
flash testing I-V trace. For many years, that was the last form of testing that took place for
PV modules. Though recently, characterization has become a tool to also use in the outdoor
setting. This section outlines some of the most common outdoor characterization

techniques.

2.2.4.1 1-V Curve Tracing

Current-Voltage (I-V) tracing is by far one of the most common and useful
characterization techniques. Several recent reviews describe 1-V curve tracing methods
[75]-[78]. The basic principle of I-V curve tracers is to measure the variation of current
and voltage from the open-circuit to short-circuit condition by applying a variable load.
There are five methods to perform this task: (1) variable resistor; (2) capacity load; (3)
electronic load, which includes the bipolar power supply; (4) four-quadrant power supply;
and (5) DC-DC converter. Table 2.1 summarizes the tradeoffs associated with each 1-V
method in terms of: (1) accuracy — the degree to which the measurement conforms to the
correct values; (2) resolution — the frequency of measurement points for the 1-V curve; (3)
sweep speed — the overall speed of the I-V sweep; (4) fidelity — the ability to measure all
points of the I-V curve, specifically Isc and Voc; (5) modularity — the ability to
reduce/combine tracers for smaller/larger applications; (6) cost — the cost associated with
the technique based on relative comparison to one another; and (7) maximum power rating
— the maximum power the tracer can accept from the PV output.
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Table 2.1. Tradeoffs Associated with Different I-V Curve Tracing Methods Where 1 Is
[75], 2 Is [77], and 3 Is [76] as Found in [12].

Maximum
Method Accuracy | Resolution | Sweep speed Fidelity Modularity | Flexibility Cost Power
23 23 1,23 1,3 13 13 13 Rating
2,3
Relsc:zgve Low Low Low Medium Medium Medium Low Low
Ca[ig;:;jtlve Medium Medium Medium Medium Low Low High High
Elelté)tggnlc Medium Medium Medium Medium High High High Low
Four
quadrant . . . . .
power High High High High Low Low High Low
supply
DC-DC : : : . . . . -
converter High High Medium/High High High High Low High

I-V tracing provides a detailed snapshot of the PV module’s electrical performance.
I-V tracing is the final quality check for a PV module before being delivered to the install
location. When PV modules are believed to be underperforming, an I-V trace is needed to
qualify for warranty claims. As valuable as I-V tracing is, it can be cumbersome for large
PV installations due to logistical hurdles. This obstacle can be overcome by using in-line

I-V tracers that are permanent hardware but are also more costly.

2.2.4.2 Visual Inspection

The process of investigating visual artifacts found in fielded modules is referred to
as visual inspection. Visual inspection may seem inessential, but that couldn’t be more
wrong. It is one of the quickest and cheapest techniques that can be used to evaluate many
defects. Table 2.2 provides a list of silicon PV module/system failures that can be
diagnosed via visual inspection according to IEC 61215 [5], as outlined in the IEA Report

[79].
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Table 2.2. PV System Failures Diagnosable by Visual Inspection According to IEC

61215.
Component Failure Descriptions
Frontsheet Bubbling, delamination, yellowing, browning
PV Cell Cracks, discolored antireflection
Metallization Burns, snail trails
Frame Structural damage, scratches
Backsheet Bubbling, delamination, yellowing, burns
Junction Box Oxidized, corroded
Connectors Brittle, broken, exposed wiring, cut wiring, corroded

Visual inspection can be one of the most valuable characterization tools available,
but only if conducted properly. NREL developed reporting documentation, consisting of
14 different sections, to collect data for visual inspection [80]. The downside to this
technique is that is takes approximately 4-5 minutes for two experienced technicians to
inspect a single module. Also, some degradation may only be seen in the electrical
parameters, invisible to visual inspection. Though, the low cost and effort of visual
inspection has proved valuable. It was successfully used to detect yellowing encapsulation,
as shown in Figure 2.7, which is a sign of degradation due to the formation of acetic acid

[81].
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Figure 2.7. A PV Cell Suffering from Yellowing Encapsulation Identified Through the
Use of Visual Inspection By [81].

2.2.4.3 Performance Ratio

Photovoltaic systems are comprised of much more than just PV modules. In the
case of a poor-performing system, it cannot be assumed that the poor performance is solely
due to the PV modules. In this case, performance ratios are used to define the performance
of the entire system. The performance ratio is defined in IEC 61853-1 as the ratio of final
energy Yyield to the reference energy yield [82]. The final energy yield is defined as the
ratio of net output energy to the DC nameplate rating. The reference energy yield is the

ratio of actual irradiance to the STC reference irradiance.

Performance ratios are typically used by PV plant operators and can provide a

“health check” of the system. Performance ratios have been calculated with frequencies
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ranging from daily to annually. A study conducted in Turkey showed that performance

ratios can vary by +/- 12% from month to month [83].

2.2.4.4 Thermography

Thermography is likely the most common characterization technique performed at
the utility scale. There are three different types of thermography being steady-state, pulsed,
and lock-in thermography. Steady-state imaging can be conducted during normal PV
operation as a non-contact solution. Pulsed and lock-in thermography provide a more

quantitative picture but are difficult to do in outdoor conditions.

Steady-state thermography is conducted by measuring the direct and indirect heat
in the PV module via an infrared (IR) camera. The heat is generated from the incident light
which allows for imaging to be conducted during sun hours. When a cell or module is
suffering from an issue, the heat is exacerbated and can easily be seen in the IR image. This
technique can diagnose several issues including but not limited to broken wiring, partial
shading, bypass diode failure, shunting, etc. Drones have been used to perform quick IR
imaging for power loss predictions, resulting in accuracies comparable to power
measurements [84]. An example of a broken cell captured via IR imaging is displayed in
Figure 2.8 [85]. Thermography is an excellent solution for high throughput and affordable

characterization for the outdoor utility setting.
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Figure 2.8. A Broken PV Cell Identified Through the IR Thermography By [85].
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3 SUNS-Voc

The characterization technique Suns-Voc, also termed illumination-Voc, is the
process of measuring the device’s open-circuit voltage with varying light intensity. From
the Suns-Voc measurement a pseudo I-V curve is generated, which is essentially the I-V
curve without the effects of series resistance. The original concept of the pseudo I-V curve
was derived from Isc-Voc curves in 1963 [17]. The lumped Rs was later extracted by
comparing the light I-V curve to Isc-Voc curve, allowing a greater understanding of ohmic
power losses in solar cells [86]. By measuring the irradiance with a separate sensor cell,
the Isc-Voc technique was later simplified to Suns-Voc [87]. The independently measured
light intensity is termed Suns and is used as a convenience unit describing fractions of the
STC rated irradiance of 1000 W/m?. This simple technique provided a methodology for
analyzing recombination impacts on cells before and after metallization. This chapter
describes the principals behind how Suns-Voc works and the current applications. This
information is expanded on to understand how the methodology for Suns-Voc in outdoor
applications, justified by means of SPICE modeling, and demonstrated with outdoor

implementation.

3.1 Principals of Suns-Voc

The Suns-Voc methodology has been commercialized for indoor usage by Sinton
Instruments with the WCT and FMT series of tools, as shown in Figure 3.1, for cells and
modules, respectively [88]. The indoor testing relies on a slowly varying-intensity light
source, such as a xenon bulb, which prevents unwanted heating within the test module [89].

The corresponding device’s Voc and operating temperature are measured alongside the
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incident irradiance via an independent irradiance sensor(s). Since the test sample is under
open-circuit conditions, there are no ohmic losses, resulting in a pseudo I-V curve, i.e.,

unaffected by Rs.

Figure 3.1. The MX Stage and WCT-120 Instrument by Sinton Instruments.

The pseudo I-V curve can be evaluated to provide electrical parameters such as
pseudo fill factor (pFF), pseudo efficiency, pseudo maximum-power (pPmax), ideality
factor, among others. Figure 3.2 shows an example of a Suns-Voc curve used for
comparison to light I-V curve, where the irradiance is expressed in “1-Suns” and the
module’s Isc is correlated to the maximum “1- Suns” value. The difference between the

voltages of the two curves can be used to calculate the Rs [90].
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Figure 3.2. A Comparison between the 1-V and Suns-Voc Curves of a 72-Cell Module.

Indoor measurements benefit from the high level of control of the environmental
conditions such as temperature, but there are still limitations. Roth et. al. concluded that a
xenon flash could result in illumination intensity errors due to illumination inhomogeneity
of the light source (up to 7.5%), spectral mismatch between test sample and irradiance
sensor (up to 20%), and the height difference between sample and irradiance sensor
(2.7%/cm difference in height) [91]. Additionally, inaccuracies at low injection levels may
occur due to junction capacitance in high quality cells, even with a slowly changing
illumination source [92]. Even with these obstacles, indoor Suns-Voc characterization has
been an instrumental characterization technique for several different PV technologies [93],

[94].
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3.2 Implementation of Outdoor Suns-Voc

Suns-Voc has previously been demonstrated outdoors on modules and arrays [95]-
[98], but without details regarding day-to-day variation and impacts from uncontrollable
weather. Variations include transient, diurnal, and seasonal effects like cloud coverage
[99], temperature changes [100], wind [44], angle of incidence changes [31], spectral
effects [101], albedo [102], and soiling [103]. There has recently been work that thoroughly
describes the adaptation of Suns-Voc for outdoor usage, measuring and normalizing for

temperature and irradiance [104].

3.2.1 Suns Required at Maximum Power Point

Contrasted to indoor Suns-Voc, outdoor Suns-Voc takes advantage of the diurnal
changes in natural solar insolation (including just before sunrise and just after sunset),
providing the required changes in light intensity. The most critical point in a Suns-Voc
measurement corresponds to the maximum power point (Mpp) on the one-sun I-V curve.
Since this corresponding voltage is the same in both cases, the excess carrier concentrations
are roughly equivalent, even though the Suns-Voc measurement is at open-circuit while
the Mpp is under load. The equivalence in operating points means they have the same levels
of recombination, and quantifying losses in the Suns-Voc measurement applies directly to
the 1-V curve. The illumination in suns required to capture information about Mpp,

Suns(Mpep), is related to one-sun Isc and Ivp by:

Ise — 1
Suns(Mpp) = S¢MP

I (13)
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Based on the CEC database [105], the Suns(Mpp) for roughly 95% of commercial
silicon modules falls within the range of 0.05 to 0.1 suns. Therefore, the most valuable
Suns-Voc data is collected during low-illumination periods of up to 0.1 suns, where the
impact on system performance is nearly negligible. The Suns(Mep) is likely to change
slightly over time, which is a result of Isc and/or Imp degradation. A study of degradation
rates of 12 different silicon modules found most severe Isc and Imp degradation of 0.71%
and 0.89% annually [106]. These degradation rates correspond to a Suns(Mpp) increase of
approximately 0.002 suns per year, or 0.05 suns over 25 years, for most modules in the
CEC database. This means that outdoor Suns-Voc measurements can be conducted from
twilight to low irradiance conditions of 0.1 to 0.2 suns, having minimal impact on PV

generation.

3.2.2 Irradiance Measurements

Measuring the irradiance is a crucial aspect to any Suns-Voc measurement, indoors
or outdoors. Sensors such as pyranometers can be used but may have spectral mismatch
inaccuracies [107]. Though, irradiance effects, such as spectrum shifts, are of secondary
importance since the Voc varies with the logarithm of the light intensity [108]. To alleviate
this potential issue, irradiance can be measured by monitoring the Isc of a silicon solar cell
positioned in-plane with the array. It has the advantage of minimizing spectral mismatch
effects between the sensor and array [107], and by using similar encapsulant and glass on
the sensor cell, there is assurance of similar irradiance changes from angle-of-incidence

and soiling effects. The PV cell is purposely shorted with a resistor so that the output
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voltage is directly proportionate to the Isc. The cell must have a sufficiently high Rsy so

that the intersecting operating point is proportionate to the Isc.

The PV cell is then calibrated using an indoor steady-state light source. Indoor
calibration against a reference cell gave a 99.97% coefficient of determination for the
linearity of the irradiance sensor over the range of 0 to 1.2 suns as shown in Figure 3.3.
Indoor Calibration of Solar Irradiance Sensor Using NREL Calibrated Cell. This
calibration was validated outdoors using an NREL reference cell. The temperature
dependence of the irradiance sensor is negligible due to the minor dependence of
temperature on the short circuit current. The irradiance sensor is placed near the test system
to minimize differences between the sensor cell and array (e.g., shadows cast on the

irradiance sensor while the array is unshaded).

Irradiance Sensor Calibration
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Figure 3.3. Indoor Calibration of Solar Irradiance Sensor Using NREL Calibrated Cell.
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3.2.3 Temperature Measurements

The operating temperature of a PV module undergoes rapid changes during sunrise
and sunset, which corresponds to the light intensities of interest. Because the open circuit
voltage is highly dependent on temperature, outdoor measurements must be normalized to
a specific temperature. This allows for useful comparisons between measurements,
regardless of the ambient temperatures. For accurate temperature normalization, these
temperature changes need to be accurately monitored, with special consideration given to
the spatial distribution of module temperature. Non-uniform irradiance, wind conditions,
and unmatched cell efficiencies may cause non-uniform temperature distribution[109]. In
this work, temperature normalization was conducted by measuring both backsheet

temperature and ambient temperatures.

Backsheet temperatures were measured by using several Texas Instruments
DS18B20 temperature sensors. To compensate for spatial nonuniformity, the module
backsheet temperature was taken as the average of five temperature sensors, taped to the
back of the module [110]. This backsheet temperature is related to cell operating

temperature using the Photovoltaic Array Performance Model [52] as:

E
To = Ty + 7= X AT (14)

where T, is the cell operating temperature, T,,, is the measured back surface temperature, E
is the measured solar irradiance, E, is the reference solar irradiance (1000 W/m?), and AT
is the temperature difference between the back sheet and the cell at the reference irradiance.

The AT was selected to be 3°C, based on the empirically determined coefficients found in
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Table 3.1. The module type used was a glass/cell/polymer which was mounted in an open

rack configuration.

Table 3.1 Empirically Determined Coefficients Used to Predict Module Back Surface
Temperature as a Function of Irradiance, Ambient Temperature, and Wind Speed. Wind
Speed Was Measured at the Standard Meteorological Height of 10 Meters.

AT

Module Type Mount a b °C)
Glass/cell/glass Open rack -3.47 -0.0594 3
Glass/cell/glass Close roof -2.98 -0.0471 1

mount

Glass/cell/polymer sheet Open rack -3.56 -0.0750 3
Glass/cell/polymer sheet Insulated back -2.81 -0.0455 0
Polymer/thin film/steel Open rack -3.58 -0.1130 3
22X Linear Concentrator Tracker -3.23 -0.1300 13

The irradiance being measured is in the units of suns, which is already a ratio of the

reference solar irradiance. Therefore, (14) can be simplified to:
T. = T,, + Suns x AT (15)

Measuring the backsheet temperature is only feasible for small test systems. A large
array would require too many sensors for backsheet measurements to be practical.
Therefore, another technigue using ambient temperature was used to estimate the backsheet
temperature. A local weather station measured ambient temperature and wind speed, that
were then translated to backsheet temperature, based on methods also found in the
Photovoltaic Array Performance Model [52]. The backsheet temperature was estimate by

the following:
T, = E X e®*P*WS x T, (16)

where a and b are empirically determined coefficients as found in Table 3.1, WS is the

measured wind speed, and T, is the measured ambient temperature. Once the module’s
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back surface temperature is calculated, (15) can be used to estimate the cell’s operating
temperature. Chapter 3.4 later compares the results acquired by both backsheet temperature

and weather station measurements.

3.2.4 Temperature Translations

Photovoltaic cells, the Voc particularly, are extremely sensitive to operating
temperature. When the temperature rises, the band gap of the semiconductor is reduced.
This is because the energy of the electrons in the material increases with temperature. These
higher energy electrons result in a reduced amount of energy to break their bonds. This
reduction of bond energy results in a reduction of the band gap [111]. The open circuit
voltage is most affected parameter in terms of this narrowing band gap due to temperature
dependence. Therefore, temperature translations are required to ensure a benchmark for
cross comparisons. In this work, the open-circuit voltage is translated to a specific

temperature by the following equation [52]:

nkT,
Voceryy = Vocz) — [Ms X Ng X T X In (Suns)] - [Ms X By et suny X (To — Tl)] (17)

where: T; is the translated temperature, T, is the measured cell temperature, M is the
number of modules in series, N is the number of cells in series, n is the ideality factor, k
is Boltzmann’s constant, g is the electron charge, Suns is the measured irradiance, and

'BVoc(l sun) is the temperature coefficient for Voc under full irradiance of 1 sun. When

analyzing a single cell (neglecting Mg and Ng) and introducing coefficients (17) can be

rewritten as [112]:
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Voc = Bo + [B1 X In (Suns)] + [B, X (T, — Ty)] (18)
where: 3, is the Voc under 1 sun illumination at the specified temperature, 8, is the
coefficient proportionate to the thermal voltage at the specified temperature, and £, is the
temperature coefficient of Voc under fully illuminated conditions, which is assumed to be

linear for all irradiance conditions.

A least squares fitting algorithm was used to perform temperature translations with
independent translations performed for each day of collected data. Initial guesses for each
coefficient were as follows: the module’s nameplate Voc value was chosen for S, the
thermal voltage at the specified translation temperature multiplied by the total number of
cells was chosen for g, and -0.0022 multiplied by the number of cells (change in Voc per
°C as calculated using empirical values for silicon) for . Initial guesses are performed to

enable more accurate fits. Translated results and discussion follows in Chapter 3.4.

3.2.5 Data Acquisition

The data is acquired using an AMT Mega328P microcontroller. A Texas
Instruments ADS1115 provides the analog to digital data acquisition with 16 bits of
resolution. This was used to enhance the resolution from the 12-bit analog input of the
microcontroller. For voltages exceeding the maximum analog input of 5V, a simple voltage
divider was used with high precision power resistors. The data was collected with a
frequency of 5 seconds for measurements utilizing backsheet temperatures. For
experiments including the weather station, the data collection frequency was changed to

every 60 seconds. This change was made so the data could be correlated with the weather
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station’s reporting frequency. Decreasing the frequency of measurements may be
conceivable, but less measurements are possible during periods of rapid irradiance changes
(i.e. sunrise and sunset). Therefore, a minimum 60 second frequency is advised to ensure

accurate results when translating the raw data.

3.2.6 Extraction of Suns-Voc Parameters

The collected raw data is initially filtered to remove any outliers using Isolation
Forest Methodology[113]. This data set is then translated to the desired temperature using
procedures discussed in 3.2.4. The Suns-Voc parameters are then extracted from the
temperature translated data. Open-circuit voltages in this work are reported at 1 sun and
0.1 suns and can be extracted by slicing the temperature translated data at the respective
irradiance value. As previously discussed, Voc at approximately 0.1 suns corresponds to
Vwmp but without the effects of Rs. Voc at ~0.1 suns can be directly used as a figure of merit
for system performance and monitored over time. Alternately, it is possible to use the Suns-

Voc to extract more familiar diode parameters.

The derivative of Voc with respect to the logarithm of the irradiance gives the diode

ideality factor (n) as follows:

q dVoc

n= kT d In(suns) (19)

While n is be presented as a curve [114], the most relevant metric for performance
analysis is from 1 sun Voc to 0.1 suns (corresponding to Mpp). Taking the slope from 0.1

to 1 suns also has the advantage of being less affected by noise than the tangent. Further
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analysis gives pPwp and pFF, which are the maximum power point and fill factor
respectively, in the absence of Rs. The pPwp can be estimated by equating suns to the

system Isc as follows:
PPmp = [(1 — suns) X Isc X Voclmax (20)
For high resolution Suns-Voc data, pFF can be calculated as:

pFF = [&=5uns) X Voclmax 1)

VOC(0.1 suns)

However, outdoor field data typically has insufficient resolution to determine the
maximum accurately, so we use n from equation (19) to empirically estimate pFF using

both equation (22) and equation (23) [115]:

/U/OC - 11’1( UOC + 0.72)

FF = 22
p vor + 1 (22)
-1 (23)

Voc = kT Voc

These two equations also assume a single ideality factor from Voc to Mpp and we
can use the previously calculated value of n. The approximation assumes that the series
resistance is zero and that the shunt resistance is infinite. Therefore, modules with shunting
issues may not yield accurate pFF approximations. Another exception is due to the
complexity of the ideality factor and the relationship to operating voltage. Inaccurate
determination of ideality factor, or heavy reliance on a single point also yields inaccuracies

when using this pFF approximation [116].
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3.3 Suns-Voc Modeling

Shading of PV complicates the analysis of module and array I-V curves. Bypass
diodes create “stepped” I-V curves in partial shade; these stepped curves are typically
filtered out when performing long-term analysis on large I-V curve datasets [117]. Circuit
modeling, using LTspice (Linear Technology Corp), is conducted to demonstrate the
stability of Suns-Voc curves obtained from varying partial shade conditions that would

otherwise generate erratic stepped I-V curves [118].

A model was built of a three-string, 96-cell solar module comparable to those used
in outdoor experimentation as shown in Figure 3.4. Individual PV cells were simulated
based on a single-diode model, using Rs and RsH values of 0.01 Q and 300 Q, respectively
[119]. For Suns-Voc measurements, the open-circuit voltage was measured as the light
generated current was swept from 0 to 1 sun, with no load across the module. For Light I-
V measurements, the voltage was swept from 0 to Voc while measuring the respective

current.
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Figure 3.4. LTspice Circuit Model of a 96-cell PV Module for (a) Suns-Voc and (b) Light
I-V analysis.

Both I-V and Suns-Voc measurements were simulated with various shading
scenarios. Figure 3.5 shows modeled light I-V and Suns-Voc curves for one sun irradiance
with 50% partial shading affecting one, two, and three cells, each from a different string.
The incident irradiance for the Suns-Voc simulation is plotted as 1-Suns, so that the results

are easily comparable to the light I-V results.
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Figure 3.5. Simulated Shading Impacts on Light 1-V and Suns-Voc Curves.

The difference between the 1-V and Suns-Voc curves with zero shading is the
manifestation of Rs. The steps found within the shaded simulations for the light I-V curve
represent the activation of the bypass diodes. The bypass diodes only minimally impact the
Suns-Voc curves. When comparing the fully illuminated model to that of the three shaded

cells, the pPwmp dropped by 0.2%, whereas the light 1-V Pup dropped by 35.5%.

To further explore the stability of Suns-Voc in widely varying partial shade
conditions, the 96-cell module LTspice model is extended to include many different partial
shading scenarios. These scenarios were created to demonstrate a wide range of possible
partial shade conditions but are not necessarily reflective of real-world partial shading for
a typical system. Figure 3.6 shows frequency histograms of the Pmp from I-V and pPwmp
from Suns-Voc, from roughly 500 unique partial shade scenarios. Scenarios include
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shading affecting two of the three strings, from 0% (completely shaded) to 100% (fully
illuminated), whereas string three is held at fully illuminated conditions. The x-axis of

Figure 3.6 corresponds to the shading level on the most shaded of the three strings.
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Figure 3.6. Frequency Histogram Displaying Maximum Power (Light I-V) and Pseudo
Maximum Power (Suns-Voc) of a 3-String 96-Cell Module, Using ~500 Different Partial
Shading Conditions. String 1 and 2 are Independently Shaded from 0 to 100%
Illumination. String 3 is Maintained at 100% Illumination.

As seen on the left side of Figure 3.6, Pmp varies substantially due to bypass diode
activation and reduced light-generated current. For the given shading scenarios, the average
of Puvp is 126 W with a standard deviation of 40.5 W. The right half of Fig. 3 shows that
Suns-Voc pPwme falls within a much more tightly distributed range, with an average of 238
W and a standard deviation of 25.7 W. Suns-Voc provides a pPmp Within approximately
5% of the unshaded pPmp when all strings are illuminated at values greater than ~5%. These
results suggest that in systems that regularly operate in partial shade, I1-V curves, or time-

series Pmp data might rarely contain useful diagnostic information. Considering diffused
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irradiance is typically well over 5% of total illumination [120], scenarios of less than 5%
absolute illumination anywhere on the module are rare, even during periods of major
shading. While true pPwmp requires uniform irradiance, a close estimate of pPwp is obtained
under almost all irradiance and shading conditions. Suns-Voc curves frequently provide a
value of pPvp within 5% of the true unshaded pPwmp, providing a basis for robust time-series

performance monitoring.

3.4 SUNS-Voc EXPERIMENTAL

This chapter explains the experimental work performed using outdoor Suns-Voc,
as outlined in [104]. Testing was performed in Tempe, Arizona, USA, test PV was ground
mounted, facing due south at a 33° tilt angle. Initial experiments were conducted on single-
cell modules both indoors and outdoors. Subsequent testing was then performed on a 96-

cell module and then a 4-module array.

3.4.1 Single Cell Validation Testing

The preliminary testing utilized a single-cell module encapsulated within ASU
Solar Power Labs. The module was packaged in a ~413 cm? square footprint with a low
iron glass front sheet, ethylene vinyl acetate (EVA) encapsulation, and a white
polyvinylidene fluoride (PVDF) backsheet. The cells used were 156 mm pseudo square
monocrystalline silicon with back surface field (BSF) architecture. Single-cell modules

were used because measurements could be validated using an indoor Suns-Voc tester.
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The single-cell module was placed outdoors and measured continuously as
described in chapter 3.2. The raw data collected for six days is displayed in Figure 3.7,
which consists of backsheet temperature, operating temperature as calculated in (15),

incident irradiance, and open-circuit voltage.
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Figure 3.7. Raw Data for Outdoor Suns-Voc on a Single-Cell Module.

The data plotted for a single cell in Figure 3.7 is primarily full of clear sky days
with the last day of data collection consisting of intermittent cloud coverage. The entire
dataset was used for further analysis. The open circuit voltage never gets to 0V, which is
possibly noise from the DAQ. Another explanation for the open circuit voltage not going
to 0 is the moon phase during this period of testing. On October 13", 2019, there was a full

moon meaning the low irradiance of 2.5 uW could potentially increase the open circuit

43



voltage. With that being said, the open-circuit voltage never goes to zero, meaning the

effect of moonlight was unlikely the cause for not reading zero.

The raw data was then normalized to different temperatures using the equations
outlined in (18). A few different temperatures were chosen to normalize the data to; 10 °C,
25 °C, and 40 °C. Temperatures of 25 °C are used for STC measurements, whereas 10 °C
and 40 °C are used to demonstrate translations to lower and higher operating temperatures.
The theory was to ensure that the temperature translations would be feasible when
translating to temperatures with greater deltas from the actual operating temperature. The
same cell was then measured indoors by using a Sinton FCT-450 cell flash tester at these
same respective temperatures. To achieve a temperature of 10 °C, the module was placed
into a freezer and then measured. The higher temperature of 40 °C was measured after
placing the module in a muffle furnace, where it was slowly heated to the appropriate
temperature. The outdoor temperature translated Suns-Voc curves are displayed in Figure

3.8 with the corresponding indoor measurement results.
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Figure 3.8. Temperature Translated Outdoor Suns-Voc Compared to Indoor Suns-Voc on

Single-Cell Module [104].

The measured Voc datapoints are colored by cell temperature as determined from
backsheet temperature measurements and (15). When inspecting the raw data, there is a
wide variation in Voc when above 0.9 suns. This is due to the difference in temperatures
during early noon as compared to late evening. In early morning, the cells are still relatively
cool, but during early evening (at the same irradiance), the cells have a much hotter
operating temperature. There may also be some variation from nonuniform temperature.
The temperature translated results are graphed in the blue line plot, while the respective
indoor results are graphed with the black dotted line plot. Normalizing the measured

outdoor data via (18) to 10 °C, 25 °C, and 40 °C, yields an excellent agreement with the
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indoor measurements. The Suns-Voc parameters for each outdoor temperature translation

are shown in Table 111, with the respective indoor parameters at the same temperature.

Table 3.2. Suns-Voc Parameters on a Single-Cell Module for Both Indoor and
Normalized Outdoor Measurements.

Temperature Rs Vocatl | Vocat0.1 Pwmp
I()DC) Indoor/Outdoor Q-cm?) sun (V) suns (V) n pFF p(W)

10 Indoor 2.89 0.665 0.603 1 0.834 471
Outdoor 2.72 0.665 0.599 1.02 0.831 4.7

25 Indoor 2.95 0.629 0.563 1.11 0.821 4.39
Outdoor 2.96 0.63 0.564 1.12 0.82 4.39

40 Indoor 3.01 0.589 0.519 1.27 0.803 4.02
Outdoor 3.02 0.587 0.52 1.25 0.806 4.02

The indoor and outdoor compared series resistances have larger discrepancies at
low temperatures, though as expected, both increase as a function of temperature. The pPwmp
values of the temperature-translated outdoor Suns-Voc curves are within 0.04% (relative)
of the respective indoor Suns-Voc curves for 25 °C and 40 °C, indicating the validity of
the outdoor measurement setup and Voc translations via (18). A slightly larger percentage
difference of 0.2% (relative) occurs for the pPwp values when translating to 10 °C. This is
likely due to the paucity of data at such low temperatures for generating fit coefficients,
considering the average outdoor operating temperature was approximately 35 °C. This
becomes more obvious when looking at the relative percentage difference in ideality
factors, which is 2% different at 10 °C. Translating data to temperatures closer to the
average operating temperature results in a more accurate fit. The specified translation
temperature is best chosen given the average operating temperature of a given site or

season.
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The measurement error when comparing outdoor to indoor measurements must be
less than the percentage of expected degradation to ensure viability. Modules are typically
warrantied for ~1% degradation of maximum power per year. The measurement error for
outdoor compared to indoor measurements equate to less than 0.04% error for pPwmp, When
analyzing using 25 °C and 40 °C for temperature translations. Because the measurement
error is significantly less than the typical warrantied degradation, one should be able to use

this data to make a reasonable assumption regarding rates of degradation.

3.4.2 Single Module Validation Testing

Outdoor Suns Voc was validated at the cell level in Chapter 3.4.1. The next step
was to prove the feasibility using a representative industry module. The module used is a
3-string, 96-cell monocrystalline silicon Plurigas Solar Energias model BSM230. This
module is similar to the module simulated in Chapter 3.3. Datasheet standard test condition
(STC) (AM1.5G, 25 °C, 1000 W/m?) ratings of the panels are found in Table 3.3. The
history of these modules is not completely known, but these modules had been in the field

for at least 5 years while under open circuit conditions.

Table 3.3. STC Ratings of BSM230 PV Modules.

Parameter Value
Pmp 230 (+ 5%) W
Ivp 4.82 (+ 5%) A
Vwe 48.05 (+ 5%) V
Isc 5.23 (+ 5%) A
Voc 58.6 (£ 5%) V
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A single module was measured using the methodology outlined in Chapter 3.2. The
data was collected during winter (February) and autumn (September). A snippet of this
data from both seasons is shown in Figure 3.9. The data includes irradiance, cell

temperature, and measured Voc.
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Figure 3.9. Solar Irradiance, Cell Temperature, and Measured Voc, for a 96-Cell PV
Module Located in Tempe, AZ, USA During February and September of 2019.

The seasonal impact of this data can be seen in several different ways. The
irradiance during the autumn season is about 20% higher than the irradiance during the
winter. This irradiance impact is expected due to the tilt angle and geographic location used
for testing. The cell temperature is also higher during the autumn months, with a relative
increase by about 25%. This can also be seen in the reduced open circuit voltages graphed
in September as compared to those graphed in February. A final observation is the scattered

cloud coverage, as seen in the irradiance in the autumn months. Each day was analyzed
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independently to quantify the variation introduced by these daily and seasonal weather

changes. The Suns-Voc curves are displayed in Figure 3.10, using a temperature translation

of 40 °C.
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Figure 3.10. Outdoor Suns-Voc Curves Translated to 40 °C for a 96-Cell Module,
Comparing Seasonal and Daily Changes [104].

The raw data displayed in Figure 3.10 is colored based on the cell temperature
derived from 5 backsheet temperatures. Because of the seasonal effect, there are major
differences in voltage output and corresponding temperatures. Open circuit voltages are as
high as 58V at approximately 10 °C and as low as 52V at approximately 70 °C. The data
was then translated to 40 °C, but earlier results displayed in Table 3.2 show that translations
far from actual operating temperatures may potentially induce larger errors. This becomes
evident when looking at the single Suns-Voc curve for February 28, 2019. There is a

noticeable deviation from the grouping as seen in the Suns-Voc parameters in Table 3.4.
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Table 3.4. Suns-Voc Parameters on a 96-Cell Module Using Full Day of Irradiance Data.

Avg. Cell Voc at
Date Temp. | Yocatl | 4 1°ging n pFF pPue (W)
C) Sun (V) V)
2/26/2020 | 32.8 55.69 48.58 1.19 0.809 235.7
2/28/2020 | 34.9 56.46 49.29 1.20 0.809 238.9
9/11/2019 | 43.6 55.59 48.67 1.16 0.812 236.1
9/12/2019 | 49.5 55.96 48.92 1.18 0.811 237.4
9/13/2019 | 49.3 56.16 48.88 1.22 0.807 237.0
9/14/2019 | 46.3 55.76 48.78 1.22 0.811 236.5
9/15/2019 | 48.1 55.79 48.83 1.16 0.812 236.9

Assuming the module had negligible degradation over this six-month period, each
day’s respective translated Suns-Voc curve should be similar. Daily pPwmp values obtained
across these days are listed in Table IV and are within 1.3% of each other. Daily variations
are roughly equal in magnitude to seasonal variations, indicating that the methodology is
robust to seasonal weather variation. The results show that for daily changes, there is
minimal variability when comparing the February data to the September data. The seasonal
temperature extremes may cause the subtle differences found between seasons. September
temperatures were approximately an average of 10 to 15 °C warmer than February.
Because the temperature translations were to 40 °C, there is more variability in the spring

weather, where the average operating temperature was cooler.

For practicability, a characterization technique on a large system must not interfere
with normal power production. Potentially, Suns-Voc data can be collected only during
low irradiance periods at sunrise and sunset. Testing this hypothesis, the individual daily
data displayed in Figure 3.9 was also analyzed while only considering data collected during
sunrise and sunset (irradiance values <150 W/m?). The resulting Suns-Voc curves for using

only low irradiance data are displayed below in Figure 3.11; the full irradiance results from
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February 28" and September 11" in Figure 3.10 are also displayed for reference. The x-
axis has been zoomed in and the raw data was removed to help distinguish between the

different datasets.
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Figure 3.11. Outdoor Suns-Voc Curves Translated to 40 °C for a 96-Cell Module,
Comparing Low Irradiance Datasets vs. Full Irradiance Datasets.

Similar variability is observed when comparing full-day data to sunrise and sunset
limited data. Temperature translations may also play a role in these differences; operating
temperatures during low light intensity in the morning and evening are lower than the
overall average operating temperature. The resulting Suns-Voc parameters are displayed

in Table 3.5.
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Table 3.5. Suns-Voc Parameters on a 96-Cell Module Using Only Low Irradiance Data of
Less than 150 W/m?. Percent Differences Are Compared to Full Irradiance Data as
Shown in Table 3.4.

Voc at 1 Sun Vo;uar:SO.l n pFF pPwmp
Date
% % % % .
o)
M Apits | M |pisg| " | pisg | PFF | pige | W | % DIiff

2/26/2020 | 56.19 | 0.89 | 48.96 | 0.78 | 1.21 1.65 | 0.807 | -0.25 | 237 0.63
2/28/2020 | 56.98 | 0.91 | 4959 | 0.60 | 1.21 | 0.83 | 0.809 | -0.37 | 240 0.54
9/11/2019 | 56.68 | 1.92 | 4899 | 0.65 | 1.29 | 10.08 | 0.800 | -1.50 | 237 0.42
9/12/2019 | 57.02 | 1.86 | 49.21 | 059 | 1.29 | 853 | 0.801 | -1.50 | 238 0.38
9/13/2019 | 56.80 | 1.13 | 49.06 | 0.37 | 1.30 | 6.15 | 0.800 | -0.88 | 238 0.29
9/14/2019 | 56.52 | 1.34 | 49.01 | 047 | 1.30 | 6.15 | 0.799 | -1.00 | 237 0.38
9/15/2019 | 56.41 | 1.10 | 49.09 | 053 | 1.23 | 569 | 0.806 | -0.74 | 238 0.38

The discrepancies between using data from the full day and only periods of low
illumination are consistent from day-to-day, with relative average changes of 0.5% for Voc
at 0.1 suns, -0.9% for pFF, and 0.4% for pPmp. There can be much larger variations in Voc
at 1 sun, due to omission of data at that light intensity. There are also larger variations in
ideality factor, which is likely due to the extreme temperature sensitivity. Methodology
should remain consistent to ensure parameters are analogous (e.g., low illumination only).
These results suggest that Suns-Voc data collected daily, during periods of low
illumination, resulted in stable metrics within a 1% range of variation. Analyzing longer
time periods, such as weekly or monthly, averages out any day-to-day noise. True power
measurements may have daily variances on the order of 10% to 20%, where Suns-Voc

measurements are much more tightly distributed.

The data analyzed thus far has all used multiple temperature sensors attached to the
backsheet and irradiance sensors positioned in-plane, close to the modules. This method is
unrealistic when considering larger systems, where replacing temperature and irradiance

sensors with on-site weather station data is an alternative. Temperature translations on a
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96-cell module were compared using both backsheet temperature sensors and local weather
station data that included pyranometer plane-of-array (POA) irradiance, wind speed, and
ambient air temperature. The cell temperature from the weather station data was calculated
using (16). Two days in March were used to compare measured backsheet temperature data
with data captured from an on-site weather station. The weather station was positioned ~10
m away from the module, capturing data at a frequency of one minute. Weather station
sensors were ~2 m off the ground, where modules and their respective local sensors were
ground mounted. When analyzing Suns-Voc using weather station data, the weather station
POA irradiance was used instead of the local irradiance sensor. The resulting temperature

comparisons are displayed in Figure 3.12.
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Figure 3.12. Cell Temperature of a 96-Cell PV Module Calculated via (16) Using a
Weather Station and Compared to Measured Backsheet Temperature.

The orange curve represents the cell temperature as calculated from the local
backsheet temperatures, whereas the blue curve represents the cell temperature as
calculated from the weather station data. The periods during night hours have larger deltas,
but this is just an artifact of the difference between air temperature and the temperature of
the back of the modules. The two methodologies were then used to create Suns-Voc curves,

translated to 40 °C, which are displayed in Figure 3.13.
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Figure 3.13. Suns-Voc Curves Translated to 40 °C for a 96-Cell Module Using Measured
Backsheet Temperature and Weather Station Data.

54



The results show slight inconsistencies during periods of low illumination, when
using measured backsheet temperature compared to the weather station data. Using
weather station data yields results in Suns-Voc curve translations within +1% of the
backsheet sensor translations. The largest differences occur in periods of low illumination.
This is suspected to be due to rapid changes in operating temperature during low irradiance

periods. Table 3.6 displays the Suns-Voc parameters, highlighting the slight discrepancies.

Table 3.6. Suns-Voc Parameters on a 96-Cell Module Using Measured Backsheet
Temperature Vs. Weather Station Data.

Voc at 1 Sun (V) pFF pPwme (W)
Backsheet 54.20 0.802 227.3
3/21/2020
Weather Station 54.36 0.807 229.4
Backsheet 54.30 0.800 227.2
3/23/2020
Weather Station 54.10 0.806 228.1

The variability found when comparing localized sensors to more broad data, such
as weather stations, may be vulnerable to site specific nuances. For example, the location
of this experiment was placed next to the side of a large building. This building blocks a
significant portion of wind, as shown in Figure 3.14. It is very rare for wind to blow in the
North/South direction for this specific location. The weather station is located more
towards the corner of the building, which means it may measure wind that isn’t affecting

the PV modules.
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Figure 3.14. A Wind Rose Showing the Percentage of Wind Gusts, the Magnitude, and
the Direction for Weather Station Site Data Collected on March 21-23.

Another factor that can severely impact the weather station data is how the
empirical coefficients (a and b) used in (16) are determined. According to [52], a ranged
from -2.81 to -3.58 and b ranged from -0.0594 to -1.3. Using the data from Figure 3.12,
these empirical coefficients were slightly adjusted to examine the sensitivity of their
impact. The resulting impact is overlayed and displayed in Figure 3.15. The blue curve is
based on the coefficients used in this study. The dramatic change in the a coefficient greatly
increased the upper limit, whereas the change in the b coefficient changes the rate of

cooling.
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Figure 3.15. Cell Temperature Comparison of a 96-Cell PV Module Calculated via (16)
Using Different Configurations of a and b.

Results demonstrate that Voc and pFF are in good agreement when comparing the
values obtained from measured backsheet temperature to those gathered exclusively using
weather station data. In situations regarding large PV power plants, where implementation
of individual temperature sensors is unrealistic, weather station data can be used to estimate
the module’s operating temperature. Based on this analysis, it is highly recommended that
coefficients be empirically determined for the respective system and location. Overall,

across variations in day and season, with or without limiting data to low irradiance
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conditions, and using only on-site weather station data, Suns-Voc results in stable metrics

within a + 1-2% range of variation.

3.4.3 Array Outdoor Testing

PV arrays are an assembly of PV modules connected in a system with one output.
Modules are rarely used independently outside of an array. Therefore, Suns-Voc testing
was conducted on a small array, comprised of the same modules as outline in Table 3.3, to
provide an example of feasibility. A four-module array was analyzed in March 2020 for
six days under split conditions. The first three days monitored the array’s Voc under
unshaded conditions. For the last three days, one single module was artificially shaded at
approximately 50% illumination by applying an opaque sheet on top of the surface of the
module. Each module had three temperature sensors, totaling twelve sensors for the array.
The irradiance was measured using a single irradiance sensor ~1 m from the array. The

measured irradiance, operating temperature, and raw Voc are displayed in Figure 3.16.
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Figure 3.16. Solar Irradiance, Operating Temperature, and Measured Voc, for a 4-Module
Array with Both Full lllumination and 50% Partial Shading on a Single Module.

The results shown in Figure 3.16 are split between days with no shading (March 1%
to March 3") and days with intentional shading on a single module (March 4™ to March
6. There is intermittent cloud coverage on March 2" and March 6. The more severe
cloud coverage on March 2™ results in an elevated irradiance and corresponding Voc, due
to cloud enhancement increasing the diffused component of irradiance [121]. The resulting
Suns-Voc curves of the array are displayed in Figure 3.17 for each day and translated to 40
°C. Each day was independently analyzed, to determine the resilience of shading effects

on Suns-Voc.
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Figure 3.17. Outdoor Suns-Voc Curves of a 4-module Array Under Normal Illumination
Conditions and a 4-Module Array with One Shaded Module at 50% Illumination
Conditions. March 1st to March 3rd Are Under Normal Illumination Conditions. March
4th to March 6th Are Under Shaded Illumination Conditions.

There is good agreement of the resulting Suns-Voc curves between the three days
of each respective split. When comparing the unshaded results to the shaded module
results, there is a slight decrease in Voc. This agrees with LTspice simulations, which
suggest a 2-3 V drop in Voc when applying 50-60% shading. The Suns-Voc parameters for

each day are found in Table 3.7.

Table 3.7. Suns-Voc Parameters on a 4-Module Array with Full lllumination Vs. ~50%
Shading on a Single Module.

IHlumination Vocat 1l
Conditions Date Sun (V) n pFF
100% 3/1/2020 219.73 1.373 0.766
lumination 3/2/2020 219.41 1.373 0.766
3/3/2020 219.41 1.373 0.765
~50% Shading | 3/4/2020 216.30 1.373 0.764
on Single 3/5/2020 216.86 1.373 0.764
Module 3/6/2020 216.64 1.373 0.764
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The extracted Suns-Voc parameters are almost identical for the three-day splits.
When comparing unshaded to shaded conditions, there is a noticeable, but expected drop
in Voc. The average delta in Voc is 2.9 V, which equates to a 3 mV drop in Voc for each
cell in the shaded module. The ideality factor and pseudo fill factor are almost identical.
These results suggest that Suns-Voc is resilient to significant levels of partial shading

across arrays.

3.5 Real-World Applications

Outdoor characterization techniques must be able to accurately acquire data with
minimal costs, little to no impedance on power production, and simplistic implementation
to be effective. Implementation of these techniques may vary based on the system type and
size, as small residential systems and large utility scale systems each present their own

unique constraints.

In the United States, the average residential system size is between 4 kW to 7 kW
[122]. These systems offer the advantage of having smaller string sizes, providing more
resolution for Suns-Voc measurements. The disadvantage is that residential systems do not
typically have on site weather stations for measuring irradiance and temperature.
Therefore, irradiance sensor(s) and temperature sensor(s) need to be installed in strategic
locations around the system. Multiple sensors may be needed if systems are installed with
different tilt angles, though POA irradiance may be calculated from a single sensor [123].
Regarding data acquisition (DAQ), many commercially available data logger solutions

currently exist. These data loggers can be placed between the PV and inverter to log data
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such as current, voltage, power, and peripheral weather sensors. These data loggers can
acquire all the data needed to perform Suns-Voc measurements before the inverter(s) reach
their threshold voltage, as well as perform Suns-Vwvp measurements after the inverter(s)
have turned on. This configuration may not be adequate if the inverter threshold voltage is
too low, resulting in irradiance levels too low for Suns-Voc measurements. A simple DC
controlled relay can be used to alleviate the issue caused by low inverter threshold voltages
while an irradiance sensor can be used as the control for the relay, allowing the solar output
to bypass to the inverter once the Suns-Voc measurement has been conducted. For more
advanced design, data loggers can be developed specifically for the purpose of conducting

Suns-Voc measurements on residential systems.

Utility scale systems offer more flexibility due to their larger system sizes and
unique designs that may vary from powerplant to powerplant. An advantage for utility scale
systems is that onsite weather stations are placed within the fielded modules. When
designing an integrated outdoor Suns-Voc system, one must consider the proximity of the
weather stations to specific strings. If a weather station is placed too far from specific PV
strings, irradiance and temperature data may not be an accurate representation for the
respective strings. This can be problematic in instances of varying topography during low
angle of incidences, such as sunrise and sunset, and during periods of partial shade from

cloud coverage.

These powerplants may also deploy their own unique SCADA (Supervisory
Control and Data Acquisition) systems to monitor and control their generation. Capturing

Suns-Voc data by use of the SCADA is unlikely because SCADA systems do not typically
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capture open circuit voltage. However, SCADA systems may be used to capture Suns-Vve

data, without any new hardware.

Acquiring the open-circuit voltage measurements for Suns-Voc is largely
dependent upon the desired resolution. When string-level resolution is desired, DAQ
hardware can be placed within the combiner boxes. There are currently several
commercially available monitoring devices, primarily used to monitor string voltages and
currents. By placing the hardware within a combiner box, one DAQ can be used to monitor

several different strings at the same time.

For higher monitoring resolution, such as individual modules, a similar approach
to that of module-level power electronics (MLPE) can be applied. DAQ hardware can be
placed in parallel between individual modules, collecting open circuit voltages at desired
ranges of irradiance. An irradiance sensor can be used as a controller for when data should
be collected, subsequently placing the module back in series with the string. This method
is benefitted by having localized irradiance measurements and more control precision, but
it requires the use of an extra sensor. Contrasted to an irradiance sensor, the DAQ can
simply be programmed to collect data by specific dates and times based on the respective
sun positions. Using the date and time would not require an additional sensor, but it would
need to be programmed individually based on the geographic coordinates. Finally, the
module’s open circuit voltage can be used for the DAQ shutoff threshold. This would be
the simplest method to implement, yet it would provide a more inconsistent operation.
Degraded modules may take longer to reach this threshold voltage, consequently impeding

the power production of the respective string. The approach of applying DAQ to individual
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modules can be used for both residential and utility installations, though utility installations

may only sample a statistical representation of modules.

This work proves that Suns-Voc can be applied outdoors on PV modules and arrays,
providing much of the same useful diagnostic information as commonly found in indoor
Suns-Voc, including diode parameters free from the effects of series resistance. Collection
of long-term PV performance data from light 1-V curves is often impeded by logistical
difficulties, variable weather, and the requirement to sweep |-V curves during major
production hours of high, uniform irradiance. The results of this study prove that high-
quality diagnostic parameters from Suns-Voc can be performed during low irradiance
conditions, perhaps even before the system voltage reaches the inverter startup threshold.
Suns-Voc parameters derived from periods of exclusively using low irradiance, compared
to using the entire range of irradiance, yield consistent relative deltas of 0.5% in Voc at 0.1
suns, 0.9% in pFF, and 0.4% in pPwp. If the data collection methodology is consistent,
exclusively using low irradiance periods is valuable for monitoring changes over time.
Outdoor Suns-Voc is also robust against partial shading, meaning that instances of interrow
self-shading should have minimal impacts on the Suns-Voc parameters. Measurements can
be expected to be within 5% of true pPwmp in nearly all partial shading conditions. In the
outdoor measurements, differences in performance metrics from daily and seasonal
fluctuations produce maximum variations on the order +1%. Applications may include but

are not limited to reliability studies, impeding fault detection, and performance monitoring.
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4  SUNS-VR

Suns-Voc only captures data using the open-circuit voltage, excluding parameters
related to current and power. A complete current-voltage (I-V) sweep is often conducted
to complement Suns-Voc to obtain parameters related to current and impacts of Rs. A
simple adaptation to Suns-Voc, termed Suns-Voltage-Resistor (Suns-VR), can be used to
extract parameters related to power and efficiency. The technique involves placing a
resistor across the device when conducting Suns-Voc measurements. The Suns-VR
measurement complements, rather than replaces the Suns-Voc technique, and the
combination of the two provides a more comprehensive characterization of solar cell loss

mechanisms [124].

4.1 Principal of Suns-VR

Conceptually, the output power of a photovoltaic module is measured by placing a
variable resistor across the module and measuring corresponding current-voltage points as
the resistor is varied under uniform illumination. This concept is commonly performed
using an electronic variable resistor [125] but can be performed manually with a variable
resistor [126]. Figure 4.1 shows an example of how the power is calculated using the
variable resistor technique, where the numbers are respective resistor values. It may be
challenging when manually sweeping to hit the exact maximum power point (Mpp) with a

constant cell temperature and illumination, due to the resolution of the variable resistor.
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Figure 4.1. A Simulated Manual Measured I-V and P-V with a Variable Resistor.

Individual Points Are Labeled with the Resistor Value Used to Measure the Respective
Voltage and Current.

The Suns-VR procedure for measuring the module output power is shown in figure
2. A resistor is placed across the module’s output and measured while varying the light

intensity. The load resistance (RiLoad) Can be estimated using:

Vup V.
Ripga = — = = (24)
IMP Isc

where Vp Is the voltage at the maximum power point and Iwvpe is the current at the
maximum power point. If the resistance value is not optimal, then the efficiency reported
at the curve maximum is still the maximum power point, just at a light intensity different
from one sun. A more optimal resistor value may provide a better approximation of diode

parameters under one-sun illumination.
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Figure 4.2 A Circuit Schematic Displaying How to Retrofit Suns-Voc for Suns-VR
Measurements.

Using Suns-VR, the power output is calculated using:

Power = Vlo—adz (25)
Suns X Ripaa

where the load resistance is a stable known value, Vioad is the measured voltage, and Suns
is the measured incident irradiance. If drift within the load resistor is suspected, e.g. due to

heating, the current should be measured separately.

4.1.1 Implementation of Suns-VR

The illumination source must be varied from 0 to 3 suns, depending on the size of
the load resistor. A slightly oversized load resistor requires a maximum of less than 1 sun,
whereas an undersized load resistor may need up to 3 suns. The light variation can either
be done with an electronic flash, neutral density filters, or simply angling the module to
the light source such as the sun. Uniformity across the module is key to mitigating
mismatch error. An indoor environment must be clear of objects that may cause reflections
and scattered light. The setup must be optimized to ensure appropriate light intensity

distributed at a uniformity appropriate for the module size.
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Implementing Suns-VR in an outdoor environment is possible, but more variables
are introduced as compared to an indoor measurement. One must ensure uniform light is
available, by measuring during clear sky conditions. If the module is being tilted to
manually vary the light, reflections must be considered [127], [128]. The module could be
measured throughout the course of a day to achieve natural light variations, but a large
power resistor must be used to mitigate the effects of drift due to temperature extremes
from power dissipation. The module operating temperature is arguably the most important
variable impacting outdoor measurements. Module voltages proportionately decrease with
increased temperatures [100]. Measurements are likely to be recorded at different

temperatures, therefore requiring temperature normalization.

4.1.2 Simulation of Suns-VR

The data from the Suns-VR can be plotted in a variety of ways. By plotting the data
normalized to irradiance, the apex of the curve is equivalent to the Mpp. Figure 4.3 displays
the modeled normalized power output using different load resistances. When the load
resistor is inadequately sized, the Mpp is reported at a light intensity different to one sun.
However, efficiency changes slowly with light intensity so the value of Mpp at the apex is
close to the one-sun value even for resistance values with a large departure from the ideal

(15 Q in this case).
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Figure 4.3. Modeled Normalized Power of a Solar Module Using Suns-VR Methodology
with Varying Resistor Values as Denoted in the Legend.

4.2 Indoor Suns-VR Measurements

An 8-cell monocrystalline silicon module was fabricated for indoor measurements
using Suns-VR. The 8-cell module is comprised of a single cell diced into eight equal
pieces and soldered together in a series connection. Therefore, the power of the module
remains unchanged, but the higher voltages allow for usage of more common resistor
values. A monocrystalline silicon cell with similar encapsulation of glass-EVA-backsheet

was used as the sensor cell.

4.2.1 Irradiance Measurements

Measurements were conducted at approximately 25 °C using a Xenon flash as the
illumination source. Using a horizontal orientation, the flash was setup at a height of 1.5 m

and a lateral distance of 3 m from the module surface. A 45x60 cm rectangular flash
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diffuser was used to disperse light equally across the surface area of the module. Figure 4.4
shows the spatial uniformity of light across the 1 x 1.5 m surface in units of normalized

Suns.
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Figure 4.4. Spatial Uniformity of a Xenon Flash Located 3 m from the Module Surface in
the Units of Normalized Suns.

The uniformity in Figure 4.4 has a deviation of roughly 5% from the center to the
outside corners. It results in an error of similar magnitude when measuring modules greater
than 1 m in length due to cell mismatch. Because the module in this experiment is less than

0.2 m in length, the flash mismatch is less than 2%.

4.2.2 Single Module Validation Testing

Using the module’s ratings of 1.19 A for Imp and 3.86 V for Vwp, a resistor of
roughly 3.2 Q was needed to induce operation at Mpp at approximately one sun. Resistor
values of 2.2 Q,3.3Q, 3.9 Q, 4.7 Q, 5.6 Q, and 6.8 Q were used to quantify the resulting

differences. The measured raw results per respective flash are displayed in Figure 4.5.
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Figure 4.5 Raw Data from Suns-VR Measurements Using Various Resistor Values.

The raw data graphed in Figure 4.5 uses “counts” for the x-axis, though the entire
measurement took approximately one second. For smaller resistor values, the apex of the
curve is reached earlier at higher light intensities. The normalized powers are plotted below

in Figure 4.6. The apex of each curve is the maximum power (Pmax) for each resistor value.
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Figure 4.6. Power as a Function of Light Intensity Using Suns-VR with Different
Resistor VValues on a Crystalline Silicon Module.

Current related parameters can be derived by further analyzing Figure 4.6. The

slope of the curve leading up to the Mpp provides the Isc as:

AVoltage

— — 26
ASuns X Rjyqa (26)

ISC

where AVoltage is the change in voltage (y axis) and ASuns is the change in
irradiance (x axis). It is important to only use the linear portion of the slope before reaching
the Mpp. Table 4.1 provides the Pmax and the sun intensity at which the Mpp was attained,
the Isc as calculated from (26), the efficiency as calculated by Suns-VR, and the

corresponding values when using a conventional flash tester to measure the 1-V curve.
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Table 4.1. Suns-VR Parameters Using Various Resistor Sizes Compared to |-V
Measurements on a Silicon Module.

\Z izn:t(o(;) Pmax (W) Sg;i:t Isc (A) n
2.2 461 1.98 1.11 20.49%
3.3 4.59 1.27 1.09 20.42%
3.9 461 1.1 1.09 20.49%
4.7 4,59 0.9 1.08 20.40%
5.6 458 0.77 1.08 20.34%
6.8 456 0.63 1.08 20.27%

1-V Flash 4.60 1 1.24 20.42%

As seen in the results, increased resistor sizes decrease the level of illumination
needed to measure the Mpp. The decreased level of illumination yields a slightly lower
value for both Pmax and efficiency. The most notable difference is the values of ISC from
Suns-VR measurements as compared to the 1-V flash method. This discrepancy may be
due to spectral differences from using two different flash sources. Another possible
explanation is the distance from the illumination source for both measurements. Suns-VR
measurements were conducted approximately 3 m from the flash source, while 1-V testing
was conducted approximately 0.75 m from the flash source. I-V measurements may have
yielded higher current measurements from enhanced reflection off the backsheet, while the
increased distance from Suns-VR measurements may not have the additional reflection

from the white backsheet.

By using different size load resistors, the Mpp reported were all within a deviation
of roughly 1.5%. This deviation falls within the resistor’s tolerance of £ 5%. This suggests
that the results are still valid if the resistor is not sized exact to the optimal size.Varying
the load resistor size can purposely done to induce different injection levels without
manipulating the illumination source. By oversizing the load resistor, the Mep is found at a
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lower injection level, and vice versa. Intentionally manipulating the injection level can
induce different recombination effects. Auger recombination typically manifest at high
injection levels [129]. Analyzing Suns-VR at low injection level provides more specific
insight to how Shockley-Read-Hall (SRH) recombination effects are potentially impacting

the module [130].

Further optimization of the diffusers to improve uniformity enables the testing
modules of larger surface areas. This work was conducted to provide practicality at a
smaller scale but can easily be scaled up with a proper illumination source. Suns-VR is a
simple method to enhance the commonly used Suns-Voc characterization technique. Any
Suns-Voc assessment can be easily retrofitted to perform Suns-VR with the addition of a
properly sized load resistor. Suns-VR provides analysis of the Mpp, efficiency, and Isc at
different illumination levels. Suns-VR measurements agreed with flash testing I-V
measurements, with less than 1% difference for Pmax, 1% difference for efficiency, and

8% difference for Isc.
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5 APPLICATIONS OF OUTDOOR CHARACTERIZATION

There is a multitude of PV systems with different sizes, configurations, installation
types (e.g., residential or utility-size), using distinctive cell and module architectures. As
result, there is not a universal solution to measure and characterize those systems.
Furthermore, depending on the system owner objectives, applications may include instant
performance monitoring, automatic fault detection, long term degradation analysis,
warranty claims, just to name a few. This section discusses how outdoor characterization

can be used for various applications.

In the literature, the testing practices are normally divided into two groups “off-
line” and “in-situ” testing. In the off-line testing, the PV module/array is typically
disconnected from the system when measured. The off-line testing can be either performed
on-site or in an indoor location off-site [131], [132]. The transportation of modules to off-
site locations can induce defects, such microcracking, leading to misleading conclusions.
Alternatively, the PV Mobile Lab trailer system provides on-site (although still off-line)
light I-V and Suns-Voc measurements [133]. Since the off-line testing normally requires a
considerable amount of manual labor, it is costly, with very limited scalability, and not
suitable to deliver instant performance monitoring or automatic fault detection. On the
other hand, this type of testing provides high-quality and quantitative analyses of the
module performances, which can be used for long-term degradation analysis [134] and
warranty claims [135]. More recently, electrostatic voltmeters have been used as a non-
contact approach to measure the I-V characteristics of modules without the need of

disconnecting strings, easing these type of measurements [136].
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In-situ testing uses dedicated hardware to measure the PV systems continuously.
The characterization techniques range in use, such as high granular resolution via module-
level I-V tracers, to analysis involving the entire power output as a whole. Module-level
in-situ |-V testers have been used for system monitoring [137], degradation analysis [98],
and real-time fault detection [138]. Techniques have also been established for in-situ
measurements at the array level, which have been used for automatic fault detection [139].
The rise of wireless sensors have enabled these measurements to be conducted in a more
scalable way, as compared to wired sensors [140]. The in-situ measurement techniques are
typically performed on a smaller statistical sample of the PV plant, due to the cost of
needing permanent hardware. There are opportunities for integrating the data acquisition
hardware into system components such as DC optimizers and inverters [141]. Also, in-situ
I-V scans have little to no impact on power production, as scans are typically completed in
less than two seconds. The use of in-situ measurements has increased with the exponential
increase of installed PV modules, resulting in large quantities of data. Different machine
learning approaches have been implemented to analyze this data. One particular method
was developed to extract I-V features and create subsequent Suns-Voc plots, by using STC
translated Isc-Voc data [112], [142]. This methodology was proven to be robust to steps,
caused by cell mismatch and shading, in the I-V data. It was used as long-term degradation
analysis by calculating year-to-year performance loss rates of different commercial
modules located in different climate zones, analyzing over 3 million 1-V curves [143]. This
methodology benefits from gathering detailed diode parameters, which can be used to
calculate uniform current losses, recombination losses, Rs losses, and current mismatch
losses. Further research is necessary to understand if such methodology can be applied to
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systems larger than a single module. Using this approach, Figure 5.1 shows the power loss
mechanisms calculated in each step, starting from the initial pseudo I-V curve and ending
at the actual measured I-V curve from a PV module [142]. Other approaches have been
used to gather real-time data, without needing full in-situ -V measurements. For example,
NREL developed an approach that capitalized on Suns-Voc principles to measure real-time

series resistance [144].
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Figure 5.1. Power Loss Calculation From In-Situ Pseudo I-V Analysis via [142].

The data collected from I-V curves, whether conducted in-situ or during an off-line
evaluation, provides highly guantitative metrics regarding performance and respective
losses. An attractive alternative to I-V tracing is to measure the maximum voltage, current,

and power of the PV system. This method is widely used within industry for Supervisory
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Control and Data Acquisition (SCADA) systems for real-time monitoring, because of the
simple integration with inverter data collection. The maximum-power point data can
provide a quick qualitative snapshot for any catastrophic issues impacting the power
production. Different analyses of this maximum-power point data have been used for
degradation evaluation: (1) ratio of maximum power to plane of array irradiance [145]; (2)
the fraction of maximum power to nameplate rating, termed performance ratio [146]; (3)
Photovoltaics for Utility Scale Applications (PVUSA) which involves a translation of
maximum power based on a set of standardized test conditions for irradiance, temperature,
and wind speed [147]. These analyses fail to offer detailed information regarding the
specific degradation mechanisms as compared to in-situ I-V curves [148]. The Suns-Vwvp
capitalizes on the methodology of Suns-Voc, but instead of measuring the Voc, measures
the Vwp, which includes the effects of series resistance [149]. Once the data has been
collected and preprocessed, an I-V fitting algorithm is used to extract diode parameters
which can be used for degradation analysis. The methodology relies on knowing initial
module parameters, having a measurement window of at least two to three days, and
assuming a maximum degradation rate of 1% per day is not exceeded. Further work is

necessary to better understand intra-string variability regarding string-level measurements.

The needs of each specific PV system and owner should define which
characterization method is better suited. Some applications, such as performing
guantitative degradation analysis, may require more costly but more comprehensive
characterization techniques. In other cases, low-cost characterization techniques may be
sufficient to validate qualitatively the system performance. In other words, there is no “one

size fits all” solution for monitoring PV systems. As the systems continue to increase in
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size and complexity, better strategies to collect and analyze data will be required to
facilitate early detection of faults or degradation issues that can lead to revenue loss and

warranty forfeit.

79



6 CONCLUSION

Photovoltaic systems were once only viable for utility or rooftop installations.
Fueled by the decarbonization efforts, PV is now being considered to integrate with almost
anything. New fields of research have developed such as combining agriculture with PV
(agriPV) [150], combining aquaculture with PV (aquaPV) [151], using PV for
transportation [152], integrating PV into building materials (BIPV) [153], floating PV
[154], etc. The rise of these industries means characterization and system monitoring needs
to be prioritized to ensure successful implementation. The diverse nature of the different

PV systems requires a diverse approach for monitoring.

This work has examined the accuracy of temperature-translated outdoor Suns-Voc
compared to indoor measurements. For best accuracy, module temperature should be
measured meeting requirements outlined by IEC 61583, and an appropriate cell
temperature model should be applied. On-site weather station data, comprised of POA
irradiance, ambient temperature, and wind speed has proved to be an effective alternative
to measuring the backsheet temperature and irradiance of each module; pPwp results are
within £1% of the respective backsheet temperature results. With appropriate temperature
translation, the parameters provided by Suns-Voc curves taken in an outdoor setting may
provide reliable degradation quantification and attribution without interfering with normal

system operation.

The use of outdoor Suns-Voc has proven to yield accuracies within 1% of indoor
Suns-Voc measurements. This at first may not seem useful in detecting degradation, but

repeatability is more vital than accuracy. This work provided daily variations of less than
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+/- 0.5% in pseudo parameters. This means that outdoor Suns-Voc can potentially be used
to analyze for degradation changes on the magnitude of more than 0.5% when comparing
over daily variations. This may be useful in detecting major degradation mechanisms such
as potential induced degradation (PID), which would result in more extreme daily
variations. Outdoor Suns-Voc can potentially increase power output and system lifespan if

reversable degradation mechanisms are seen early.

Outdoor Suns-Voc does suffer from various data collection obstacles that could be
addressed in future work, as laid out in Chapter 7. The translated Suns-Voc results are
extremely sensitive to temperature. The methods proposed in this work assume constant
temperature across the surface of the module. In instances of major temperature variations,
the methodology may not prove sufficient. The extreme sensitivity also means that many
of the extractable variables may not be used for proper degradation analysis. For example,
ideality factors may often be inaccurate due to both the temperature sensitivity and the poor
resolution at low light intensities. Some of these challenges may be alleviated with higher

accuracy sensors, but at a higher cost monitoring system.

The outdoor characterization industry was addressing a real challenge of how to
capture data when the work for this dissertation was first started. The golden standard of I-
V curve tracing proved to be difficult for several reasons mentioned within this thesis. This
work was conducted to address some of these challenges by developing an alternative to |-
V curve tracing. At the finality of this dissertation, 1-V curve tracing has become more
viable. Many inverters have started using integrated I-V testers, which have started

providing the industry with a more practical method to acquiring quantifiable outdoor
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characterization data. This does not mean outdoor Suns-Voc is obsolete, but it does
potentially limit the effectiveness when compared to I-V testing. Nonetheless, outdoor
Suns-Voc may serve as a potential option for addressing outdoor characterization of PV

modules and systems.
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7 FUTURE WORK

The findings in this dissertation provide the opportunity for future research to be
performed. This section has been written to include both suggestions on how this specific
work can be expanded and where efforts for future work should be focused to address the

needs of the photovoltaic industry.

Outdoor Suns-Voc would benefit from increased accuracy which may be possible
by investigating several different factors. This work only analyzed data collection with
resolution of 1 minute. Further experimentation should be conducted to better understand
if higher resolution data enhances accuracy. This may be constrained due to the ability to
collect data in large-scale applications, but it should be better understood. This opportunity
could also be used to address the minimal amount of data that needs to be collected for a
proper analysis. This work analyzed the data collected only during a single day of low
irradiance data. The daily and seasonal variations may benefit from a wider range of data
collection before analysis can be performed. This would potentially allow for more

temperature variation in the irradiance voltage pairs.

Improvements to accuracy may also be possible when using a weather station for
environmental data acquisition. This work used empirically determined coefficients from
another study to justify how the wind would impact the system’s maximum temperature
and rate of cooling. The sensitivity analysis performed for these coefficients proved that
minor changes could heavily influence the translated results. Therefore, future work should
be performed to experimentally determine these coefficients and examine the impacts on

the accuracy of translated results.
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Another opportunity related to weather stations is to better understand the
relationship of the weather station’s proximity to the respective test system. This work was
performed with a weather station that was located less than 10 m away from the PV system.
In real world conditions, weather stations can be located much further away from the PV
system. The larger distances may have a negative impact on accuracy as ambient
temperature and wind speed may be different at the test location versus what is measured
at the weather station. The impact of this distance and the influence of translated Suns-Voc

parameters should be further investigated in future work.

Multiple future work opportunities for improvement of outdoor Suns-Voc have
been discussed. Using the potential findings from this future work, Suns-Voc could be used
for an outdoor degradation study. This study would potentially address the viability for real
world applications and give insight to degradation mechanisms detectable by Suns-Voc.
This study would ultimately be a compilation of this work and all the suggested future

work.

The PV industry is finally at a point where outdoor data collection is more practical
and is starting to be implemented. The resulting opportunity that surfaces is how to analyze
this data. In my opinion, effort should be focused on developing machine learning
approaches to better use this data, driven by applications such as degradation analysis and
fault detection. These machine learning algorithms can be used to increase overall revenue
from PV systems, increase system lifespans, etc. This future work suggestion is quite broad

because there are almost endless applications for what to do with this data. As the industry
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starts implementing these applications, there will be a larger push to implement outdoor

characterization.
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