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ABSTRACT

The long-term performance and reliability of photovoltaic (PV) modules and systems are critical metrics for the
economic viability of PV as a power source. In this study, the power degradation rates of two identical PV systems
deployed in Florida are quantified using the Performance Ratio analytical technique and the translation of power output
to an alternative reporting condition of 1000 W m ™ irradiance and cell temperature of 50 °C. We introduce a multi-pronged
strategy for quantifying the degradation rates of PV modules and arrays using archived data. This multi-pronged approach
utilizes nearby weather stations to validate and, if needed, correct suspect environmental data that can be a problem when
sensor calibrations may have drifted. Recent field measurements, including /-V curve measurements of the arrays, visual
inspection, and infrared imaging, are then used to further investigate the performance of these systems. Finally, the
degradation rates and calculated uncertainties are reported for both systems using the methods described previously.
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1. INTRODUCTION

Field testing has played a vital part in determining photo-
voltaic (PV) performance and lifetime. Dating back
to 1983, the Florida Solar Energy Center (FSEC) has
performed outdoor performance measurements on various
kinds of PV modules at different locations in Florida, as
shown in Figure 1. With over 150 systems listed in the
FSEC PV system database, 70 of which have performance
data, there is clearly a rich history of archived data that can
be used to better understand and quantify the long-term
performance of PV modules and systems. DC operating
current, DC operating voltage, and AC power were
recorded for extended periods of time (greater than
3years), along with environmental conditions such as
plane-of-array (POA) irradiance, module temperature, and
ambient temperature.

For many of these systems, the initial data monitoring
served some function other than determining long-term
performance degradation. Some of the systems were used
to better understand the role of PV in the development of

Copyright © 2012 John Wiley & Sons, Ltd.

zero-energy buildings [1,2]. Other PV systems, installed
on schools in Florida, were monitored to educate
students on PV technology and also gather statistical
information regarding life-cycle costs [3]. Recent efforts
have sought to relate the long-term performance of these
systems to life-cycle costs and economic payback
time [4].

Long-term performance of PV systems is an area of
critical importance from the perspective of both manu-
facturers and end users. End users want to harvest the
maximum amount of energy per rated watt throughout
the expected 20+ year operational lifetime. To stay
competitive, module manufacturers guarantee minimal
degradation throughout the lifetime of the product.
Standard warranties typically guarantee a power output
after 20years of 80% of Standard Test Conditions
(STC) nameplate. Clearly, if a large number of a man-
ufacturer’s modules have higher degradation rates than
expected, then the company’s financial security can be
significantly compromised by the cost of replacing these
defective products. There is also potential damage to a
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Figure 1. Locations of the two photovoltaic (PV) systems investigated in this study, their nearby weather stations, and additional PV
sites monitored by Florida Solar Energy Center.

company’s reputation if durability becomes a perceived
issue with their products.

The study of degradation rates is often challenging
because confidence in the results increases with the
number of years of data collected from the field, but it is
uncommon for projects to be consistently funded for
more than a small number of years. The result is a
collection of a few excellent studies and many more
studies that report data with higher uncertainties [5—17].

In this investigation, experimental data from two
nominally identical grid-connected PV systems (Figure 1)
were analyzed in order to evaluate performance and
reliability, with a focus on module power output
over time. First, the systems, data collection, and data
analysis methods are described. Then, the calculated
degradation rates are presented along with the uncer-
tainty associated with those degradation rates. Finally,
observations from the field and results of on-site /-V
measurements are discussed. This study introduces a
multi-pronged analytical methodology to address some
of the difficulties of accurately determining degradation
rates of PV systems that have not been consistently
maintained.

2. EXPERIMENTAL DETAILS
2.1. Description of the PV systems

Table I lists essential information about the systems under
investigation, including system location, system size, mod-
ule technology, date of installation, data collection period,
and array configuration. These systems share virtually
identical electrical designs, including the same size,
modules, and inverters. Both systems are broken up into
two sub-arrays (1.98 kW each) feeding two separate inver-
ters, which were all 2.5 kW nominally rated.

2.2. Technical description of the
instrumentation and monitoring method

For the system data monitoring, pyranometers were used to
measure POA irradiance, thermocouples to measure ambi-
ent and back-of-module temperature, and different electri-
cal sensors for DC current and voltage as well as AC
energy output. Campbell Scientific dataloggers were used
to sample these measured parameters at 5-s intervals,
which were then averaged over 15min and stored. This

Table I. Description of systems under investigation.

System location System name Array size Module Date of Monitoring Array

(watts) technology installation period configuration
Shalimar, FL Meigs Middle School 3960 polycrystalline-Si February 2003 5.5years Mounted on flat roof
(latitude: 30°N) ata 17° tilt
Celebration, FL Celebration School 3960 polycrystalline-Si December 2003 4dyears Mounted parallel to

(latitude: 28°N)

pitched roof at 15° tilt

Prog. Photovolt: Res. Appl. (2012) © 2012 John Wiley & Sons, Ltd.
DOI: 10.1002/pip



K. O. Davis et al.

method is based on techniques described in IEC 61724, a
standard for monitoring PV system performance [18].

2.3. Data filtering and evaluation
of data quality

Filtering steps were taken to minimize the effects of errors
in data collection and measurement (e.g., instrument fail-
ure, faulty network communications). After experimenting
with various filtering techniques, the process outlined in
Figure 2 was chosen for this study. Plotting the collected
parameters versus time is a good way to spot obvious
errors in data collection. There are some specific things
to look for that might not be obvious from the initial plots.
These include the following: (i) irradiance sensor drift,
which can be identified by plotting POA irradiance versus
time (Figure 3); (ii) DC-to-AC conversion efficiency,
which can be determined by plotting the ratio of AC power
to DC power versus time (Figure 2); and (iii) plot Vpc
versus time to see if the DC voltage is pinned to either
the high or low window of the inverter’s DC voltage range.
This last check can identify low energy yield caused by
improper maximum power-point tracking. If using the data
to quantify degradation rates, then one final filtering step
should be to only use data that starts and ends at the same
time of the year (to avoid seasonal effects). After
performing filtering, the two analytical techniques men-
tioned previously (power output translated to alternative
reporting condition (ARC) and Performance Ratio (PR))

Multi-pronged analysis of degradation rates

were used to analyze the experimental data collected for
this study.

2.4. Effects of sensor drift and potential
methods of correction

One common issue with using data collected over long
periods of time at remote sites occurs when measurement
instrumentation has not been consistently calibrated. When
this happens, the data can be severely affected—especially
in the case of pyranometers. Because of the approximately
linear relationship between irradiance and current (and
therefore power), sensor drift can drastically make the
module degradation rate appear to be significantly higher
or lower than it actually is. There are a number of ways
to combat the effects of sensor drift. One method is to only
use archived data for the first calibrated year, and then later
either collect on-site measurements (e.g., I-V curves on the
array) or recalibrate/replace the measurement instruments
and begin collecting again remotely. The obvious down-
side to this method is that all of the data collected after year
one gets neglected, leading to large gaps of time missing
from the analysis and thereby significantly reducing the
utility of the data set. In addition, with this method differ-
ent instruments are used to measure the performance at
different points of time.

Instead, another option is to correlate data measured
with calibrated instruments taken at nearby sites and use
that data to correct the data that has drifted. The primary
limitation of this method is that it requires data collection
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Figure 2. Initial data filtering process used to minimize errors.
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Figure 3. Comparison of site data and nearby weather stations: (a) Comparison of uncalibrated Celebration School (CEL) pyranometer

and calibrated pyranometer installed nearby (Lake Alfred Site), (b) CEL pyranometer data corrected to match the trend line of the cal-

ibrated pyranometer data (Lake Alfred Site), (c) Comparison of uncalibrated Meigs Middle School (MMS) pyranometer and calibrated
pyranometer installed at a nearby location (Jay Site).

from a nearby site, which can be difficult to come by.
Luckily, thanks to the Florida Automated Weather Net-
work (FAWN), administered by the University of Florida,
35 weather stations in Florida collect irradiance data.
Figure 3 shows the original pyranometer data from the
Celebration School (CEL) system (which shows obvious
drift), data collected from a pyranometer at a nearby
FAWN weather station, and the irradiance-corrected CEL
data. The FAWN pyranometer, installed at a 0° tilt, is
simply used to establish the trend line of irradiance over
time for that local geographic region using a linear
regression. A linear time-varying correction factor is
then applied to the original irradiance data to establish a
similar trend line, which provides the offset required to
essentially eliminate the effects of sensor drift. This
correction factor is applied by adding a linear time-varying
term, AG =kt (Gpoa-raw/1000), to the raw irradiance data.
AG is proportional to time (f), which is given as an index
of the synchronized 15 min intervals, and x, a constant that
is determined empirically by comparing the slope of the
corrected Gppa trend line to that of the nearby calibrated
site. x, and therefore AG, can be either positive or negative
depending on which direction the sensor is drifting.
Figure 3 also shows the Meigs Middle School (MMS)
pyranometer data alongside calibrated pyranometer data from
a FAWN station close to the MMS site (also at 0° tilt). Here
there is a close match in the irradiance trend line between

the data sets, so no correction of irradiance was made. Conve-
niently, all data sets shared the 15-min averaging format, and
a MATLAB program was written to assign an appropriate
index number to each 15-min interval, which provided appro-
priate time synchronization for the data sets being compared.

2.5. Translating archived performance data
to alternative reporting conditions

With regards to the archived data sets, the following well-
established translation equations were used to correct the ar-
ray and system power output measured over multiple years to
an ARC, wherein the measured operating voltage (Vyp_ ) 1S
translated to 50 °C using the measured cell operating temper-
ature (derived from the module’s measured back-surface
temperature) and measured operating current (Iyip_p,) 1S
translated to 1000 W m™ using (corrected) measured inci-
dent POA irradiance and cell operating temperature.

Vmp—are = VMmp—m + TCymp(Tarc — Teent) (D

Garc
Ivip—ArRc = IMP—m (G

) + TCivp(Tarc — Teat)  (2)
POA

Pyp-arc = VMp-arcIMP-ARC 3

Here, Gpoa is again the (corrected) measured POA irradi-
ance, and Gagc is the reference irradiance (1000 W m™2).

Prog. Photovolt: Res. Appl. (2012) © 2012 John Wiley & Sons, Ltd.
DOI: 10.1002/pip



K. O. Davis et al.

Tarc is the cell temperature for the chosen set of reporting
conditions (50°C), and T,y is the measured cell operating
temperature, which is derived from the module’s measured
back-surface temperature using Equation (4) [19].

Teen = Tn + AT (GPOA> (4)
STC

Because cell temperatures were measured using thermo-
couples attached to the backsheet of the modules (7},), a
small temperature correction factor should be applied to the
back-of-module temperature values. AT represents the
higher operating temperature of a cell compared with the
module backsheet at an irradiance equal to Gsc. In this case,
AT was taken to be 2.5 °C, which is a recommended value
found in the literature [20,21].

Temperature coefficients for operating voltage (7Cywmp,
given in units V/°C in Equation (1)) and operating current
(TCp\p, given in A/°C) were established by a linear regression
on each sub-array, with voltage and irradiance-translated
current as the response variables and module temperature
the predictor. The slope of each regression was taken as the
temperature coefficient for that sub-array, as seen graphically
in Figure 4.

Once the temperature coefficients for each sub-array
were identified, translation of DC power to ARC was then
carried out. The reason for not using STC as the reporting
condition is to minimize potential error in translation,
because typical cell operating temperatures are generally
much higher than 25°C (which is what STC calls for),
especially with irradiance at or near 1000 W m™2.

2.6. Performance Ratio analysis

The Performance Ratio is essentially a measure of the
energy yield of a PV array or system divided by the

Multi-pronged analysis of degradation rates

theoretical output given from the nameplate power rating
of the array (i.e., the sum of all of the modules’ power rat-
ings). Mathematically, it is calculated from the following
parameters [22].

_ Eour(kWh)

Y (kWh/kW) = Porcl) ()

Hpoa (kWhm™?)

Yr (hOurS) = W

5

Eour is defined as the energy output of the array or the
entire system over a defined period of time (e.g., month,
day, 15-min interval), and Pgrc is the nameplate array
power output at STC. Y; is the final energy yield and is
the actual energy output (Egut) divided by Psrc. Hpoa
is the measured solar energy per area incident on the array
over the same defined period of time used in Eqyt. Gsrc 18
again the reference irradiance used to rate the array
(1000 Wm™2). Y, is the reference yield, which is the ratio
of Hpoa to Gsrc. Finally, PR is the ratio of the final system
yield divided by the reference yield:

PR = 7 (6)

2.7. Degradation rate uncertainty

As described earlier, a linear regression is used to deter-
mine the actual rate of degradation. In this case, the
response variable is Pyp_arc, PRpc, o PRac and the
regressor is time (15-min intervals for Pyp_arc and
months for monthly PR). The slope of the linear fit gives
the degradation trend and the actual degradation rate can
be determined from the following,
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Figure 4. Operating voltage and irradiance-translated operating current versus module temperature: (a) Meigs Middle School (MMS)
data set; (b) irradiance-corrected Celebration School (CEL) data set; (c) temperature coefficients.
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Na1
ao

Rq (7

where N is a multiplier to translate the degradation trend
to the appropriate units of time (per year being the desired
unit of time in this case), a, is the intercept, and a, is the
slope. Ry is the degradation rate in units %/year, and is ac-
tually given as Rq=+ ARy. To calculate ARy, the familiar
sum of squares equation is used,

~ (%) (Aar) ®)

The term with Aag has minimal affect on ARy and can
therefore be neglected. The primary contribution comes
from the slope uncertainty, Aa;. To calculate Aa;, a simple
Type A evaluation has been carried out, which relies on
statistical information of the sample to calculate the ran-
dom uncertainty in the slope [23]. This method of calculat-
ing uncertainty fails to capture certain systematic
uncertainties, which are primarily due to irradiance sensor
drift. The aforementioned method of correcting sensor drift
is meant to address this, but to fully understand this uncer-
tainty contribution, a comprehensive Type B evaluation is
needed [24]. This falls beyond the scope of this paper, but
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it is worth noting that the accuracy and calibration history
of irradiance sensors appear to be the biggest hurdles in
accurately quantifying degradation rates in PV systems.
To better understand the impact of this issue, degradation
rates were calculated for the CEL system with both the
raw data and the irradiance-corrected data. The raw data
was found to have 2%/year more degradation in both
sub-arrays.

To summarize, the uncertainties reported in this paper
are based only on the random uncertainty associated with
the regression slope coefficient. These numbers could,
and likely would, differ if systematic uncertainties were
fully taken into account.

3. RESULTS AND DISCUSSION
3.1. Degradation rates based on Pyp_agrc

As the system performance changes over time, this transla-
tion to ARC provides a means of visualizing system perfor-
mance over time (Figure 5) and quantifying the degradation
rate of power output (see the first data column in Table II
for the Pyp_arc data; Table II gives a complete listing of
all of the degradation rates discussed here). By performing
a linear regression of the ARC-translated power for the
MMS system, the calculated degradation rate for sub-array
1 was —0.84 £0.014%/year and —0.99 £ 0.013%/year for

g 20001 RS ST
O 15001 Al e

CEL

T-cell (C)

T T T T T T T
4000060000 80000 100000
Index (15 Min. Intervals)

Figure 5. Array power output (alternative reporting condition (ARC)-translated) and module temperature versus time for: (a) Meigs

Middle School (MMS) data set, (b) irradiance-corrected Celebration School (CEL) data set. The minor seasonal fluctuations occurring

at data points with low temperatures are likely due to the uncertainty associated with the temperature measurements and tempera-
ture coefficients or to spectral variations.
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Table II. Full list of calculated degradation rates.

Based on archived data: monitoring period 2003-2008 range

Recent field
measurements
(2010-2011)

Pup_ARC Monthly PRpc Monthly PRac 15-min PRpc 15-min PRrc -V compared with
Sub-Array (%/year) (%/year) (%/year) (%/year) (%/year) initial data (%/year)
MMS 1 —0.84+0.014 —-0.8+£0.33 —-0.9+0.35 —0.80+0.021 —1.02+£0.021 —-1.84+1.6
MMS 2 —-0.99+0.013 —-0.9+0.35 —-1.0+0.36 —0.95+0.021 —0.88+£0.022 -1.8+£1.7
CEL1 —1.47 +£0.058 -0.8+0.88 -0.7+0.93 —1.39+0.058 —1.27+0.058 -27+12
CEL2 —1.2340.059 -0.6+0.87 -0.5+0.92 —1.164+0.057 —1.0840.056 —-22413
CEL 1(uncorrected) —3.45% — — — — —
CEL 2(uncorrected) -3.23° — — — — —

“Because of large systematic error because of sensor drift, uncertainty values are not reported here.

MMS, Meigs Middle School; CEL, Celebration School.

sub-array 2. For CEL, sub-array 1 was —1.47 4= 0.058%/year
and sub-array 2 was —1.23 &+ 0.059%/year.

3.2. Degradation rates based on PRpc
and PRAC

Figure 6 shows the monthly AC and DC PRs for both
systems. Because PR is inversely proportional to the
incident solar energy, an upward drift in irradiance data
from the uncalibrated pyranometer at CEL would have
obviously affected the degradation rate if the data had
not been corrected, making it appear higher than it actu-
ally is.

Performing a linear regression on the monthly PR
values (using the same filtering as described previously),
the calculated DC and AC degradation rates were found
to be in good agreement for all of the individual sub-arrays.
The DC degradation rate for MMS sub-array 1 was found
to be —0.8 £0.33%/year and —0.9 £0.35%/year on the
AC side. MMS sub-array 2 had a —0.9 £0.35%/year DC
degradation rate and —1.0 +0.36%/year on the AC side.
The CEL system showed similar agreement, with sub-array
1 having a —0.8£0.88%/year DC degradation and
—0.7 £ 0.93%/year AC degradation. For CEL sub-array 2,

a —0.6 £0.87%/year DC degradation was calculated and
—0.5+£0.92%/year AC degradation rate.

The large discrepancy between ARy for Pyp_arc as
compared with PRpc and PRc is likely due to the fact that
the Pyp_arc 18 based on 15-min averages and the regres-
sion therefore has 35 040 data points per year. PR, on the
other hand, is calculated using only 12 data points per year
(monthly increments). Upon recalculating PRpc and PRac
using 15-min increments as opposed to a monthly basis,
the values for Ry and ARy were found to be much closer
to those calculated from Pyp_agrc-

The larger uncertainty values for CEL, as compared
with MMS, are due to the shorter monitoring period. This
has been shown to be the case in past studies as well [14],
and it makes sense intuitively, because less monitoring
time would likely mean less certainty in establishing a
clear degradation trend.

3.3. Field observations and on-site
measurements

Upon visiting both sites, a thorough visual inspection was
performed, followed by thermal imaging analysis using an
infrared camera [25] and -V measurements using a
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Figure 6. Performance Ratio (PR) calculated for sub-arrays (PRpc) and sub-systems (PRac) for: (a) Meigs Middle School (MMS) data
set, (b) irradiance-corrected Celebration School (CEL) data set.
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portable curve tracer (Daystar DS-100). On the basis of the
visual inspections, multiple issues were found, including
one inverter failure at MMS, the coastal site. There were
also concerns regarding corrosion of the grounding hard-
ware for both systems (Figure 7(a) and (b)), as well as
mounting hardware corrosion at MMS. As a side note,
there was some very light soiling because of dust and pol-
len on both systems (inspections were performed during
spring in both cases), but this was concentrated at the bot-
tom of the modules, not shading any cells directly. A few
modules had some stains in the front glass. Still, these
defects did not result in any significant changes that could
separate these from the other modules.

In regards to the thermal imaging, a hotspot was found
on one of the polycrystalline-Si cells at the CEL site
(Figure 7(c)). The digital photograph in Figure 7(d) fea-
tures a digital photograph of that same cell, which shows
apparent melting of the contact fingers at the hottest points
on the cell. As expected, this sub-array showed the most
drastic reduction in performance of all four sub-arrays. It
should be noted that if there were hotspots on the MMS
sub-array connected to the failed inverter, those hotspots
may not have shown up because the array was not loaded
(open-circuit condition).

I-V curves were taken on all four sub-arrays (two at
MMS and two at CEL). The same portable curve tracer
was used for both systems, and calibrated pyranometers
were brought on-site to measure POA irradiance. To mea-
sure module back-surface temperature, the existing ther-
mocouples at both sites were rewired from the datalogger
instrument panel to the curve tracer. These thermocouples
were inspected to ensure they were still properly adhered

K. O. Davis et al.

to the back of the modules. Figure 8(a) shows a single rep-
resentative /-V curve for all four sub-arrays. Multiple /-V
measurements were made for each sub-array (7 curves
for MMS 1, 9 for MMS 2, 13 for CEL 1, 15 for CEL 2)
and the Pyp values extracted from these have been trans-
lated to ARC using Equations 1-3. The average Pyp_arc
values are included in Table III.

As a point of comparison, the initial ARC-translated
power output for the arrays has been included (Figure 8(b)).
This initial power output was determined from the ar-
chived data set as described in the previous section and
was taken as the mean of the ARC-translated power during
the first available month of data collection that coincided
with the same month in which the on-site measurements
were performed (to avoid seasonal effects). In all four
cases, the standard deviation fell well within the =70 W
uncertainty given, which was calculated using the familiar
uncertainty propagation equation for Pyp_arc knowing
the key uncertainty contributors (e.g., irradiance measure-
ment/translation, temperature measurement/translation, curve
tracer accuracy).

The resulting degradation rates based on the I-V curve
measurements were somewhat higher than those calculated
from the archived data for all four sub-arrays and espe-
cially higher for CEL 1. For both MMS sub-array 1 and
2, Ry was found to be —1.841.6%/year and
—1.8 & 1.7%lyear, respectively. The CEL degradation
rates were found to be higher, with —2.7 + 1.2%l/year for
sub-array 1 (hotspot) and —2.2 & 1.3%/year for sub-array
2. The source of these higher degradation rates is difficult
to identify because of a lack of maintenance records by
the system owners. It is possible that significant downtimes

Figure 7. Pictures of systems: (a) corroded grounding lugs at Meigs Middle School site, (b) corroded grounding lugs at CEL site,
(c) infrared image of hotspot on Celebration School system, (d) digital photograph of that same hotspot.

Prog. Photovolt: Res. Appl. (2012) © 2012 John Wiley & Sons, Ltd.
DOI: 10.1002/pip
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Figure 8. (a) Field /-V measurements performed on both systems, (b) alternative reporting condition (ARC)-translated power output
based on initial power output from archived data and recent field measurements.

Table Ill. Comparison of the average ARC-translated power output values measured on-site (12 series connected modules per sub-
array) and the nameplate rated STC power.

Power rating(all in watts) MMSSub-array 1 MMSSub-array 2 CELSub-array 1 CELSub-array 2
Array nameplate at STC (W) 1980 1980 1980 1980
Initial measured output at ARC (W) 1790+ 70 1710+£70 1850+ 70 1820+ 70
«MMS May 2005

«CEL April 2005

Measured on-site power of field-aged 1600+ 70 15620 +70 1650+ 70 15680+ 70

modules translated to ARC (W)
«MMS 18 May 2010
«CEL 27 April 2011

ARC, alternative reporting condition; STC, Standard Test Conditions; MMS, Meigs Middle School; CEL, Celebration School.

because of inverter failure or other problems could have
accelerated the degradation [15]. Whatever the cause, any
degradation would only be compounded by the fact that
the modules in each sub-array are series connected, and
mismatch because of one module would thereby affect
the entire string. In addition, the high uncertainty in these
calculations must also be considered, and the fact that the
power values used at the two different points in time were
measured with different instrumentation, including differ-
ent pyranometers.

Prog. Photovolt: Res. Appl. (2012) © 2012 John Wiley & Sons, Ltd.
DOI: 10.1002/pip

4. CONCLUSION

After reviewing the archived data for both systems under
investigation (MMS and CEL), it became clear that the
pyranometer used for the CEL system had noticeable sen-
sor drift. The MMS system, on the other hand, proved to
have high-quality irradiance data with no obvious correc-
tion required. After describing the irradiance correction
technique and results, a description of the analytical techni-
ques used to establish degradation rates was then given
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(power output translated to ARC, PR). Using results of the
techniques described in this paper, degradation rates were
established for both systems and are summarized in
Table II. For the archived data used in this study, the
degradation rates were all in the range of —1+ 1%/year.
Although these calculated degradation rates are slightly higher
than the average value reported for c-Si modules by a recent
review article (—0.7%/year), values larger than —1% per year
have been reported [17]. This is understandable considering
the additional array and system-level losses that can increase
degradation, as compared with module-level studies. On-site
measurements of /-V characteristics were performed on both
systems. The measured Py;p values were translated to ARC
and compared with the initial archived data. These resulting
degradation rates were found to be a little higher than expected
for MMS 1, MMS 2, and CEL 2, and very significantly higher
for CEL 1, which is likely due to the presence of a hotspot.
These higher levels of degradation, occurring after the
monitoring period listed in Table I could be due to improper
operation of the arrays (e.g., significant inverter downtime)
or perhaps because of the large uncertainty associated with
them. A lack of maintenance records makes this challenging
to determine.

Uncertainty calculations were performed on the degra-
dation rates using a simple Type A evaluation. This
method does not account for systematic uncertainties that
are induced by drift in the irradiance sensors. This sys-
tematic error has been addressed by the aforementioned
irradiance correction technique, but it is quite possible
that the systematic uncertainty still outweighs the random
uncertainty calculated in this study. A comparison of
degradation rates calculated by the raw data (with apparent
drift) and irradiance-corrected data resulted in a 2%/year
difference in the degradation rates for both sub-arrays.
This difference dwarfs the random uncertainty calculated
via a Type A evaluation, which suggests that one of the
biggest challenges in accurately determining degradation
rates using field data is due to irradiance sensor drift
and calibration requirements. It is clear that more stable
irradiance sensors, at a reasonable cost and with minimal
calibration requirements, would be quite valuable in
efforts to determine the degradation rates of deployed
PV systems [26].

The multi-pronged approach that has been introduced
provides a means of evaluating performance over
extended periods of time, which can (i) help identify
reliability concerns, (ii) account for seasonal variations,
and (iii) quantify module degradation. All three of
these points are pertinent to system owners, especially
at the utility scale where time of generation becomes
a factor.

Future efforts will be oriented toward applying this
method to a significantly larger sample of systems in the
FSEC PV system database to gain statistical information
on module durability in hot, humid climates. In addition,
performing /-V measurements on individual modules
within fielded arrays will be important in better under-
standing the influence of mismatch over time.
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