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Field-based assessment of photovoltaic (PV) module performance provides key insights for accurate lifespan
prediction and reliability analysis. However, two significant research gaps remain: the scarcity of long-term
evaluations in low-latitude regions and the limited application of established ensemble methods under diverse
climatic conditions. This study presents a long-term field performance analysis of eight PV technologies installed
in Lima, Peru, a subtropical desert climate at low latitude. Module Performance Ratio (MPR) was evaluated
considering the effects of measured temperature and spectral variations. For c-Si-based modules, thermal losses
ranged from —2.7 % to —4.3 %, while thin-film modules exhibited smaller thermal impacts (—2.2 % to —2.6 %).
Spectral losses in c¢-Si modules ranged from —0.7 % to —1.5 %. Conversely, a-Si modules recorded spectral gains
of 5.7 %. Additional analysis of open-circuit voltage, short-circuit current, and fill factor revealed distinct per-
formance degradation pathways across technologies. Ensemble-derived Performance Loss Rates (PLR), combined
with climate-influencing factors, enabled benchmarking and 25-year energy yield projections. Our reported PLRs
of up to —1.61 %/year for c-Si slightly exceed reported global-median PLRs, suggesting detrimental effects of
Lima’s high humidity and UV exposure. Projections indicate that in Lima HIT modules may outperform IBC and

PERT technologies, underscoring the value of region-specific, long-term PV performance studies.

1. Introduction

Global solar photovoltaic (PV) capacity experienced an exceptional
year-on-year growth rate reaching additional 602 GW in 2024, sur-
passing the global cumulative 2.2 TW by the year’s end. This remarkable
expansion accounted for ~81 % of all new renewable energy capacity
added worldwide, exceeding any expectations of solar analysts. Antici-
pated annual growth of ~3.4 TW should further surpass the yearly last
mark on the way to reaching the target of global 75 TW by 2050 as part
of the energy transition deployment goals [1]. This continuous expan-
sion of solar PV technology worldwide implies that new module designs
with changing Bill of Materials (BoM) are being developed and deployed
in huge quantities faster than we can detect failure mechanisms and
understand degradation modes [2]. Building reliability and ensuring the
service life in the PV technology instills confidence among potential end

users and financiers, enabling faster and more widespread deployment
in a synergistic feedback loop. However, this increasing deployment
makes accurately predicting the service life of incoming modules more
challenging. Field performance assessment provides essential data for
implementing appropriate accelerated testing and standards. This helps
close the PV reliability learning cycle, improving the long-term service
life prediction [3]. In the current Terawatt era, conducting detailed,
long-term performance assessments at the module level has become
more valuable than ever. Insights gained from existing technologies are
instrumental in establishing best practices and standards for future
modules, thereby mitigating the risks associated with the large-scale
deployment of innovative products. Besides PV module failure modes
and mechanisms, specific-climate impacts on durability have not been
comprehensively elucidated [4]. Despite knowing that factors such as
temperature, solar spectrum variation, and low irradiance influence
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energy yield performance, their effects on long-term performance
remain unclear, making specific climate studies worthwhile [5]. There
are substantial gaps in the literature concerning technologies and
geographical regions regarding field performance at both module and
system levels [6]. Most comparative long-term studies predominantly
report on sites located at mid-latitudes, often featuring continental or
temperate climates [7], as exemplified by research in Eastern Europe
[8]. Similarly, many reliability assessments analyze performance and
degradation in the well-represented mid-latitude temperate zones [9].
Nonetheless, there is still a noticeable geographical gap due to the
scarcity of research in dissimilar locations, e.g., at low latitudes and in
the Southern Hemisphere [10].

The Performance Loss Rate (PLR) is a standard metric used to eval-
uate the performance of PV systems and modules. It measures the
change in the annualized Performance Ratio relative to the first year,
capturing both reversible (e.g., soiling and shading) and irreversible
effects (e.g., module degradation) [11]. Focusing on the module level
helps mitigate uncertainties in the calculation caused by Balance of
System (BoS) degradation and wiring/connection losses at the system
level. However, the computation of PLR involves significant complexity
due to the myriad of approaches and pipelines in the PLR metric. This
complexity exists despite using a common framework comprising five
key steps: (1) exploratory data analysis for assessing data quality and
grading, (2) cleaning and filtering of input data, (3) selection of per-
formance metrics, corrections, and aggregating data, and (4) correcting
time series features and (5) statistical modeling of PLR [12]. Typically,
applying each step is up to the discretion of the analyst performing the
calculation, contributing to a lack of uniformity in the reliable compu-
tation of PLR [12]. PLR is commonly assumed to be linear, and linear
PLR statistical methods are typically categorized into regression
methods, including Ordinary Least Squares (OLS) regression [13],
Classical Seasonal Decomposition (CSD) [12], and methods based on a
loss rate distribution, such as the Year-on-Year (YoY) method [14].
However, in many cases, the linear behavior of PLR is not realistic due to
incorporated reversible and irreversible effects that can occur at
different stages of the PV module lifetime, such as potential-induced
degradation (PID) or early life failure modes. Recent studies have
introduced methodologies to capture non-linear trends of PLR [15].
Non-linear PLR assessment on the system level represents a potential key
performance indicator in the O&M strategy, e.g., in detecting perfor-
mance anomalies [13]. However, assuming linear PLR remains the most
standardized and straightforward comparable approach to handle and
report within the current context of long-term PV module performance
assessment [15]. The RdTools open-source library, developed in Py-
thon, implements the above PLR linear statistical models and a
comprehensive set of tools for conducting technical analysis of PV time
series data [16]. The ensemble approach is considered the most reliable
procedure for calculating PLR, as it involves comparing various statis-
tical methods using diverse performance metrics and filtering ap-
proaches and subsequently deriving the PLR as the mean inlier [15].
This approach is best used for high-resolution/high-quality data [17].
Further investigation into the reliability of the ensemble approach is
necessary to gain insights into its performance under various stress
conditions, such as varying climate, variable number of pipelines, and
different PV technologies [4].

Hence, based on the information provided above, we identify two
key gaps in PV lifespan and reliability assessment.

1. There is a scarcity of literature addressing long-term performance
assessment in low-latitude areas and the Southern Hemisphere,
particularly on the module level.

2. The applicability of the recent ensemble approach across varying
climate conditions and PV technologies.

The present work aims to address these two gaps by: (1) Assessing the
long-term performance on the module level based on measured I-V
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curves in Lima, Peru, a region characterized by a desert and humid
climate near the equator. This assessment encompasses eight distinct PV
module technologies monitored for over five years: Al-BSF, HIT, PERT,
IBC, PERC, a-Si/pc-Si, a-Si, and CIGS. We report the most influential
figures of merit in PV performance, such as the Module Performance
Ratio (MPR) and climate-specific loss factors attributed to thermal in-
fluences and sun spectrum variations. Furthermore, we analyze the
losses of the main performance parameters (V,, I, FF). (2) We imple-
ment the ensemble approach to compute the mean PLR, following a
rigorous data workflow and addressing three different performance
metrics: the MPR, the Module Performance Index (MPI), and the oper-
ational nominal power (P,oy). The PLR computation considered three
linear statistical methods, OLS, YoY, and CSD, covering nine pipelines in
total. Finally, we benchmark the eight technologies in terms of perfor-
mance, representing the first study of this kind conducted in the region
and contributing to the existing research gaps in PV module durability
and reliability.

2. Experimental and methodology
2.1. The Outdoor Photovoltaic Research Laboratory in Lima, Peru

The present study gathered experimental data from the Outdoor
Photovoltaic Research Laboratory at the Pontificia Universidad Catélica
del Perti (PUCP) in the coastal area of Lima (latitude 12°4'S, longitude
77°4'W), in Peru (see Fig. 1). According to the Képpen-Geiger Climate
Classification, Lima is officially classified as having a hot desert climate
(Bwh) [18]. However, Lima’s average temperature is lower than that of
a typical Bwh area [19], and its high annual relative humidity levels
make Lima humid and subtropical, with mostly cloudy days in winter
[201], giving the city a uniquely distinctive climate for the region. Lima’s
climate peculiarities make it attractive to evaluate the long-term per-
formance of PV modules. The laboratory is well-equipped with meteo-
rological sensors to monitor broadband and spectral irradiance, ambient
temperature, wind speed, and moisture, as well as monitor the perfor-
mance of different PV module technologies, as depicted in Fig. 1 (a).

Fig. 1 (b) illustrates the schematic of the monitoring setup. The
multiplexer system allows for the individual tracing of the I-V curve
alongside the synchronized meteorological measurements. The setup
executes this process sequentially for each module.

The modules are tilted at 20° facing north. The I-V tracer is based on
a capacitive load, as detailed in Montes-Romero et al. (2017) [21] and
employed in Sevillano-Bendezi et al. (2024) [20]. The I-V tracer
exhibited very low uncertainties of around 0.58 % for the short-circuit
current (I;.) and 0.23 % for the open-circuit voltage (V,) in Ref. [22].
The setup uses two digital multimeters, Keysight 34465A, to measure
the I-V curve of each module, with recording times ranging from 2 to 40
s depending on the current and irradiance. We measured the broadband
irradiances, including Global Horizontal Irradiance (GHI) and
plane-of-array irradiance (Gpoe), with two EKO MS-80 pyranometers,
while an EKO MS711 spectroradiometer captures the spectral irradiance
in the plane-of-array. We placed the spectroradiometer horizontally
from 2023 on. Using spectral data, we calculated the Average Photon
Energy (APE) within the range of 350-1050 nm, as detailed in Ref. [23].
This index indicates whether the solar spectrum is bluer or redder than
the AM1.5G spectrum, depending on whether it is higher or lower than
1.876 eV (the APE for the AM1.5G spectrum [24,25]), respectively.

We defined the module temperature as the average of the tempera-
tures measured using two class B sensors at the PV modules’ rear side
center and corner. We synchronously measured the I-V curves for each
PV module every 5 min with all meteorological parameters. Addition-
ally, we cleaned the modules ~ biweekly to minimize soiling losses. For
more details on the PV module characterization system and its compo-
nents, see Conde et al. (2019) [26].

Table 1 summarizes the equipment used for data collection,
including the brand and model.
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Fig. 1. Outdoor Photovoltaic Research Laboratory in Lima, Peru: (a) Photograph of the studied c-Si and thin-film PV module technologies and the meteorological
sensors employed. (b) Schematic view of the laboratory setup, including PV modules, control box (CB), I-V tracer with digital multimeters, pyranometers, spec-

troradiometer, weather station, and monitoring PC.

This study selected eight PV modules using different technologies.
Based on crystalline Si (c-Si) wafer: p-type multi-crystalline Si (mc-Si)
Aluminium Back Surface Field (Al-BSF), n-type monocrystalline Si
(mono-Si) Heterojunction with Intrinsic Thin layer (HIT), n-type mono-
Si Passivated Emitter Rear Totally diffused (PERT), n-type mono-Si
Interdigitated Back Contact (IBC), p-type mono-Si Passivated Emitter
and Rear Contact (PERC), and based on a thin-film absorber material:
Amorphous silicon/microcrystalline silicon (a-Si/pc-Si) tandem, amor-
phous silicon (a-Si), and Copper Indium Gallium Selenide (CIGS).

Table 2 presents an overview of the electrical characteristics of the
PV modules under Standard Test Conditions (STC), including the
maximum power, efficiency, Is, Vo, the current (Inmp) and voltage (Vimp)
at maximum power, the temperature coefficients for power (y), current
(a) and voltage (), and nominal operating cell temperature (NOCT). We
derived these parameters and inferred the approximate year of release

from the datasheets.

Fig. 2 illustrates the annual percentage of power delivered by the HIT
module in 2022 as a function of irradiance and module temperature.
Based on the available data, achieving STC conditions in Lima is un-
likely, as there are no data points corresponding to 1000 W/m? and 25
°C. Consequently, the nominal parameters appear unrealistic for fore-
casting the energy yield under field conditions. Furthermore, two
notable regions exhibit the highest productivity: the first occurs under
low-irradiance conditions between approximately 200 and 400 W/m?,
primarily associated with the frequent cloudy skies in winter; the second
appears around 1000 W/m?, corresponding to the frequent clear skies
mainly in summer, as reported in [20].
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Fig. 2. Percentage of annual power for the HIT module in 2022 as a function of
the plane of array irradiance and the module temperature.

Table 1
Measurements setup description.
Measurement Measuring instrument Brand/Model
I-V curve Capacitive load I-V tracer [20-22]
Tmod Pt100 Class B RS/RTF-100-S4B-2.0-C8
Tamp Weather Station Lufft/WS 500
Gproa Pyranometer EKO/MS80
GHI Pyranometer EKO/MS80
Spectra Spectroradiometer EKO/MS711

2.2. PV technology-related spectral information

We retrieved spectral response data for the eight PV technologies
from previous studies. These include Al-BSF, PERC, and PERT from
Bryan et al. (2022) [29], a-Si/uc-Si from Ye et al. (2014) [27], HIT and
IBC from Chantana et al. (2017) [28], and CIGS and a-Si from Sevilla-
no-Bendezi et al. (2023) [24]. Subsequently, we calculated the relative
External Quantum Efficiency (EQE) spectra, as outlined in Sevillano--
Bendezi et al. (2023) [24]. EQE spectra are commonly used to represent
the spectral behavior of a PV generator. Fig. 3 illustrates these relative
EQEs with their corresponding calculated bandgaps.

2.3. Climatic effects corrections and performance metrics

This work calculates and corrects performance metrics, assuming the
rated values (nameplate) in Table 2 as reference and initial state pa-
rameters. We conducted temperature corrections following the IEC
61724-1:2021 [30], utilizing T,,,q and STC-y as primary inputs. We
relied on the Spectral Mismatch Factor (SMM) from IEC 60904-7:2019
[31] to perform the spectral corrections for the single junction

Table 2
Main rated parameters of the 8 PV modules from the manufacturer datasheets.
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technologies, utilizing the spectral responses (relative EQEs) from Fig. 3
and measured spectra as inputs. In the case of the a-Si/pc-Si tandem
module, the spectral correction accounted for the current-matching ef-
fect by selecting the SMM of the current-limiting subcell, as adapted
from Rodrigo et al. (2017) [32]. The spectral correction covered the
300-4000 nm range by extrapolating the measured spectra [23].

This study covered the most common performance metrics on the
module level, incorporating each climatic correction described above as
follows.

2.3.1. Module Performance Ratio
The MPR definition is equivalent to that of the PV system perfor-
mance ratio [33].

Ymod _ Emod / P STC

MPR = =
Yf  Hpoa/Gsrc

@

The module Energy Yield (Yq) and the Reference Yield (Y,) represent
the ratios of integrated energy (E,,q) and irradiation (Hpps) to power
and irradiance under STC (Psr¢ and Gsrc).

MPR is intrinsically linked to local climatic conditions. In this paper,
we quantify the impact of Ty, variations (AMPR remperamre) 0N PV per-
formance by calculating the difference between the temperature-
corrected MPR (MPR7_25:¢c).) and the uncorrected MPR. Conversely,
the effects attributed to shifts in spectral distribution (AMPRpecirum) are
evaluated by examining the difference between the spectrum- and
temperature-corrected MPR (MPR?:{;ﬁVg'SG) and the MPRr_25:c. Both
metrics are expressed as percentage changes, indicating performance
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(1.15eV) (1.13eV) (1.99eV) (1.84eV)
HIT PERC a-Si/HC-Si sottom CIGS
(1.11eV) (1.12eV) (1.33eV) (1.16eV)
PERT

(1.10eV)

= o e
EN o ©

Relative EQE (*)

S
N

1200

600

800 1000
Wavelength (nm)

1400

Fig. 3. Relative EQEs of the 8 different PV technologies and the AM1.5G
photon flux in the background [24,27-29]. The corresponding calculated
bandgap energy of the absorber material is indicated in brackets and marked by
vertical dotted lines.

Tech Approx. Year of release Max. Power (W) Efficiency (%) Iy (A) Voe (V) Inmp (A) Vip (V) 7 (%/C°) a (%/C%) B (%/C°) NOCT (°C)
Al-BSF 2016 270 16.5 9.32 37.9 8.75 30.8 —0.41 0.053 —0.32 45
HIT 2016 330 19.7 6.07 69.7 5.7 58.0 —0.26 0.055 -0.23 44
PERT 2019 345 20.1 10.57 41.2 9.89 34.9 -0.36 0.030 -0.27 42
IBC 2018 370 21.4 10.82 42.8 10.01 37.0 —0.30 0.040 —-0.23 44
PERC 2019 315 19.3 9.92 40.73 9.49 33.2 -0.39 0.040 -0.27 43
a-Si/pc-Si 2011 128 9.0 3.45 59.8 2.82 45.4 —0.24 0.070 —0.30 44
a-Si 2008 60 6.31 1.19 91.8 0.9 67.0 —-0.23 0.075 —0.31 44
CIGS 2017 115 14.3 2.07 77.2 1.94 59.3 —-0.23 0.011 —0.30 46
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gains or losses relative to zero.

2.3.2. Effective nominal power

The operational effective nominal power (Pp,n) of a PV module re-
flects its power during operation, translated to STC. This metric is
determined by correcting for temperature losses and considering high
irradiances. Pp,, encapsulates the impact of on-field phenomena such as
module degradation and other losses like spectral mismatch and soiling,
distinguishing it from Pgr¢. In this study, Pnom Was calculated using the
Kernel Density Estimation (KDE) approach as proposed by Angulo et al.
(2024) [34].

2.3.3. Module Performance Index

Additionally, this study employed the Sandia Array Performance
Model (SAPM) to electrically simulate each PV module, which computes
the performance parameters, including V,, I, maximum power point
voltage (Vyp), and maximum power point current (I,;,). The main inputs
comprise spectrally corrected Gy, and the measured T;,.q. We calculated
expected power by simply multiplying Vi, and I;. The ModelChain
class in pv1ib includes the SAPM model functionalities [35].

The MPI of the power output serves as a quantitative measure of the
ratio between the actual delivered power of a PV module and its ex-
pected value [36]. Based on this definition, we similarly computed the
MPI of V., I, and FF using the expected Vi, Imp, Voc, Isc.

2.3.4. Performance loss rate

The PLR metric quantitatively represents the variations in PV per-
formance relative to an initial state, commonly reported in %/year. This
study examines three PLR linear statistical models: OLS, YoY, and CSD.
Each model includes a Monte Carlo-derived confidence interval (CI), as
detailed in the RdTools documentation [16]. Our high-quality data
supported using the 95 % CI, as recommended by the IEA PVPS report
[12]. The ensemble approach combines different pipelines to create a
single representative mean inlier PLR (PLR) from these pipelines [15].
This study adapted the ensemble approach to encompass nine pipelines
combining the MPR, P,,, and power MPI metrics alongside the OLS,
YoY, and CSD statistical methods. We stuck to the five-step data work-
flow according to Lindig et al. (2022) [13], comprising: (a) Data quality
analysis, (b) Cleaning and filtering, (c) Performance metric selection, (d)
Feature corrections (e) Statistical model applications.

The following subsection outlines the general data processing pro-
cedures, including those followed by the PLR data workflow.

2.4. Data processing

Lindig et al. (2024) [37] emphasize the importance of data cleaning
and filtering to derive reliable outcomes and valuable insights from KPI
calculations. Our study initially excluded measurements from days
characterized by scarce data availability of commonly peak illumination
hours. We established criteria for a valid measurement day, requiring at
least 80 % of measurements for Angle of Incidence (Aol) less than 40°.
We reinforced this approach by implementing specific custom filters and
constraints tailored to the measurement context (e.g., weather analysis,
PV performance metrics calculation), which included the utilization of
complete-year datasets to mitigate biases and uncertainties depending
on the specific KPI. Thereby, we applied the following threshold to
weather measurements when independently plotted.

® 5 < Gpog < 1500 W/m?

e 10 < Tgmp < 35 °C, adjusted to Lima’s weather

e APE and SMM constrained to Aol < 60° (to avoid the influence of
large spectral variation in early mornings and late afternoons)

We implemented data-driven filters on the I-V curves utilizing the
ubiquitous instantaneous nominal power (power X Ggrc/ Gpoa) along-
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side key performance parameters, namely power, V,., and fill factor
(FF). We ensure the distribution of these parameters is preserved within
an integer distance of standard deviations from the mean in their
respective units. We chose between 3 and 6 standard deviations
depending on the PV technology, aiming to keep as many measurements
as possible while removing outliers and malfunctions. Furthermore, a
comprehensive visual inspection facilitated the exclusion of any
remaining outliers within distributions that exhibited asymmetrical
characteristics relative to the mean. Additionally, we systematically
excluded IV curves corresponding to power outputs below 25 W/m?.
The parameters above were essential to assess performance metrics,
besides supplementary measurements required for temperature, spec-
trum corrections, and aggregations. To this end, we confined Gy, to the
previously indicated range and set T}, between 13 and 70 °C, while we
did not impose restrictions on the SMM when associated with perfor-
mance metrics calculations.

We conducted aggregations over various time intervals, including
days, weeks, months, and years, the last based on a complete operational
cycle of 365 days. We differentiated the annual aggregation from the
annual daily average, which is the simple average of daily aggregations,
thereby yielding crucial statistical insights into a representative daily
performance metric over a year. Additionally, we incorporated the
complete datasets for the PLR calculation to capture most of the avail-
able intrinsic loss phenomena. Nonetheless, given the evident seasonal
variations in the PR, we utilized only complete year datasets for this
analysis. Finally, we truncated the measurement periods to facilitate a
more equitable comparison in benchmarking the eight PV technologies.
This meticulous collection of methodologies enabled a thorough anal-
ysis. In the results section, we specify the selected period for each
analysis to clarify its intended purpose.

3. Results and analysis
3.1. Main meteorological parameters influencing the PV performance

The MPR indicates the performance of PV modules under real-world
climatic conditions relative to their expected performance under STC.
Consequently, this indicator represents an instrumental measure in
elucidating how different climatic variables affect the performance of
various PV modules [33]. The IEA-PVPS T13-20 report [38] provides a
comprehensive overview of the principal factors affecting the MPR,
including the significance of module temperature and variations in
spectral distribution as key influencers. We thoroughly analyzed both
influential parameters over a period exceeding five years of operation.

Table 3 illustrates the annual average of daily aggregations for both
parameters and Y.y, including their five-year average and CIs. We
computed the daily T, by averaging the data collected during daylight
hours, and we calculated the daily APE weighted by the corresponding
irradiance. Our findings indicate a decline in Y,,s during the initial years,

Table 3

Annual average of daily aggregated climatic parameters (Yo, Tomp, APE): Per
twelve-month period from Mar-2019 to Feb-2024 and the total average (5-year)
including the confidence interval.

Site- First Second Third Fourth Fifth 5-year
specific year year year year year average and
features Cl
Yrer 3.95 3.92 3.71 4.26 4.43 4.08
(kWh/ [3.99, 4.18]
kw/
day)
Diurnal 19.36 18.76 18.34 18.43 21.86 19.44
Tamb [19.29,19.6]
(9]
APE 1.925 1.917 1.918 1.914 1.921 1.917
(eV) [1.916,1.917]
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followed by an increase in the final two years, culminating in an average
of 4.08 kWh/kW/day across the five years. The annual trends of Y,
positively correlate with those of Tg,;. As anticipated, the measured
diurnal T, exhibitis an annual average of about 19.44 °C, below yearly
temperatures generally observed in hot deserts globally [19]. The
spectral distribution, represented by the APE, maintains an almost
consistent average of approximately 1.92 eV despite transitioning the
spectroradiometer from the POA to the horizontal plane in 2023. This
observation contributes to a broader, long-term understanding consis-
tent with the findings reported by Conde et al. (2021) [39] and Sev-
illano-Bendez1 et al. (2022) [25]. Lima exhibits a blue-shifted spectral
distribution over the recording period, primarily due to its low latitude,
as Sevillano-Bendez et al. (2023) [24] indicated. Fig. A.1 in Appendix A
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outlines the Y., Tymp, and APE trends over different time aggregations.

3.1.1. Module temperature effects on PV performance

Fig. 4 illustrates the influence of T,,,q variations on the MPR for each
of the eight PV modules represented by AMPR emperature- It also delineates
the seasonal fluctuations of the Y., and T,,;. An examination of the data
reveals that the trends of the Y, and Ty, exhibit a noteworthy simi-
larity, albeit with irregular temporal shifts. Furthermore, both param-
eters demonstrate distinct seasonality, characterized by peak values
during the summer months and troughs in the winter. The c-Si-based PV
solar devices generally demonstrate higher y compared to thin-film PV
devices [40]. Both y and Tpq significantly influence AMPRemperature-
Consequently, the y s listed in Table 2, when analyzed in conjunction
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with the average T4, provide a meaningful framework to explain the
disparities in average AMPR emperature across the various PV modules. The
Al-BSF and PERT modules exhibit the most substantial losses among the
¢-Si modules, while the PERT module marginally surpasses the Al-BSF
module. We attribute this observation to the PERT increased T4, as
indicated in Table 4, which notably exceeds expectations based solely on
the opposing effects of y s shown in Table 2. The PERC module presents a
higher absolute y compared to PERT. Conversely, the average Tpq
demonstrates the opposite and prevailing influence on AMPR emperature-
HIT and IBC modules benefit from smaller absolute y s among their c-Si
module counterparts, leading to the smallest average AMPR emperature- In
contrast, the diminished absolute y of thin-film PV modules results in a
comparatively more minor absolute AMPR emperamre- Furthermore, the
increased average Tpog in a-Si and CIGS technologies contribute to a
higher loss in AMPR temperawre Telative to the a-Si/pc-Si configuration. The
seasonality of AMPRemperamre €xhibits an inverse relationship with the
seasonality of T,,,q and is proportional to the standard deviation (std)
observed in the corresponding histograms. Notably, the AI-BSF and
PERT modules demonstrate the most significant losses and seasonal
variations compared to others. In contrast, the IBC and HIT modules
report the lowest fluctuations among mono-Si PV modules. For the
thin-film PV modules, the impact of T,,q appears to remain relatively
consistent across the different types. Additionally, Fig. 4 presents the
annual aggregated AMPR emperaure; Which tends to exceed the average
values of daily aggregations. This discrepancy can be attributed to the
arithmetic nature of calculating the simple average of daily
AMPR temperamre- Nevertheless, the overall trends appear to be consistently
maintained.

3.1.2. Solar spectrum variation influences on PV performance

Fig. 5 illustrates the monthly trends of spectral effects on the MPR via
the AMPRgecirum- The APE exhibits limited seasonality, predominantly
attributable to the low latitude, as observed by Sevillano-Bendezi et al.
(2023) [24]. The mono-Si modules indicate spectral losses ranging from
—0.7 % to —1.5 %, with the HIT PV module demonstrating the most
significant losses, indicating heightened sensitivity to spectral varia-
tions. Conversely, the IBC module experiences the least daily influences.
Among the thin-film PV technologies, the CIGS PV module is subject to
relatively minor spectral variations, revealing daily losses of —0.6 %.
Notably, the a-Si module shows average daily gains of 5.7 %, out-
performing and reversing the trend of the other technologies. Despite
changes in the inclination plane from 15° to horizontal in 2023, APE and
SMM maintain consistent daily trends over time. This constancy is likely
due to the optimal inclination angle being minimal at low latitudes,
thereby rendering the change in spectral distribution insignificant on a
horizontal plane. The annual aggregations of AMPRpecrum, depicted in
the bottom of Fig. 5, are approximately aligned with the average values
of daily aggregations, indicating a strong similarity of the calculation
methodologies for daily and annual averages, in contrast to the aggre-
gations in AMPR emperature- Fig. A.2, A.3, and A.4 outline the trends under
various aggregation periods—daily, weekly, monthly, and annual—of
MPR, MPRy_25:c, and MPRY ;AM1-5¢  respectively. Table A.1 in Appen-
dix A summarizes the annual aggregated MPRs for each PV module
across all analyzed years. Notably, the MPR of the a-Si PV module sur-
passes 100 %. This phenomenon is mainly attributable to the spectral
gains exhibited by this module, particularly under Lima’s blue-shifted
spectrum.
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3.2. Long-term PV module performance comparison

PV modules in the field are continuously subject to both intrinsic and
extrinsic effects throughout their operational lifespan. An estimate of
these influences is essential for conducting a long-term comparative
analysis of PV modules. This study relies on the PLR to capture these
effects.

3.2.1. PLR analysis

Fig. 6 depicts the MPI-based PLR utilizing various statistical methods
throughout the entire recording period, including partial years. MPI
enables the definition of PLR concerning several performance parame-
ters, namely power output, V,, I, and FF. Fig. 6(a) shows the power-
based PLR. We added PLR based on the Pp,, metric and the OLS
approach to serve as a reference and exemplary pipeline based on a
dissimilar metric. Notably, despite the inherent differences among the
PLRs, significant overlap in the CIs often occurs, indicating the feasi-
bility of integrating various performance-related methodologies to
derive the consolidated PLR [13]. Across all evaluated cases, the CSD
methodology exhibits a relatively narrow CI, primarily influenced by the
interpolation performed to deal with missing data, particularly for this
statistical method. The YoY method showed robustness and accuracy
within linear statistical methods [11]. In this study, the YoY method
yields the most extensive CI, effectively capturing a broad spectrum of
losses that do not fit a single linear regression. This discrepancy is
particularly pronounced for the a-Si module, where the YoY and OLS CIs
suggested statistically distinguishable PLRs. Moreover, data availability
presents a critical consideration, as evidenced by the PERC module,
which shows a pronounced increase in CI, attributable to the limited
dataset encompassing only 2.6 years of observations. To report a
comparative PLR effectively, we adopt the ensemble approach, which
integrates metrics of MPR, MPI, and Py, as the three relevant metrics
alongside the three statistical methodologies of OLS, YoY, and CSD. This
comprehensive strategy encompasses a total of nine distinct analytical
pipelines, which will be presented in the subsequent subsection.

Fig. 6(b), (¢), and (d) illustrate the PLRs for V,, I, and FF, respec-
tively. We apply the three statistical methods to analyze each parameter:
OLS, YoY, and CSD. The PLRs for V,. hover around zero, typically
ranging from —0.5 % to 0.4 %. In contrast, the PLRs for I, and FF exhibit
a broader spectrum of variation, which is especially significant for I.
These observations are consistent with the underlying physics of PV
modules and their degradation mechanisms. V,, is primarily governed
by the intrinsic properties of the cells, such as the semiconductor ma-
terial’s bandgap and the quality of the active junction region. This
fundamental dependence, coupled with its logarithmic relationship to
current, inherently renders V,. less susceptible to certain degradation
factors [41]. Consequently, the narrow range of V,, PLRs suggests that
these electrical characteristics and the integrity of charge separation
would persist over the observed period, withstanding potential extrinsic
influences such as minor increases in surface or interfacial recombina-
tion. Conversely, I is directly proportional to the number of absorbed
photons and the efficiency of charge carrier collection [42]. Thus, I
stems highly susceptible to external factors, such as soiling, encapsulant
discoloration, and any internal defects that reduce the active area or
hinder carrier collection, leading to more pronounced performance
losses. Similarly, FF is a strong indicator of the module’s overall elec-
trical integrity. Its PLR is often influenced by a combination of other
losses, particularly being highly sensitive to increases in series resistance
due to factors such as degrading interconnects and solder joints, as well

Table 4
Irradiance-weighted T,,,q over complete years of operation.
Al-BSF HIT PERT IBC PERC a-Si/pe-Si a-Si CIGS
G-weighted Tpoa (°C) 36.05 36.55 36.77 35.70 34.89 35.18 36.17 36.51
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gregation for each year.

as decreases in shunt resistance from the formation of leakage paths
[43].

Within this narrow range of V, variation, the IBC module notably
exhibits the highest losses, recording a PLR of about —0.5 %. This higher
PLR for V, in IBC modules might be due to the sensitivity of their so-
phisticated rear-contact passivation layers to long-term field exposure.
Its PLR for I, remains around —1 %, similar to most other modules, and
the FF appears stable, with no significant losses or gains over time [44].
Conversely, the CIGS module shows slight improvements in V,. across
all three statistical methods and minimal FF losses. These V. increases

are typical of certain thin-film technologies, often due to beneficial
light-induced stabilization effects [45]. However, its PLR for I, is more
negative than that of the other modules. This may suggest a greater
vulnerability to degradations and losses that affect charge collection
pathways in the CIGS device structure [46].

Furthermore, the FF losses observed in the PERT module are com-
parable to those in a-Si. The typical bulk properties degradations of a-Si
anticipate an increase in defects, which would adversely affect the FF by
diminishing shunt resistances in the cells [47]. Conversely, for the PERT
module, where bulk material properties are usually highly optimized for
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efficiency, the observed PLR of FF may mainly be affected by an increase
in series resistance or a decrease in shunt resistance over time. Elec-
troluminescence images, while not presented here, did not reveal
correlative evidence with these observations. A more thorough investi-
gation into these phenomena necessitates a forensic analysis, which
exceeds the constraints of the current study.

3.2.2. PV module benchmarking

This subsection aims to synthesize the results within the context of a
benchmarking application.

The comparative table in Fig. 7 outlines key performance features of
different PV modules, showing their nameplate efficiency, the average
daily aggregated MPR over four complete years of operation (4-y MPR),
except for the PERC module, which considers only two complete years of
data for the 4-y MPR calculation, and the main factors causing losses in

Benchmarking mid-term PV module performance
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PV performance. The daily average AMPRemperare and AMPRgpecirum
encompass only complete years (all available) to reflect climatic impacts
over time better, mitigating potential seasonal bias.

The PLR derived from the ensemble approach provides a singular
average value based on nine different PLR pipelines (see Fig. A.11 in
Appendix A). We applied a similar procedure to estimate representative
CIs. Intriguingly, the loss factors we examined align well with the annual
aggregated MPR after correcting for losses in both the first and last
complete years of operation, as illustrated in Fig. A.5 in Appendix A.
This alignment indirectly validates this study’s methodology.

Incorporating loss corrections for each year of operation allowed for
identifying consistent average annual residual losses, designated as
AMPR yhers and included in the comparative table in Fig. 7. These losses
appear relatively stable and capture additional factors affecting PV
performance not explicitly addressed within this study, such as low
irradiance effects, angular losses, seasonal soiling accumulation, shad-
ings, and undetected malfunctions [48]. Decoupling the various in-
fluences on AMPR,p.s is challenging due to the site-specific
complexities of each of the remaining loss factors exhibited. Developing
a precise statistical estimation of these influences extends beyond the
confines of the present research.

The radar chart in Fig. 7 illustrates the relative comparison of two
primary performance metrics, 4-y MPR, and the PLR, alongside rated
efficiency. These metrics are normalized on a scale from 0 % to 100 %,
wherein a score of 0 % indicates the lowest efficiency, performance, and
most negative PLR. In comparison, 100 % signifies the module with the
highest efficiency, 4-y MPR, and the least negative PLR. We labeled each
PV module with its approximate year of release, as inferred from the
corresponding datasheet.

AMPR s and PLR extend up to the maximum of complete available
years and the entire dataset (including incomplete years), respectively.
Notably, the PERC module is limited by only 2.6 years (or two complete
years). 4-y MPR establishes the boundaries for comparing the modules’
performance within a similar period of outdoor exposition. Conversely,
PLR introduces a perspective of long-term performance, assuming that
performance losses will exhibit a linear behavior over the module’s
operational lifespan.

The a-Si module reveals the highest 4-y MPR, getting closer to 100 %.
This phenomenon can be attributed to the significant spectral gains
discussed earlier. Moreover, the a-Si module demonstrates a PLR of
—1.3 %/year, which is considerably high among the modules studied.
This module is also the least efficient and oldest, according to its
approximate year of release. Although the a-Si/pc-Si-based module has
the second-lowest nameplate efficiency, it registers the best PLR among
the studied modules, contributing to its high 4-y MPR of 91.8 % and
making it the most conservative in efficiency and performance across the
four years.

The CIGS module is observed to have the second-lowest 4-y MPR
relative to the studied modules. Data illustrate that it carries the highest
estimated residual losses, a factor that significantly contributes to its
diminished 4-y MPR. While exhibiting the lowest nameplate efficiency
among c¢-Si modules, the Al-BSF module has the best PLR, excluding the
PERC module, which maintains an optimistic PLR influenced by its
shortest exposure time relative to the other modules.

The IBC module features the highest nameplate efficiency; however,
it records the lowest 4-y MPR, and its PLR is among the worst, similar to
that of the PERT module, notably impacted by associated remanent
losses. The HIT module ranks third in nameplate efficiency, achieving a
value of 19.7 %, with a commendable PLR of —1.13 %/year, marking it
as one of the leading performers among the mono-Si PV modules.
Table A.2 in Appendix A complement this analysis by incorporating the
expected Y4 for each PV technology.

To contextualize our results, we compared the ensemble PLR s
against established global benchmarks for long-term PV degradation.

10

Renewable Energy 257 (2026) 124732

The established literature median for c-Si technologies is —0.5 to —0.6
%/year, as reported in Jordan et al. (2016) [49]. Our c-Si modules
(Al-BSF, HIT, PERT, IBC) showed PILR s ranging from —0.90 %/year
(PERC, noted as optimistic due to short duration) to —1.61 %/year
(PERT), generally exceeding this median, but remaining within the ex-
pected range for non-accelerated degradation, especially considering
the global mean c-Si degradation is < —0.9 %/year [49]. Notably, our
HIT module PLR aligns closely with the reported global ~1 %/year
average for its technology. For thin-film technologies, our results are
consistent with the reported rates exceeding —1 %/year, specifically a-Si
(—1.3 %/year) and CIGS (—1.1 %/year). However, our a-Si/pc-Si mod-
ule shows a remarkably low PLR of —0.69 %/year. The overall slightly
elevated PLR s could be associated with Lima’s high humidity, high UV,
and ambient temperature combination, which could impact degrada-
tion. Furthermore, our methodology adheres to the IEA PVPS Task 13
framework for minimizing inaccuracies and providing consistent PLR
estimates [12].

3.2.3. Example: projected performance over a 25-year horizon

To offer a valuable comparative assessment of PV module technol-
ogies, we project their estimated long-term performance over a 25-year
horizon. This assessment quantifies the useful energy percentage over 25
years to benchmark the suitability of the module. We derive this per-
centage in Equation (B.8) of Appendix B. It is crucial to note that
accurately modeling long-term Performance Loss Rates (PLR) involves
inherent complexities; therefore, we detail the significant simplifying
assumptions underpinning this projection in Appendix B. Consequently,
this rough estimate should be treated cautiously, serving as a rule of
thumb rather than an exact quantitative result.

Utilizing this approach and inputs from the comparative table in
Fig. 7, our estimates indicate that the HIT module would utilize
approximately 15 % of the incident cumulative irradiation over 25 years
of operation as seen in Table A.3 in Appendix A. The IBC module follows
closely with an estimated utilization of 14.6 %, PERT at 14.5 %, and Al-
BSF at 12.5 %. Notably, PERC demonstrated an enthusiastic utilization
figure of 15 %, but we should be cautious in interpreting this result since
mainly its PLR comes from a shorter examination period.

Therefore, under this simplified approximation, the 2016 HIT mod-
ule appears to outperform both the 2018 IBC and 2019 PERT modules in
terms of performance. Furthermore, the thin-film PV modules, specif-
ically a-Si, CIGS and a-Si/pc-Si, reported utilization percentages of 5.3
%, 10.6 %, and 7.6 %, respectively. Using a similar approach, we esti-
mate the MPR after 25 years of operation and its expected actual effi-
ciency. Table A.4 in Appendix A summarizes all these estimates and the
above results. We validated this approach by predicting the annual
aggregated MPR for a specific year of operation, as detailed in Table A.3
in Appendix A. The results indicate an absolute error of less than 1 %.

A more robust estimate would consider accurate models for long-
term PLR behavior over the lifespan of the PV modules. Additionally,
it is imperative to contrast the results in economic terms, a consideration
that extends beyond the current analysis.

4. Conclusions

We conducted a long-term performance assessment of Al-BSF, HIT,
PERT, IBC, PERC, a-Si/pc-Si, a-Si, and CIGS PV modules in Lima, a
subtropical, desertic, and low latitude site. This analysis involved the
calculation of different performance metrics, the primary factors being
MPR and PLR. We represent climatic influences on performance as
AMPR emperature and AMPR pecirum , Which are related to the variation of
Tmoq and spectral distribution, respectively. We report that the y and the
Tmod Play an important role when comparing AMPR temperature @mong the
different PV technologies. Conversely, c-Si PV modules tend to exhibit a
higher AMPR emperauure than thin-film PV modules, mainly motivated by
the influence of the y. However, such trends within the two groups of
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modules can be reversed due to the influence of T;,,3. Among the c-Si PV
modules, the PERT module exhibited the largest influence on
AMPR emperarure Of around —4.3 %, while IBC exhibited a low —2.7 %.
The spectral influence represented by AMPRgpecum remained between
—0.7 and —1.5 % for the c-Si modules. However, among the thin-film PV
modules, the a-Si module proved to reverse the trend of the other
technologies by demonstrating a gain of 5.7 %, outperforming in abso-
lute value the spectral influences of the other modules. We analyzed the
PLR for different performance parameters, including the power output,
Voe, Isc, and FF. Overall, the losses in V,. were minimal, typically staying
above —0.5 % and below 0.4 %. In contrast, I, demonstrated a wider
range of degradation, with CIGS values approaching nearly —2.0 %.
Meanwhile, the losses in FF were unexpectedly more significant for the
PERT module, and comparable with the a-Si module. Using nine
different PLR pipelines allowed us to apply the ensemble approach to
obtain a single and reliable PLR. The c-Si PV modules demonstrated
PLRs between —0.9 and —1.6 %/year. The PERC module had the lowest
value, but the brief exposure time relative to the other modules
contributed to the optimistic PLR observed. Meanwhile, the PERT
module presented the most negative PLR. Benchmarking the ensemble
PLRs showed that our c-Si module results generally exceed the global
median of —0.5 to —0.6 %/year, suggesting that Lima’s unique combi-
nation of high humidity and intense UV radiation may have a detri-
mental effect that accelerates degradation processes. The detailed
analysis of the loss factors, including residual losses, enabled us to
benchmark the performance of the eight PV modules. For this exercise,
we roughly estimate the useful energy over 25 years of operation by
significantly simplifying the complex behavior of PLR as a linear func-
tion of time. The HIT module, approximately released in 2016, achieved
the highest score, delivering 15 % of useful energy from the cumulative
irradiation over 25 years of operation, thus surpassing the 2018-IBC and
2019-PERT PV modules, which fell behind at 14.6 % and 14.5 %,
respectively. In contrast, PERC obtained a high result of 15 %, influ-
enced by its PLR, which is likely biased by the short study period. These
benchmark results represent a broad technical study of the performance

Appendix A

Reference
Yield (kWh/kw/day)

N
P
€=

Average Tamp. (°C)
N
=3

G-weighted APE (eV)
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of different technologies for this particular site.
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Fig. A.4. MPRSZAMLSG under different aggregations Daily, Weekly, Monthly and Yearly for the eight PV modules

Table A.1

Annual MPR per year of operation for each PV module
Technology Annual aggregated MPR (%)

First Second Third Fourth Fifth

Al-BSF 86.89 85.82 84.37 83.83 82.76
HIT 88.98 88.09 87.07 86.23 84.36
PERT 90.26 88.62 87.22 85.43 -
IBC 87.14 85.14 83.88 82.12 -
PERC 88.47 86.52 - - -
a-si/pe-Si 91.91 90.95 91.13 89.79 89.59
a-Si 100.75 95.29 95.07 95.36 -
CIGS 86.98 86.08 85.42 83.89 -
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produces a linear loss proportional to the year of operation.
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Fig. A.6. V,. MPI under different aggregations: Daily, Weekly, Monthly and Yearly for the eight PV modules
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Fig. A.8. Voltage at maximum power point (Vi)
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Fig. A.7. I, MPI under different aggregations: Daily, Weekly, Monthly and Yearly for the eight PV modules
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Fig. A.9. Current at maximum power point (I,,) MPIunder different aggregations: Daily, Weekly, Monthly and Yearly for the eight PV modules
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Summary of key performance metrics: Yy, 4-y MPR, and estimated Y,,q. We calculated Yy,,q by multiplying Y times the 4-y MPR.

Tech Only 4 years of data (Except for PERC which has only 2 complete years)
Yrer (kWh/kW/day) 4-y MPR (%) Ymod = Yrer X MPR, for 4 years (kWh/kWp/day)
Mean CI Mean CI Mean CI
Al-BSF 4.02 [3.91,4.13] 86.76 [86.51,87.02] 3.49 [3.39,3.58]
HIT 4.03 [3.92,4.14] 88.68 [88.50,88.88] 3.57 [3.48,3.67]
PERT 4.13 [4.02,4.23] 89.14 [88.89,89.40] 3.68 [3.59,3.78]
IBC 4.13 [4.02,4.23] 85.37 [85.17,85.57] 3.52 [3.43,3.61]
PERC 4.25 [4.11,4.39] 88.50 [88.23,88.78] 3.77 [3.64,3.89]
a-Si/pe-Si 3.94 [3.83,4.05] 91.80 [91.63,91.97] 3.62 [3.52,3.72]
a-Si 4.07 [3.96,4.18] 97.22 [96.99,97.48] 3.96 [3.85,4.06]
CIGS 4.09 [3.99,4.20] 85.92 [85.75,86.08] 3.52 [3.43,3.61]
Table A.3

Approximate performance projections over 25 years of field exposition.

Tech (Approx. year of Rated efficiency Estimate MPR after 25 years of Estimate Efficiency after 25 years of Approximate utilized energy over 25-
release) (%) operation (%) operation (%) years (%)

Al-BSF (2016) 16.5 64.10 10.58 12.54

HIT (2016) 19.7 62.74 12.36 15.04

PERT (2019) 20.1 52.86 10.63 14.50

IBC (2018) 21.4 49.27 10.54 14.64

PERC (2019) 19.3 66.85 12.90 15.00

a-Si/pc-Si (2011) 9.0 76.34 6.87 7.61

a-Si (2008) 6.31 67.84 4.28 5.27

CIGS (2017) 14.3 61.63 8.81 10.65

Table A.4

Validation of the approximate performance projection method by comparing annual aggregated MPR vs estimate annual MPR.

Tech Years of operation MPR (%) Estimate MPR (%) Absolute error in estimating the MPR (%)
Al-BSF 5 83.95 83.91 0.04
HIT 5 85.05 85.43 0.37
PERT 4 86.68 86.62 0.06
IBC 4 83.02 82.72 0.30
PERC 2 87.48 87.65 0.17
a-Si/pc-Si 5 90.15 90.04 0.10
a-Si 4 95.96 95.13 0.83
CIGS 4 84.10 84.16 0.05
Appendix B

For this analysis, we primarily assume that the total annual irradiation of an arbitrary i-year of operation, H; = H + 6H;, experiences only slight
variations from the average irradiation (i.e., 5H;<H), and such deviations (6H;) follow a quasi-normal distribution, so that, over N years of operation

we can approximate:
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N J—
Z H; ~ NH B.1
i=1

Furthermore, the energy generated in a particular i-year is estimated using the following expression:

E;=H; x MPR; X g¢ B.2

Where MPR; represents the MPR for the i-year. MPR; can be expressed as a function of the performance losses, namely, AMPR; and PLR;. For this study,
we utilize the average AMPR and PLR as presented in the table in Fig. 7.

Modeling the effects of degradations over time is a complex task, as its behavior is frequently subject to nonlinearities. Given the inherent
complexities in precisely describing long-term PLR behavior, and in an effort to provide a helpful comparative reference, we make a significant
simplifying assumption, which should be applied with caution: linearly projecting the PLR over the system’s lifetime (represented by i x PLR), based
on the data from over 5 years of operation demonstrated in the table in Fig. 7. With these assumptions we obtain the following expression for MPR;:

MPR; =100% + AMPR +i x PLR B.3

Where AMPR is represented by the main performance losses in equation (B.4):
AMPR = AMPR emperature + AMPRgpecirum + AMPR oihers B.4

From equation (B.2), the total energy produced over N years of operation can be estimated as:
N N
ZEi =Nsre X ZHi x MPR; B.5
i=1 i=1
Substituting B.1 and B.3 into B.5 yields:

N N N
> Eimonge x 4100% x > H+ > HIN x AMPR +i x PLR] B.6
i=1 i=1

i=1
By resolving the summations in B.6, expression B.7 is obtained:

u — N+1
> Er~N x H x fgrg x 4 100% + | AMPR + —— ) xPLR B7
i=1

From equation (B.6), the term within the brackets reflects the estimated effective percentage of energy output from a PV module over the N years of
operation.

Finally, we derived equation (B.8) in accordance with the standard warranty duration typically provided by manufacturers, which is established at
25 years.

Useful energy percentage along 25-years ~ Rated efficiency x (100% + AMPR + 13 x PLR) B.8
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