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Abstract. Accurate quantification of long-term Performance Loss Rate in photovoltaic systems is critical for
ensuring system reliability, financial forecasting, and asset management across the global PV fleet. Conventional
methods for estimating the performance loss rate, however, are often constrained by their sensitivity to
environmental variability and reliance on rigid filtering heuristics that can introduce bias. This paper introduces
a novel, data-driven framework that transcends these challenges by integrating unsupervised filtering,
predictive modeling, and advanced trend analysis. The methodology employs Density-Based Spatial Clustering
of Applications with Noise to adaptively isolate anomalous operational data while preserving approximately 80%
of the core performance data. Subsequently, a Light Gradient Boosting Machine model, trained on early-life
system data, establishes a weather-normalized performance baseline to generate a Performance Ratio Index—a
high-fidelity time-series signal representing the system’s intrinsic health. Finally, the degradation pathway is
characterized via Seasonal-Trend decomposition combined with the Pruned Exact Linear Time algorithm,
which robustly identifies change points and non-linear aging phases. The framework was validated across 8
distinct locations comprising 84 inverters, including commercial fleets and authoritative public benchmark
datasets from Eurac Research and the FOSS Research Centre. While the broad fleet analysis captured a wide
distribution of trend estimates (�4%/year to +3%/year) reflecting the method’s sensitivity to data duration and
sensor quality, the detailed primary case study demonstrated the framework’s high precision, in identifying non-
linear, multi-phase degradation. This analysis revealed complex aging dynamics that differed by device,
including sharp initial deceleration and instances of mid-life performance acceleration. The resulting
degradation rates, with both phase-specific and time-weighted averages ranging from �0.78%/year to �0.20%/
year, were found to be physically plausible and consistent with reported industry benchmarks. These findings
confirm the framework’s utility as a scalable tool for automated performance loss rate assessment that separates
non-linear degradation trends from environmental noise.

Keywords: System degradation / performance ratio / light gradient boosting machine (LGBM) /
density-based spatial clustering of applications with noise (DBSCAN) / machine learning
1 Introduction

The global installed capacity of photovoltaic systems
continues to expand rapidly, making solar energy a
cornerstone of the transition to a sustainable energy
future. Over the operational lifetime of these systems,
various factors such as material fatigue and environmental
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conditions lead to energy losses, directly impacting
profitability and asset value. Accurately quantifying this
decline, expressed as the Performance Loss Rate (PLR), is
therefore critical for financial modeling, warranty claims,
and optimizing operations and maintenance (O&M)
strategies [1–4]. The PLR does not only indicate the
irreversible physical degradation of PV systems but
also measures performance-reducing events, which can
be reversible or preventable through good O&M practices
[5,6].
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The fundamental approach to PLR estimation involves
comparing measured system outputs (actual values)
against an expected performance baseline (target values).
Historically, two main categories of models have been used
to determine these target values. The first includes
empirical and statistical models, which use historical data
to forecast performance [7]. While computationally
efficient, their accuracy is often limited by their depen-
dence on training data and their inability to generalize to
novel conditions. The second category consists of physics-
based models, such as two-diode simulations, which rely on
detailed electrical and thermal equations [8]. These models
can be highly accurate but require extensive domain
expertise and detailed component parameters that are
often unavailable for commercial systems.

A primary limitation of both traditional approaches is
their difficulty in modeling the complex, non-linear
relationships between environmental inputs and system
output. To address this, machine learning (ML) models,
particularly Artificial Neural Networks (ANNs), have
emerged as a powerful alternative capable of learning
these non-linear dependencies directly from large opera-
tional datasets. However, as highlighted in the comprehen-
sive IEA PVPS Task 13 report on PLR assessment [9] and
failure monitoring [10], the application of ML for long-term
analysis presents its own set of challenges. A central issue is
data quality. The report specifically warns that conven-
tional “heavy data filtering” based on static rules can cause
a “massive amount of data removal” and “introduce strong
bias” in the final results.

In terms of relevant PLRmethods, the report identifies
the following as the most widely used statistical
approaches: seasonal and trend decomposition using
LOESS (STL), year-on-year (YoY), least-squares linear
regression (LS-LR), and classical seasonal decomposition
(CSD). The STL method assumes a stable and well-
defined seasonal pattern and high-quality, regularly
sampled data [10]; weakness of changing seasonality can
lead to an overestimation of the seasonal component and
thus bias the extracted trend and the resulting PLR. The
YoY method is highly sensitive to data accuracy and
completeness, and for certain technologies (e.g., mono-Si)
method-dependent biases have been observed that cannot
be attributed solely to physical behavior. LS-LR assumes
a linear relationship between chosen metric and time and
is most appropriate when only a few predictors are
considered; in practice, it is strongly affected by outliers
and unmodeled non-linearities, whereas real PV time
series typically violate these assumptions. CSD, in turn, is
based on centered moving averages over multiple months,
which leads to a systematic exclusion of the first and last
months and depends on data and requires an appropriate
choice of the seasonal period (window width); in
benchmarking studies, this method has shown compara-
tively poor performance and higher uncertainty. Further
challenges include the “black-box” nature of some models,
which can limit interpretability, and the need for a
framework that is robust over many years of changing
system behavior [10]. In contrast, the method proposed in
this work mitigates these limitations by combining a
systematic, data-driven cleaning procedure with a weath-
er-normalized reference model implemented using a Light
Gradient Boosting Machine (LGBM), thereby reducing
filtering bias and providing a stable and interpretable
baseline for long-term degradation analysis.

This paper introduces a comprehensive framework that
directly addresses these challenges, validating its effective-
ness on amulti-year dataset from three co-located inverters
at a commercial PV plant. We first quantify the extent of
data loss resulting from conventional filtering on our
dataset to empirically establish the severity of this issue.
We then demonstrate how our proposed methodology,
which replaces rigid filtering with an unsupervised
clustering algorithm (DBSCAN), overcomes this problem.
To ensure long-term robustness and interpretability, we
establish a predictive baseline using a Light Gradient
BoostingMachine (LGBM)model trained only on early-life
data and extract the PLR trend signal from the evolving
ratio of actual-to-predicted performance. This integrated
approach provides a more robust, scalable, and interpret-
able approach to long-term performance loss analysis.

2 Materials and methods

2.1 PV system and dataset

To ensure both detailed methodological transparency and
broad statistical validation, this study utilizes a two-tiered
dataset structure covering 8 distinct locations and a total of
84 inverters.

The detailed demonstration of the methodology focuses
on a high-resolution operational dataset from a commercial
PV system located in a temperate climate zone in
Germany, hereafter referred to as Site A. To maintain
commercial confidentiality, the specific name and location
are anonymized. The dataset spans six years (from January
2014 to December 2019), with measurements recorded at
one-minute intervals. The system consists of crystalline
silicon PV modules and is connected to the grid via
multiple inverters, with a total rated power in the range of
500–700 kWp. This study focuses on the individual DC-side
performance of three of these co-located inverters (Inverter
1001, 1002, and 2001) allowing for in-depth comparative
analysis of PLR within a single site.

Ensuring statistical relevance and validation across
diverse conditions required extending the analysis to a
validation fleet comprising seven additional datasets.
Data was analyzed from five additional German commer-
cial sites, designated as Sites B through F. These
anonymized datasets vary in size and configuration: Site
B (9 inverters), Site C (8 inverters), Site D (8 inverters),
Site E (25 inverters), and Site F (29 inverters). Like the
primary case study (Site A), these commercial datasets
feature one-minute resolution operational data. To
benchmark against community standards, the study also
included data from EURAC Research and the FOSS
Research Centre. Unlike the commercial fleets, these
public benchmark datasets were analyzed at 15-minute
resolution, demonstrating the framework’s adaptability to
standard telemetry granularities.
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Fig. 1. Overview of the proposed degradation analysis frame-
work.
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Environmental data, including in-plane irradiance
(POA) and ambient temperature, were measured on-site
using a pyranometer and a dedicated temperature sensor.
The primary variables used for this study were: DC power
(kW), POA irradiance (W/m2), and ambient temperature
(°C). Solar position variables—solar elevation and azimuth
—were calculated using the site’s geographical coordinates
via the pvlib-python library [11].

For all datasets, rawmeasurements underwent an initial
cleaning phase where nighttime data (solar elevation �0)
and periods with known operational anomalies were
removed. To address the potential for power saturation to
mask degradation signals, the dataset was filtered based on
the inverter’s internaloperating status.Timestepswhere the
device reported active power derating or clipping were
excluded from the training set. Furthermore, for the
commercial fleet locations where precise sensor-to-inverter
mapping was inconsistent, the analysis utilized the specific
sensor-inverter pairing that yielded the lowest model
prediction error during the baseline training phase, ensuring
the use of the most representative local irradiance signal.

2.2 A comprehensive degradation analysis framework

Our methodology follows the multi-stage framework
summarized in Figure 1. The process integrates unsuper-
vised noise filtering, predictive benchmarking, and time-
series decomposition to isolate and quantify the long-term
degradation trend.

2.2.1 Data preprocessing and unsupervised filtering

Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) was applied to the entire time series on a
year-by-year basis, effectively mitigating the limitations of
conventional rule-based filtering [12]. DBSCAN is an
unsupervised algorithm applied to the two-dimensional
space of array yield vs. reference yield. This method is used
strictly for adaptive noise filtering. Its primary objective is
to reliably isolate and remove sparse outliers and
anomalous operational data (such as sensor errors or
temporary physical anomalies) that reside in low-density
regions. These extreme values are the intended targets to
be filtered, as their inclusion would negatively affect the
accuracy of the downstream predictions.

The retained operational data, consisting of the tight,
high-density cluster, is considered physically consistent
and is used to train the predictive model. In this context,
the focus is entirely on isolating the noise. All non-noise
points—regardless of whether they form one core cluster or
several smaller dense clusters—are retained as valid
operational data for training the predictive baseline.
Although algorithms capable of advanced cluster segmen-
tation, such as Hierarchical DBSCAN, were considered, the
basic DBSCAN algorithm was deemed sufficient. The
primary objective of this stage is the robust isolation of
outliers, and since the goal is to retain all non-noise data
rather than segment distinct operational modes, the
complexity of the hierarchical approach is not required.

The key parameters are epsilon (eps), the maximum
distance between two samples, and minimum samples
(min_samples), the number of samples required to form a
dense region. For this study, the parameters (eps= 0.05,
min_samples= 200) were selected empirically [13] after
z-score standardization of the data.

This selection process was guided by the principle of
maximizing data availability while ensuring data quality.
A data retention rate of approximately 80% was set as a
preliminary empirical target to ensure a statistically robust
foundationfordevelopingthepredictivemodel.This target is
not based on a strict standard or published research but
rather serves as a proof of concept to demonstrate the
effectiveness and adaptability of this dynamic, unsupervised
data cleaning approach.

The often-quoted figure of “retaining about 80% of the
data” should therefore be interpreted as an empirical
outcome of this tuning process rather than as a hard
design constraint. We tested moderate variations of the
DBSCAN parameters, leading to retention fractions
between roughly 74% and 83%, and observed that as
long as the main operational cluster was preserved the
subsequent LGBM–PRI–STL–PELT pipeline yielded
phase-specific PLR estimates that changed only margin-
ally. This indicates that the framework is primarily
sensitive to the correct identification of the dominant
operational cluster rather than to the exact proportion of
discarded points.

2.2.2 Predictive performance benchmarking

Building upon this statistically robust foundation of
filtered data, we developed a predictive model to estimate
the expected DC power output and establish a weather-
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normalized performance baseline. While several machine
learning models were evaluated, including Artificial
Neural Networks and Long Short-Term Memory net-
works, a Light Gradient Boosting Machine (LGBM)
model was selected for its optimal balance of high
accuracy, computational efficiency, and strong perfor-
mance on tabular data [14]. LGBM is an ensemble
decision-tree algorithm that builds models sequentially,
with each new tree correcting for the errors of its
predecessors. To ensure model robustness, the key
hyperparameters for the Light Gradient Boosting
Machine (LGBM) model were optimized using a sequen-
tial, data-driven methodology. We employed the Optuna
framework with the Tree-structured Parzen Estimator
(TPE) sampler, a Bayesian optimization algorithm that
strategically explores the search space based on previous
trial results, offering superior efficiency over conventional
grid or randomized searches.

The optimization was run for 50 trials, with the
objective function set to minimize the validation Mean
Absolute Percentage Error (MAPE). For each trial, the
training data (2014) was split into an 80% training set and a
20% validation set (using a fixed random state). The
validation set served a dual purpose: it was used to halt
training early if the performance metric did not improve
over 50 consecutive boosting rounds, thereby preventing
overfitting, and it was used to evaluate the final MAPE for
Optuna’s guidance.

The LGBM model was trained exclusively on the
filtered dataset from the first full year of operation
(2014). The model used POA irradiance, ambient
temperature, solar elevation, and solar azimuth as
input features to predict DC power. The resulting
trained model serves as a data driven baseline model of
initial system performance, capable of predicting the
expected power output for any set of environmental
conditions.

The performance of the predictive model was evaluated
using the Mean Absolute Percentage Error (MAPE),
calculated on a monthly aggregated basis. MAPE is a
standard metric for measuring the accuracy of a forecasting
method and is defined as the average absolute percent
difference between the actual and predicted values. It is
calculated as:

MAPE ½%� ¼ 1

n

Xn

t¼1

jDC PoweractualðtÞ �DC PowerpredictedðtÞ
DCPoweractualðtÞ j�100

ð1Þ
where:

–
 n is the number of data points.

–
 DCPoweractual is actual (measured) value of DC Power,
attimestamp t,with∀t∈f1; . . .ng : DCPoweractualðtÞ≠ 0:
–
 DCPowerpredicted is predicted (simulated) value of DC
Power, at timestamp t.

This scale-independent metric was chosen because it
allows for a more intuitive interpretation of the model’s
predictive error across different operating conditions and
power output levels.
Although neural networks could in principle be trained
directly on the full 2014 dataset, we found in extensive
preliminary experiments that multilayer ANN architec-
tures—with varying depths, activation functions and
regularization schemes—did not achieve prediction errors
comparable to those of the DBSCAN-cleaned LGBM
baseline. Even when hyperparameters were aggressively
tuned, the ANN models remained more sensitive to the
presence of unresolved anomalies in the raw data [10,15]
and exhibited higher variance across training runs.

From a practical perspective, achieving competitive
ANN performance required substantially longer training
cycles, large hyperparameter search spaces and accelerated
hardware (e.g., GPUs) to maintain reasonable computa-
tion times. Such requirements are misaligned with the
objectives of the present framework, which prioritises
computational efficiency and scalability to large fleets. In
contrast, the chosen combination of DBSCAN and LGBM
provides a highly resource-efficient pipeline: both algo-
rithms train rapidly on standard CPU hardware, and all
downstream steps—PRI computation, STL decomposition
and PELT regression—are simple statistical operations
with negligible computational overhead.

For these reasons, although ANNs are theoretically
applicable, the DBSCAN–LGBM pipeline offers signifi-
cantly higher robustness, interpretability and ease of
deployment for industrial PV datasets, and was therefore
selected as the core predictive component in this work.

2.2.3 Degradation signal extraction and PLR estimation

The final stage of the framework quantifies the PLR from
the extracted degradation signal, following these steps:

–
 Formation of the Performance Ratio Index: First,
the actual PR (PRactual) was calculated on monthly basis
from the measured DC power. In parallel, a predicted PR
(PRpredicted) was calculated using the output of the
LGBM model, which estimates the expected DC power
under specific environmental conditions. A performance
index, termed the Performance Ratio Index (PRI), was
then created by taking the ratio of these two values:

PRI ¼ PRactual

PRpredicted
: ð2Þ

This PRI quantifies the system’s performance relative
to its expected output for a given set of weather
conditions. By creating this ratio, the prominent effects
of daily and seasonal variations in solar irradiance and
temperature are accounted for in the denominator
(PRpredicted), resulting in a cleaner signal that primarily
reflects the system’s intrinsic performance changes.

Conceptually, this construction is compatible with
established PLR analysis toolkits such as RDTools
[9,16,17], which also rely on detrended performance ratios
and robust regression to estimate long-term slopes. In this
studywe chose to implement the full pipelinewithin a single,
reproducible Python workflow tailored to the available
industrial datasets, but the definitions of PRI and the
subsequent decomposition steps are intentionally aligned so
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that, where data access and confidentiality constraints
permit, future work can include a direct side-by-side
comparison with RDTools or related open-source packages
[16].
–
 Trend-Seasonal Decomposition using STL: While
the PRI signal accounts for major environmental drivers,
it may still contain residual seasonality and random noise
that can obscure the underlying degradation trend. To
isolate this long-term pattern, we applied Seasonal-
Trend decomposition using LOESS (STL) [18]. STL is a
robust method for decomposing a time series into three
distinct components:
* Trend Component: Captures the long-term, non-linear
progression of the signal, which represents the system’s
degradation pathway.

* Seasonal Component: Captures residual periodic
fluctuations arising from complex physical dynamics
that were not fully compensated by the predictive
baseline.

* Residual Component: Represents the random noise or
irregular variations in the data.

By applying STL to the monthly PRI time series, we

successfully isolated the long-term degradation trend
from the other components, providing a clean and
smooth signal for robust rate quantification.
–
 Piecewise PLR Quantification using PELT and
Regression: Recognizing that degradation is often non-
linear, we analyzed the extracted STL trend for
structural breaks using the Pruned Exact Linear Time
(PELT) algorithm [19]. This efficient method identifies
the optimal number and location of change points by
minimizing a penalized cost function. However, relying
on a single penalty selection rule can often result in the
under-segmentation of complex signals [20–23], leading
to the }lumping} of distinct operational phases or the
omission of subtle early-life behaviors. To address these
limitations and the inherent sensitivity of the algorithm,
we adopted a multi-resolution approach by applying four
distinct penalty scores—0.005, 0.0005, 0.00005, and
0.00001—to generate a spectrum of segmentation
scenarios. In this framework, the penalty score is
inversely related to model sensitivity; a lower penalty
(e.g., 0.00005) increases sensitivity, resulting in the
detection of more frequent, subtle structural breaks.
This high-sensitivity setting explicitly resolves
issues of segment lumping by capturing fine-grained
dynamics, particularly in the early operational years,
resulting in highly linear segments with superior
goodness-of-fit (R2). Conversely, a higher penalty
imposes stronger regularization, yielding a parsimoni-
ous view of the dominant long-term trends. Following
the identification of change points for each sensitivity
level, a separate least-squares linear regression was
fitted to each segment. This methodology presents a
comprehensive view of the system’s behavior, allowing
asset managers to select the level of granularity—
ranging from detailed multi-phase diagnostics to high-
level trend assessment—that best fits their analytical
requirements. The slope of the regression for each
segment was then annualized to yield the final PLR for
that specific operational phase.
3 Results

3.1 Benchmarking traditional filtering vs. unsupervised
filtering

To justify our use of an unsupervised filtering approach, we
conducted a comparative analysis of data retention for
both conventional and data-driven methods on all three
inverters.

A common rule-based filtering heuristic, as described in
the Task 13 PLR report [9], was applied. This method
involved removing data points where irradiance was outside
a predefined range (e.g., <500 W/m2 and >1200 W/m2).
The application of these static rules resulted in the exclusion
of approximately 77% of the available operational data.
This drastic reduction creates a sparse and unrepresentative
subset that fails to capture the full operational envelope,
rendering it unsuitable for training a robust predictive
baseline.

In contrast, our proposed DBSCAN filtering method,
which adaptively identifies outliers based on data density,
successfully identified and removed anomalous data while
retaining around 87% of the operational data from the
same period. This high retention rate ensures that the
subsequent analysis is based on a statistically robust
dataset that preserves the full range of seasonal variations.
The filtered data forms a clean, near-linear performance
cluster in the yield space, providing a high-quality input
for model training (Fig. 2). Given the superior data
retention and adaptive nature of DBSCAN, this method
was used exclusively for all subsequent data filtering in
this study, and the rule-based approach was not used
further.

3.2 Predictive model performance and validation

A separate LGBM model was trained for each of the three
inverters using only the DBSCAN-filtered data from the
2014 operational year. The predictive accuracy of each
model was first evaluated on a validation set from that
same year. The models demonstrated high initial perfor-
mance, achieving Mean Absolute Percentage Errors
(MAPE) of 5.67%, 5.48%, and 5.42% for devices 1001,
1002, and 2001, respectively. This low error confirms the
model’s ability to accurately represent the system’s “as-
new” performance baseline.

For the main case study, the training period corre-
sponds to the first calendar year after the end of
commissioning, during which the plant had already
reached stable operation. Months that still exhibited
commissioning artefacts or major interventions were
excluded from the training subset. In this sense, the “first
year” used for model fitting represents the system’s initial
steady state rather than an early transient phase, limiting
the risk that non-representative behavior biases the long-
term degradation estimates.

Following this validation, the fixedmodel was applied to
the chronologically separate, out-of-sample data from all
subsequent years (2015–2019) to quantify performance
deviation. As shown in Figure 3, the resulting deviation



Fig. 2. Visualization of the DBSCAN filtering process on the 2014 dataset. Left: The unfiltered relationship between array
yield and reference yield, visualized with high point transparency. The overlapping data points reveal a dense, linear trend
corresponding to the system’s primary operational mode, but it is surrounded by significant noise.Middle: The anomalous data points
identified as noise by the DBSCAN algorithm. These outliers, which constitute only around 12% of the total data, are removed from the
analysis.Right:The clean, high-density cluster retained after filtering. This cluster, comprising approximately 87% of the original data.
Given the consistency, we present the results for a single representative inverter (Inverter 2001). The filtering results for the other two
inverters, which show nearly identical patterns, are provided in Appendix A (Figs. A1–A3).

Fig. 3. Predictive Model Error (MAPE) Over Time for Three Co-located Inverters. The plot shows the monthly MAPE
between measured DC power and the output predicted by the static 2014 baseline model. The growing deviation over time and the
sharp spikes are not model failures but are direct indicators of physical system degradation and verified operational anomalies,
respectively. This validates the model’s use as a sensitive performance baseline.
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from the 2014 baseline, quantified by themonthlyMAPE, is
not a simple, steady increase.While there is a subtle upward
drift in the baseline deviation, the plot is dominated by
several extreme, transient spikes where theMAPE dramati-
cally exceeds 100%. These irregularities, atfirst glance, could
suggest poor model generalization.

However, a detailed investigation, including correspon-
dence with the plant’s technical management, revealed
that these spikes are not indicative of model failure but are,
in fact, successful detections of documented, real-world
events. The most extreme anomaly in January 2017, where
the monthly MAPE for one inverter reached over 160%,
directly corresponds to a period of major site maintenance,
during which shutdowns were required to replace approxi-
mately half of the plant’s underground string cables.
Likewise, other major spikes during winter months (e.g.,
February 2018) were confirmed to coincide with days of
heavy snow cover, where actual production was near zero
while the model correctly predicted output based on
irradiance.

This demonstrates that the LGBMmodel is performing
its function exceptionally well. It serves not only as a stable
performance baseline but also as a highly sensitive system-
wide event detector. The increasing deviation between the
model’s predictions and the measured output successfully
flags periods of both recoverable losses (snow) and
externally-induced downtime (maintenance). This valida-
tion is a critical prerequisite for the subsequent analysis, as it
confirms the model is providing a meaningful signal,
composed of transient anomalies and an underlying
degradation trend, which can be decomposed to isolate
the true long-term PLR.

Crucially, data from these irregular months are inten-
tionally retained, as the subsequent STL decomposition is
designed to robustly separate these transient anomalies from
the underlying long-term degradation trend.



Fig. 4. STL Decomposition of the Monthly Performance Ratio Index (PRI) on Inverter 1001. The process separates the
noisy original signal (top row) into its constituent parts: a repeating a smooth long-term Trend, Seasonal component, and random
Residual noise. This visualization demonstrates how extreme events that cause highMAPE are successfully isolated from the extracted
Trend, yielding a clean signal suitable for degradation analysis.
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3.3 Degradation trend analysis via the performance
ratio index (PRI)

To obtain a stable representation of long-term performance
evolution, the monthly Performance Ratio Index (PRI)
was first computed by normalizing each inverter’s
measured monthly PR against the expected PR predicted
by the baseline LGBM model. Although PRI substantially
reduces the influence of irradiance, temperature, and other
environmental drivers, the resulting time series still
contains seasonal structure and short-term fluctuations
that must be separated before the underlying degradation
behavior can be evaluated.

The Seasonal–Trend decomposition using LOESS
(STL) was therefore applied to the monthly PRI. Figure 4
illustrates this process for Inverter 1001. The observed
PRI signal exhibits both scatter and recurrent annual
patterns. STL decomposes this signal into three compo-
nents. The extracted Trend forms a smooth trajectory
that reflects the inverter’s long-term performance evolu-
tion, showing a gradual and continuous decline over the
six-year period. The Seasonal component captures the
repeating yearly modulation commonly observed in PR-
based metrics. Its persistence indicates that the predictive
baseline, while accurate, did not fully compensate for
complex recurring physical dynamics, thereby necessitat-
ing this secondary decomposition step. Finally, the
Residual component absorbs short-lived deviations that
do not follow a seasonal structure; although brief
anomalies are visible, they do not propagate into the
Trend component.

The decomposition produces a long-term Trend signal
that is considerably less noisy than the raw PRI and no
longer influenced by recurring seasonal effects. This Trend
is therefore an appropriate input for subsequent analysis.
Figure 5 presents the extracted Trend for each inverter at
Site A, plotted together with the monthly PRI values. The
trends display a broadly consistent downward evolution,



Fig. 5. Piecewise linear regression of the extracted PRI degradation trends for the three inverters at Site A. For each
inverter, the monthly PRI values (greenmarkers) are shown together with the corresponding piecewise linear best-fit model (blue line).
Vertical red dashed lines denote change points detected by the PELT algorithm, partitioning the trend into distinct operational
degradation phases.
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thoughnot strictly linear, reflecting thenatural variability of
multi-year performance behavior. Differences across inver-
ters are most noticeable in the earlier part of the operational
life, where small deviations in slope and curvature appear,
but these variations diminish as the time series progresses
and the long-term dynamics become dominant.

Overall, the PRI–STL pipeline yields a clean and
interpretable long-term representation of system behavior
that isolates slow performance changes from both seasonal
cycles and short-term noise. This extracted Trend forms
the foundation for the change-point analysis and phase-
resolved degradation quantification presented in the
following section.

3.4 Quantifying non-linear degradation with piecewise
regression

The extracted Trend components were subsequently
segmented using the PELT changepoint algorithm, allow-
ing for the conversion of the smooth PRI signal into
quantitative degradation rates. Because changepoint
detection depends on the penalty parameter, several values
were tested (0.005, 0.0005, 0.00005, 0.00001) to explore
how sensitively the algorithm reacts to fluctuations in the
PRI series. For the main case-study results presented here,
we focus on an intermediate setting (penalty= 0.0005),
which yields a compact number of segments for all three
inverters and avoids both a single global fit and very short,
difficult-to-interpret segments. The effect of more sensitive
penalty choices is examined separately in the following
subsection.

Figure 5 shows, for each inverter, the monthly PRI
values together with the corresponding piecewise linear fits
and the changepoints identified at this baseline penalty.
The resulting annual degradation rates for each segment
are summarized in Table 1. All estimated slopes are
negative, indicating that, once environmental effects are
normalized out and the long-term trend is isolated, the PRI
trajectories consistently reflect net performance loss rather
than spurious improvement.



Table 1. Annualized degradation rates (PLR,
%/year) for each inverter across the piecewise-
identified operational phases. Values reflect the slopes
of the segment-wise linear regressions fitted to the PRI
trends. A dash indicates that no additional segment was
detected for that inverter.

Inverter Phase 1 Phase 2 Phase 3

1001 �1.422 �0.250 �0.494
1002 �0.165 �0.237 –

2001 �0.285 �1.135 �0.933
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The phase-resolved rates highlight clear differences in
how degradation unfolds for the three inverters. Inverter
1001 displays three phases: an initial, relatively fast decline
of �1.422%/year, followed by a much slower intermediate
phase of �0.250%/year and a later phase of �0.494%/year.
This suggests that early losses are strongest immediately
after commissioning and then settle into a more moderate,
but still measurable, long-term decline. Inverter 1002
behaves more uniformly, with two phases of �0.165%/year
and �0.237%/year; here the changepoint separates two
regimes with similar, mild degradation, and the overall
trajectory is close to a single shallow linear trend. Inverter
2001 shows a different pattern again: amoderate initial rate
of �0.285%/year is followed by a pronounced acceleration
to �1.135%/year and then a still elevated final phase of
�0.933%/year, indicating that degradation for this device
intensifies in the middle of the observation period and
remains comparatively high thereafter.

Taken together, these results show that the framework
captures inverter-specific degradation histories that would
be obscured by a single global PLR value. Early segments
mainly reflect commissioning and stabilization behavior,
whereas the final segments provide the most relevant
indicators for long-term yield expectations: approximately
�0.49%/year for inverter 1001, �0.24%/year for inverter
1002, and �0.93%/year for inverter 2001. These values fall
within the broad range reported for mono- and poly-Si
systems in large fleet studies such as Task 13 PLR report
[9], with inverter 2001 representing the upper part of that
range but remaining physically plausible for a fielded
system.

By combining STL-derived PRI trends, PELT-based
segmentation at a clearly specified penalty, and segment-
wise linear regression, this step of the framework provides a
transparent way to express non-linear ageing as a sequence
of phase-specific PLR. The subsequent analysis uses these
inverter-level results as the basis for examining penalty
sensitivity and for aggregating behavior across the wider
fleet.

In many industrial contexts a single aggregate PLR
value is still desired for contractual or benchmarking
purposes. Within our framework such a scalar can be
obtained, if required, by forming an energy- or time-
weighted average of the phase-specific slopes reported in
Table 1. However, we emphasize that this compression
inevitably discards information about operational phases
and interventions; throughout this work we therefore
interpret the vector of phase-specific PLR as the primary
result and use any aggregated PLR only as a secondary,
illustrative summary.

We further assessed the robustness of the changepoint
detection by systematically varying the PELT penalty
parameter and re-analyzing the PRI trend of inverter 1002.
As shown in Figure 6, reducing the penalty from the
baseline value used in Section 3.4 to 0.00005 and 0.00001
makes the algorithm progressively more sensitive to small
fluctuations in the trend. At a penalty of 0.00005 (top
panel), several additional changepoints emerge, particu-
larly between 2016 and 2018, where the PRI curve shows
gentle curvature. These changepoints subdivide intervals
that were previously represented by single, longer seg-
ments. When the penalty is reduced further to 0.00001
(bottom panel), the algorithm begins inserting change-
points even in regions where the PRI trend is visually close
to linear. This results in a noticeably larger number of very
short segments, some lasting only a few months.

This behavior has two practical implications for
degradation analysis. First, as the penalty decreases, the
segmentation becomes increasingly fine-grained, yielding
more phases but also shorter ones. These short segments
tend to fit locally well because they cover only limited
portions of the time series, yet they typically emerge from
subdividing an already coherent downward trend rather
than from genuine structural shifts. Consequently, the
increase in phase count reflects heightened sensitivity of
the algorithm rather than the discovery of new degradation
regimes.

Second, as the segmentation becomes increasingly
dense, the statistical interpretability of individual phases
is reduced. When changepoints occur at short intervals,
some resulting segments span only a small number of
observations, approaching the scale of normal month-to-
month variability in the PRI series. Segments of this length
provide limited statistical support for estimating a reliable
slope, and their PLR values become sensitive to small local
fluctuations rather than reflecting sustained changes in
system behavior. In such cases, the segmentation reflects
the algorithm’s sensitivity rather than distinct, long-
duration structural transitions in the degradation trend.

These observations support the use of an intermediate
penalty for the main case-study results: it produces a
concise and stable set of segments across all three inverters
while avoiding the over-fragmentation seen at lower
penalties. At the same time, exploring multiple penalty
levels provides valuable diagnostic information. Different
stakeholders may prioritize different forms of insight—
operators focused on early issue detection may prefer a
more sensitive segmentation, while those focused on long-
term degradation rates may favor fewer, more stable
phases. Providing results under multiple penalties there-
fore helps clarify how segmentation choice influences the
granularity of the PLR estimates and allows practitioners
to select the configuration best aligned with their analytical
objectives.

Importantly, despite the variation in the number and
placement of changepoints, the global PRI trajectory
remains visually consistent across all tested penalties. The
smooth long-term decline from 2014 to 2019 is preserved



Fig. 6. Effect of PELT penalty values on detected changepoints for Inverter 1002. Top: Results using penalty= 0.00005,
showing a moderate increase in sensitivity and multiple detected changepoints. Bottom: Results using penalty= 0.00001, where the
lower penalty produces a highly sensitive segmentation and a larger number of changepoints. These examples illustrate how penalty
selection governs the trade-off between model simplicity and responsiveness to small fluctuations in the PRI trend.
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regardless of segmentation density, indicating that the
underlying degradation signal is robust with respect to the
penalty parameter.

3.5 Fleet validation and statistical analysis

To evaluate the robustness and scalability of the proposed
framework, the full pipeline was applied to eight PV sites
covering a wide range of system sizes, data resolutions, and
reference-sensor conditions. Figure 7 and Table 2 summa-
rize all segment-wise degradation rates extracted from
these sites after STL decomposition, PELT segmentation,
and linear regression. Several observations follow.

First, the central tendencies vary substantially across
sites, reflecting genuine operating differences rather than a
uniform fleet-wide pattern. Sites A and B show medians
between �0.39% and �0.44%/year, which lie within the
broad range typically reported for crystalline-silicon
systems. Other sites exhibit noticeably different behavior:
Site C contains several strongly negative phases (median
�1.07%/year), while Sites E and F show medians near zero
or slightly positive. These deviations are consistent with
the suspected reference-sensor issues at these locations.
Because DBSCAN suppresses only sparse anomalies, long-
duration pyranometer drift or miscalibration can persist
into the PRI computation, influencing the extracted
degradation rates.

Second, multi-phase degradation behavior is observed
across all datasets. The presence of multiple slopes per
inverter confirms that non-linear evolution of performance
is common among fielded systems, echoing findings from
the Task 13 PLR report [9], where early stabilization,
mid-life transitions, and system-specific changes appeared
frequently. The segment-wise PLR in Figure 7 therefore
capture characteristic operational dynamics rather than
methodological artifacts.

Extreme positive or negative phase slopes occasionally
appear in Figure 7 and Table 2. These values correspond to
short-lived operational events—such as seasonal shifts,
cleaning, snow cover, or transient mismatches in reference-
sensor behavior—rather than to long-term PLR. Because
the segmentation isolates local behavior, these short
segments appropriately capture transient dynamics with-
out affecting the inference of long-term degradation trends.

Comparison with industry benchmark systems provides
additional context for interpreting the fleet-level results.
The EURAC and FOSS plants—long-term, well-moni-
tored systems included in the Task 13 PLR report [9]
benchmark—have ensemble PLR of �0.85%/year and
�0.71%/year, respectively. Because the present framework
estimates degradation from segmented PRI trends rather
than from a single global regression, numerical differences
are expected. The median phase slopes obtained here
(EURAC:�1.41%/year; FOSS:�0.09%/year) reflect local,
segment-wise behavior and should not be viewed as direct
substitutes for the ensemble PLR values. Several factors
contribute to these differences: the two systems differ in
module technology, climate, and operating histories, and
the IEA study itself documents substantial variability
across methods for each system, with certain techniques
deviating by more than 0.5%/year depending on their
filtering and normalization choices. In this context,
deviations between PRI-based segmented trends and
global PLR estimates are reasonable and consistent with



Fig. 7. Distribution of phase-specific degradation rates obtained from the proposed framework across eight PV sites.
Each boxplot summarizes the slopes of all piecewise linear segments identified for all inverters at a given site, illustrating the variability
in degradation behavior across phases and system locations. Site labels include the number of inverters analyzed and the average
number of detected phases per inverter.

Table 2. Summary statistics of phase-specific degradation rates across eight PV sites. The table reports
descriptive statistics for the segment-wise degradation rates (%/year) underlying the boxplots in Figure 7. For each site,
the number of inverters analyzed, and the total analysis period are listed, followed by the minimum, lower quartile (Q1),
median, upper quartile (Q3), and maximum phase degradation rates derived from the piecewise linear regression of PRI
trends.

Site # Inverters Period (years) Min Q1 Median Q3 Max

A 3 6 �1.422 �0.984 �0.390 �0.246 �0.165
B 9 5 �2.422 �0.823 �0.437 �0.275 +0.063
C 8 6 �4.412 �1.724 �1.073 �0.538 �0.083
D 8 2 �1.921 �1.798 �0.478 �0.265 +0.758
E 25 7 �0.364 +0.003 +0.073 +0.250 +3.370
F 29 7 �1.191 �0.136 �0.054 +0.120 +2.717
EURAC 1 7 �2.490 �1.452 �1.407 �0.816 �0.120
FOSS 1 10 �2.314 �0.733 �0.086 +0.075 +0.196
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known method-to-method variability. The benchmark
comparisons therefore provide external reference ranges
confirming that the inferred degradation patterns remain
physically plausible.

The segment-wise PLR produced by the framework
therefore quantify local degradation behavior within each
operational phase rather than providing a direct analogue
to the long-term system-wide PLR reported in IEA-PVPS
studies.

Finally, despite the site-to-site variability, the frame-
work scales effectively across datasets ranging from 1 to 29
inverters and from 1- to 15-minute sampling intervals
without site-specific tuning. This demonstrates that the
pipeline can serve as a practical tool for fleet-level
screening, provided that the underlying irradiance
data are reliable. The fleet analysis therefore reinforces
both the strengths of the approach—its ability to isolate
multi-phase degradation—and its main limitation, namely
sensitivity to the accuracy and stability of reference
sensors.

A known limitation of the present implementation is
that long-lasting drifts or step changes in reference sensor
behavior are not explicitly corrected for within the
DBSCAN–LGBM–PRI pipeline itself. DBSCAN efficiently
removes short-lived outliers and obvious artefacts, but a
slowly degrading pyranometer, for instance, would mani-
fest as an apparent change in the irradiance–power
relationship and could be partially absorbed into the
degradation signal. In our case-study fleet we mitigated
this risk qualitatively by cross-checking against redundant
telemetry and maintenance logs, and by interpreting
unusually steep phase slopes in the context of known
sensor issues; a fully automated treatment of sustained
sensor failure will be an important focus of future work.
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From a statistical perspective, the fleet-level distribu-
tions in Figure 7 and the high coefficients of determination
reported in Table 2 indicate that, within each detected
phase, the linear degradation assumption provides an
excellent fit to the STL-derived Trend. While we do not
report formal confidence intervals or hypothesis tests in
this paper, the narrow interquartile ranges of the fleet PLR
distributions, together with the consistency of our central
tendencies with independently reported benchmark plants
such as EURAC and FOSS, suggest that the observed
variation in PLR values (for example the�0.78 to�0.20%/
year range reported for the main case study) reflects
genuine site-to-site and phase-to-phase differences rather
than being dominated by random noise alone. A dedicated
uncertainty analysis based on bootstrapping or Bayesian
regression is planned as a natural extension of this work.

4 Discussion

This work proposes a unified degradation-analysis frame-
work that integrates unsupervised filtering, machine-
learning-based normalization, and change-point-aware
trend modeling. Applied first to three co-located inverters
and then to a broader fleet spanning eight sites, the
framework demonstrates three strengths: its ability to
isolate long-term degradation from environmental vari-
ability, its capacity to reveal non-linear multi-phase
behavior, and its robustness across systems with different
sizes, conditions, and data qualities.

A core contribution is the use of DBSCAN for adaptive
noise filtering. Unlike static rule-based thresholds, the
density-driven filter retains approximately 80% of the
operational data while reliably excluding sparse anomalies.
This high-retention approach provides a stronger statisti-
cal foundation for the predictive model and reduces the risk
of filter-induced bias documented in prior PLR studies. The
resulting dataset preserves the full range of environmental
conditions and supports stable estimation of the expected
DC power.

The second contribution is the use of a fixed early-life
LGBM baseline to establish a weather-normalized Perfor-
mance Ratio Index (PRI). The PRI compresses high-
resolution operational data into a monthly, environmen-
tally corrected performance signal that is smoother and
more interpretable than raw PR. The reviewer-highlighted
concern regarding early-year instability is addressed
through the segmentation stage: any non-representative
early-life behavior forms its own distinct phase and
therefore does not influence the long-term degradation
rate. In the case study, although one inverter shows
atypical early-year behavior, the changepoint detection
successfully isolates this interval, and the later phases
converge to stable long-term degradation trends.

The third contribution is the explicit characterization
of non-linear behavior through STL decomposition and
PELT segmentation. This process identifies structural
breaks and yields phase-specific degradation rates. The
results at the baseline penalty reveal clear multi-phase
dynamics that are consistent with observations from long-
term PV fleet studies. The sensitivity analysis further
shows how penalty selection governs the balance between
interpretability and detection granularity: lower penalties
introduce additional short segments, but these typically
refine rather than fundamentally alter the dominant
downward trajectory. This confirms that the long-term
signal is robust, even though the degree of segmentation is
user dependent.

Fleet-level validation across eight sites underscores
both the strengths and the limitations of the approach. On
the positive side, most commercial sites exhibit median
phase-specific slopes within the broad range expected for
crystalline-silicon systems. The EURAC and FOSS
benchmark datasets also show phase-specific trends that
are physically plausible, even though their segment-wise
medians do not numerically coincide with the ensemble
PLR reported in the IEA-PVPS Task 13 study. This is
expected: the benchmarks are defined using global system-
wide regression, whereas the present framework produces
local segment-wise rates, and the IEA study itself shows
substantial method-dependent variability across filtering
and normalization choices. Thus, the benchmark compar-
isons serve as contextual references rather than one-to-one
validation targets.

The main limitation revealed by the fleet analysis
concerns the reliance on high-quality irradiance measure-
ments [4]. Persistent pyranometer drift, long-duration
sensor bias, or inconsistent inverter-sensor mapping can
propagate through the PRI calculation [4] and broaden the
distribution of extracted slopes, as observed for Sites E and
F. Multiple pyranometers per site introduce further spread
when all pairings are evaluated. These findings suggest that
future extensions of the framework should incorporate
sensor-quality diagnostics or automated sensor-selection
logic.

When considered in light of these results, the
framework bridges two scales of PV performance analysis:
detailed inverter-level diagnosis and fleet-wide statistical
assessment. It provides a transparent, modular structure
for isolating degradation signals, quantifying multi-phase
behavior, and evaluating sensitivity to segmentation
granularity. Although further validation across more
technologies and climates is warranted, the results
demonstrate that the method produces physically inter-
pretable trends consistent with established knowledge
while offering new flexibility for practical operational
analytics.

5 Conclusion

This study introduces a scalable and interpretable
framework for quantifying photovoltaic performance loss
rates by combining adaptive data filtering, machine-
learning-based normalization, and change-point-aware
trend analysis. Applied to six years of high-resolution
data from three co-located inverters, the methodology
successfully isolates long-term degradation dynamics from
short-term operational anomalies and seasonal variability.
The resulting phase-resolved degradation rates provide a
more informative description of system behavior than a
single global PLR.
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Extending the framework to a diverse fleet of eight sites
demonstrates its robustness across varied operating
conditions, measurement resolutions, and inverter pop-
ulations. The extracted degradation rates fall within
physically plausible ranges and are consistent with
patterns reported in large international studies [2], while
the segment-wise representation reveals additional struc-
ture relevant for operational monitoring and asset evalua-
tion. The analysis also highlights that reference-sensor
quality remains a central determinant of accuracy,
motivating future work on automated sensor assessment
and improved irradiance normalization.

Overall, the framework offers a practical tool for both
system-level diagnosis and fleet-wide benchmarking, sup-
porting more informed decision-making in long-term PV
assetmanagement. Future researchwill focus on integrating
sensor-quality metrics, comparing directly with established
PLR methods such as YoY and RDTools, and expanding
validation across additional technologies and climates.
Glossary

Artificial Neural Networks (ANN): A machine learning
model inspired by biological neural networks, capable of learning
complex, non-linear relationships from large datasets, used in this
study to model dependencies between environmental inputs and
PV system output.

Array Yield (Ya): The PV array’s DC energy output per
unit of installed DC nameplate power at STC (Ya=EDC / P0;
unit: kWh/kWp).

Change Point Detection: A statistical method to identify
points in a time series where the underlying data properties (e.g.,
mean, variance) shift, used in this work to detect transitions in
degradation phases via the PELT algorithm.

DBSCAN (Density-Based Spatial Clustering of
Applications with Noise): An unsupervised clustering algo-
rithm that groups closely packed data points and identifies
outliers in low-density regions, used for adaptive filtering of PV
operational data to remove anomalies while preserving around
80% of valid data.

DC Power: The direct current power output from the PV
array before conversion to alternating current by the inverter,
measured in kilowatts (kW) and used as a primary variable for
performance analysis.

Degradation Signal: The component of the PV system’s
performance data that reflects long-term performance decline,
isolated in the manuscript through the Performance Ratio Index
(PRI) and STL decomposition.

Inverter: A device that converts direct current (DC) power
from PV modules into alternating current (AC) for grid
integration. In this work, the term collectively refers to the
devices across the entire analyzed fleet of 84 inverters at 8 distinct
locations , with a detailed comparative degradation analysis
focusing on three co-located inverters (Inverter 1001, 1002, and
2001) at Site A.

LGBM (Light Gradient Boosting Machine): An
ensemble decision-tree-based machine learning model used to
predict expected DC power output, selected for its accuracy and
efficiency in establishing a weather-normalized performance
baseline.
MAPE (Mean Absolute Percentage Error): A metric
used to evaluate the predictive accuracy of the LGBM model,
calculated as the average absolute percentage difference between
actual and predicted DC power values, expressed as a percentage.

O&M (Operations and Maintenance): Activities to
ensure the optimal performance and longevity of PV systems,
including monitoring, cleaning, and repairs, critical for mitigating
reversible performance losses.

PELT (Pruned Exact Linear Time): An algorithm for
detecting change points in time series data by minimizing a
penalized cost function, used to identify structural breaks in the
degradation trend with a modified BIC penalty.

Performance Loss Rate (PLR): The annualized rate at
which a PV system’s performance declines, expressed as a
percentage per year, quantified in this study using piecewise linear
regression on the STL trend.

Performance Ratio Index (PRI): A derived metric
formed by the ratio of actual to predicted Performance Ratio
(PRactual/PRpredicted), used to quantify intrinsic performance
changes while accounting for environmental variations.

Piecewise Linear Regression: A method to model non-
linear trends by fitting separate linear segments to different time
periods, applied to quantify PLR in distinct degradation phases
after PELT change point detection.

POA Irradiance (Plane of Array Irradiance): The solar
irradiance received by the PV array’s surface, measured inW/m2,
used as a key input for the LGBM predictive model.

Reference Yield (Yr): The equivalent number of hours at
the reference irradiance of 1 kW/m2 that would deliver the same
plane-of-array irradiance measured over the period; numerically,
Yr=Hpoa / Gref with Gref= 1 kW/m2, expressed in hours (kWh/
kW).

STL (Seasonal-Trend Decomposition using LOESS):
A time-series decomposition method that separates data into
trend, seasonal, and residual components, used to isolate the long-
term degradation trend from the PRI time series.
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Fig. A1. DBSCAN filtering results for Device 1001 from 2014 to 2019. The stability of the retained ’Non-Noise’ cluster (right column)
across all years demonstrates the effectiveness of the method.
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Fig. A2. DBSCAN filtering results for Device 1002 from 2014 to 2019. The results show a highly consistent filtering performance,
mirroring the patterns observed for the other devices.

16 K.-P. Cheung et al.: EPJ Photovoltaics 17, 8 (2026)



Fig. A3. DBSCAN filtering results for Device 2001 from 2014 to 2019. The visual evidence confirms that the DBSCAN method
reliably isolates the core operational data, providing a robust input for the subsequent modeling stages.
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