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Introduction and Motivation

The long-term reliability and financial viability of solar energy projects are critically dependent on
the predictable degradation of photovoltaic (PV) modules. While industry warranties and financial
models are often based on a linear, median degradation rate of approximately 0.5% per year[1],
[2], field data consistently reveals a more complex reality. A significant challenge to asset
performance is the occurrence of extreme degradation events, where a subset of modules
degrades at rates far exceeding typical expectations. This phenomenon manifests not as a few
isolated outliers, but as a continuous, asymmetric "long tail" in degradation rate distributions, as
documented in the comprehensive global dataset compiled by Jordan et al. [3]. This long tail
represents a substantial and poorly quantified risk, as even a small population of severely
underperforming modules can disproportionately impact system-level energy yield, safety, and
operational costs.

Significant research has focused on identifying specific, high-impact failure modes, such as
Potential-Induced Degradation (PID)[4] or UV-Induced Degradation (UVID)[5], which can explain
some of the most extreme degradation events. However, these often account for the furthest
outliers rather than the continuous nature of the tail itself. Most previous studies have focused on
mean or median degradation rates [1], [6-12], rather than examining the full shape of the
distribution. Consequently, the systemic origins of the broader long tail remain a critical and under-
investigated area. This study addresses this gap by performing a detailed statistical analysis on a
large global dataset by Jordan et al.[3] to deconstruct the primary factors that contribute to the
formation of the long tail. Our central hypothesis is that the long tail is a composite feature shaped
by the interplay of multiple, distinct failure pathways.

Methodology
Our analysis is structured in three investigative steps.

1. We perform a comparative distribution fitting analysis using five heavy-tailed models (Inverse
Gamma, Lognormal, Weibull, Fréchet, and Generalized Pareto) to test the hypothesis that
the long tail is not merely a statistical artifact of aggregating global data.

2. We use the Cramer’s V method to quantify the statistical association between eight common
degradation mechanisms (e.g. discolouration, delamination, etc) based on their co-
occurrence frequency, that is, how often multiple failure modes are observed on the same
PV module.

3. We explore the temporal dynamics by analysing the age composition of the degradation rate
distribution.

Results and Discussion

Our analysis first confirms that the long tail is an intrinsic feature of module degradation that
persists even within relatively homogeneous climate zones. This is clearly visualised in Figure 1,
which presents the results of our inverse gamma distribution fitting analysis for three major climate
classes(i.e. hot summer Mediterranean(Csa), hot desert(BWh) and Oceanic(Cfb) based on Képpen
climate classification[13]). The figure demonstrates that a significant right-skewed distribution
exists in all three environments.
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Having established the tail as a fundamental and climate-influenced problem, we then deconstruct
its origins. Our analysis reveals that the long tail is a composite feature with at least three distinct
origins: (1) rapid early-life failures from initial defects (infant mortality); (2) accelerated degradation
linked to the interaction of co-occurred failure modes; and (3) the stochastic failure of individual
latent defects over time. The full discussion of deconstruction of the tail's composition, including
the quantification of inter-mechanism associations, will be presented in the full presentation.

Understanding these separate pathways is critical for developing effective quality management and
risk mitigation strategies. This framework provides a more complete explanation for why real-world
degradation distributions are inherently skewed. This multifactorial understanding fundamentally
shifts the attentions from predicting average degradation to managing tail risk. It implies that
mitigation strategies must be multi-pronged: enhancing initial quality control is crucial to reduce
infant mortality, while robust module design using high-quality components is necessary to prevent
the initiation of interacting failure modes. Furthermore, advanced module architectures, such as
half-cut cells, can improve tolerance to the current mismatch induced by inevitable long-term wear-
out.
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Figure 1. Distribution of degradation rates within three typical climate conditions (N = sample size,
Shape is the a of inverse gamma function’s Probability density function). Figure 2 (a), (b), (c) are
histogram for hot summer Mediterranean, hot desert and Oceanic respectively. Data taken from [1]
and figure by the authors of this document.

In addition, these results highlight a fundamental challenge for risk modelling of PV performance in
the future. Because the long tail blends multiple pathways, which are infant mortality, interacting
degradation mechanisms, and stochastic wear-out, any single probability distribution will tend to
underrepresent both the complexity and the true heaviness of the tail. Forcing a single parametric
form onto such a heterogeneous population produces a compromise fit that obscures the
distinctive statistical signatures of each pathway. A critical direction for future research is therefore
the application of mixture models, which could quantitatively disentangle the contributions of these
different origins. That would improve tail risk estimates and cleanly separate early failures from
long-term aging, informing both quality control and financial planning.
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