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Abstract

Ensuring long-term reliability of photovoltaic (PV) modules is central to lowering levelized cost
of energy and warranty risk. Traditional accelerated testing (IEC 61215/61730) focuses on
pass/fail qualification under single or sequential stressors, which limits correlation with multi-
stressor field realities. Artificial Intelligence (Al) augments reliability science by learning non-
linear stress—response relationships from laboratory, outdoor, and imaging data; enabling
optimized combined accelerated stress testing (C-AST), early failure recognition, and lifetime
power-loss prediction. This paper reviews the role of Al in accelerated testing, presents an
analytic comparison between IEC and Al-augmented methods, and outlines practical workflows
for predictive degradation modeling and digital twins.

Index Terms—

Photovoltaics, reliability, accelerated testing, machine learning, artificial intelligence, predictive
maintenance, encapsulant, EVA, POE, digital twin.

I. Introduction

PV modules must deliver reliable performance over 25-30 years while facing thermal cycling,
humidity ingress, ultraviolet (UV) radiation, mechanical loads, and electrical bias. Conventional
reliability workflows—accelerated tests, empirical degradation rates, visual inspection, and 1V
analysis—are invaluable for qualification but have limitations when field degradation is driven by
coupled, non-linear stress interactions. Recent reviews and institutional programs have
highlighted the need for improved test realism and data-driven lifetime modeling, including
combined accelerated stress testing (C-AST) and fleet analytics [1]-[3]. Al techniques now
provide the statistical and computational substrate to learn from multi-modal datasets and to
transform reliability engineering from reactive diagnostics to predictive, physics-aware
intelligence [2], [4].

I1. Background and Related Work

State-of-the-art surveys document Al applications across PV forecasting, fault detection, and
reliability, emphasizing the scarcity of public fault datasets and the importance of thermal
imaging, IV curves, and multi-source fusion [2]. Predictive maintenance reviews further
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benchmark classifiers (e.g., Random Forest, CatBoost, CNN/LSTM ensembles) and underscore
challenges in generalization and edge deployment [3]. Institutional reliability research (e.g.,
NREL) advances C-AST protocols and fleet analytics tools (e.g., RdTools) to quantify soiling and
degradation at scale, providing high-value training data for Al models [1]. Hybrid ML models
that stack ANN, XGBoost, and Random Forest have reported R"2 > 0.95 for degradation
prediction on real-world data [4].

Comparison: IEC Accelerated Testing vs Al-Based Testing

1. Philosophy and Objective
Aspect IEC Accelerated Testing Al-Based Accelerated Testing

Core purpose  Qualification & safety compliance Lifetime prediction & failure understanding

Testing mindset Pass / fail Predict / explain / optimize
Standards IEC 61215, IEC 61730 Data-driven + physics-aware
Outcome Product approval Design improvement + risk reduction

2. Stress Application

Parameter IEC Testing Al-Based Testing

Stress type Single or sequential Simultaneous multi-stress
Examples DH, TC, UV, HF  Temp + RH + bias + UV + load
Stress profile Fixed values Dynamically optimized
Real-world similarity Limited High (field-calibrated)

r Key difference:
IEC tests apply stress.
Al tests learn which stress combinations actually cause degradation.
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3. Time and Efficiency

Aspect IEC Al-Enhanced
Test duration 1,000-4,000 hours Potentially reduced by 30-50%
Information extracted End-point results Continuous insight

Early-failure detection Rare Common (early warning)

Al often identifies incipient damage after 20-40% of the test duration, long before measurable
power loss occurs.

4. Degradation Modeling

Feature IEC Method Al Method

Degradation assumption  Linear or threshold-based Non-linear, history-dependent

Lifetime extrapolation Empirical rules ML regression + time-series
Climate dependency Poor Explicitly modeled
Encapsulant differentiation Limited Strong (EVA vs POE vs A-POE)

Al predicts how fast, when, and why power degradation occurs — IEC does not.

5. Failure Detection Capability

Failure Mode IEC Testing Al-Based Testing
Micro-cracks Often missed Detected via EL + Al
PID onset Late detection  Early leakage-trend detection

Delamination Visual/end-stage Image + signal-based
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Hot spots End-point Pattern-based prediction

6. Knowledge Creation

Dimension IEC Al
Root-cause insight Limited High
Learning across products Minimal Continuous
Feedback to design Slow  Real-time

Use for R&D optimization Low Very high

IEC confirms minimum reliability.
Al enables design-for-reliability.

Simple Interpretation of the Diagram
e IEC testing stops after “did it pass?”
e Al continues analyzing how damage develops over time
e Outputs are fed back into:
o accelerated test design
o material selection
o module architecture

o warranty modeling

Data Inputs Used by Al Models

Al models predict degradation by learning from multi-domain inputs:
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Data Category Example Parameters
Environmental Temperature, humidity, UV dose
Electrical Voc, Isc, Rs, Rsh, leakage current
Mechanical Thermal cycling amplitude

Material Encapsulant type, WVTR, thickness
Imaging EL, PL, IR features

These inputs capture both stress exposure and material response, enabling accurate power-loss
forecasting.

Bottom-Line Comparison (One-Line Summary)
IEC testing qualifies products; Al-based testing qualifies understanding.

For modern solar modules—especially advanced encapsulants, bifacial structures, and long
warranties—Al is becoming a necessary extension of IEC testing, not a replacement.

I11. How Al Improves Accelerated Testing
A. Intelligent Multi-Stress Test Design.

By linking lab and field datasets, Al learns which combinations of temperature, humidity, UV
dose, and electrical bias accelerate specific failure modes. This enables optimization of stress
profiles and sequencing to achieve equivalent damage in less time, improving correlation with
outdoor performance [1], [3].

B. Lab—Field Bridging and Time Compression.

Supervised learning maps short-duration lab damage states (EL/IR features, leakage trends) to
long-term field power loss, reducing reliance on single-activation-energy extrapolations and
enabling climate-aware lifetime predictions [1], [2].

C. Early Failure Recognition.

Computer vision models on EL/IR detect micro-cracks, solder fatigue, delamination, and
potential-induced degradation (PID) well before measurable Pmax loss, allowing earlier stop/go
decisions in tests and design iterations [2], [5].
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D. Closed-Loop Design Feedback.

Outputs from Al models—predicted degradation rates, remaining useful life (RUL), and failure
attribution—feed back into materials selection (e.g., EVA vs POE), laminate stack design, and
process controls, enabling design-for-reliability rather than qualification-only approaches [1], [2].

IV. Predicting Power Degradation with Al
A. Data Inputs and Feature Engineering.

Inputs include environmental histories (temperature, humidity, UV dose), electrical parameters
(Voc, Isc, Rs, Rsh, leakage currents), material descriptors (encapsulant type, WVTR, thickness),
and imaging (EL, IR). Feature engineering captures stress integrals, temperature—humidity
indices, and IV-derived health indicators [2], [4].

B. Modeling Approaches.

(1) Supervised regressors (Random Forest, XGBoost, ANN) learn non-linear mappings from
stress histories to AP/P. (2) Temporal models (LSTM/Transformer) learn seasonal and usage
dynamics to predict acceleration points. (3) Physics-informed ML integrates constraints from
diffusion, Arrhenius, and moisture ingress models to improve extrapolation [2], [3].

C. Interpretation and Root Cause.

Model explainability links features to mechanisms: rising series resistance (solder/interconnect),
falling shunt resistance (moisture/PID), EL dark regions (cracks/interconnects), and UV dose
(encapsulant browning). Such insights support corrective design and targeted testing [2], [5].

V. Comparative Analysis: IEC vs Al-Augmented Testing (Narrative)
Narrative comparison of IEC accelerated testing (IEC 61215/61730) and Al-augmented testing
across philosophy, stress application, time efficiency, modeling, and knowledge creation,
grounded in institutional and survey literature [1]-[5].
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RELIABILITY TESTING: IEC
VS. Al
IEC

SINGLE-STRESS
TESTING

MULTI-STRESS
TESTING

PASS/FAIL
OUTCOME

EARLY FAULT
DETECTION

END-POINT
DIAGNOSIS

CONTINUOUS
MONITORING

DEGRADATION
PREDICTION

LINEAR EXTRAPOLATION !

V. Comparative Analysis: IEC vs Al-Augmented Testing (Tabular)
Table 1 provides a detailed comparison across objectives, stress profiles, datasets, detection
capability, modeling, outcomes, and standardization. [1]—[5]

Dimension IEC Accelerated Testing Al-Augmented Testing
(61215/61730)

Primary objective Qualification & safety Predictive lifetime & failure
compliance; pass/fail understanding; design
thresholds optimization

Stress application Single or sequential stress Combined multi-stress (Temp
(DH, TC, UV, HF) at fixed + RH + UV + bias + load),
set-points optimized profiles

Real-world correlation Moderate; limited coupling of | High; calibrated to
stressors fleet/outdoor data (C-AST,

field analytics)

Data captured End-point 1V/visual Continuous multi-modal data
measurements (IV, EL/IR imaging,

environment logs)

Early failure detection Limited; often after High; incipient signatures
significant Pmax loss detected via EL/IR + ML

classifiers

Modeling approach Empirical/linear Non-linear ML
extrapolation; single (RF/XGB/ANN, LSTM),
activation energies physics-informed constraints

Outputs Pass/fail; limited root-cause Power-loss trajectory, RUL,
insight root-cause attribution,

uncertainty

Time & cost Fixed durations; potential Time-compressed via
over/under-testing optimized stresses; fewer test

cycles for same damage
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Standardization status Mature, codified in IEC Emerging best practices;
61215/61730 aligned with institutional
programs (e.g., NREL C-
AST)

V1. Workflow: Al in Accelerated Testing
Accelerated Stress Testing (C-AST: Temp, RH, UV, Bias)

|
Multi-Modal Data Acquisition (1V, EL, IR, Env Logs)

Al/ML Models: Degradation Regressor + Failure Classifier + Time-Series Predictor

|
Outputs: Power-Loss Prediction, RUL, Root-Cause Attribution

Design & Test Feedback: Encapsulant Choice, Optimized Stress Profiles, Process Controls

VII. ESG Implications of Al-Augmented Reliability Testing

Environmental — Al-enabled time-compressed and better-targeted testing reduces chamber
runtime and scrap, lowering energy use and lab waste. More accurate lifetime predictions reduce
premature replacements and landfill, and improve LCA outcomes for modules and materials [1],
[2]. Social — Higher field reliability decreases outage-related safety incidents and improves
community energy resilience; improved quality analytics upskill the workforce toward data and
reliability engineering roles [2], [3]. Governance — Traceable datasets, model documentation,
and uncertainty quantification strengthen supplier audits, warranty governance, and bankability
assessments; institutional programs (e.g., NREL fleet analytics) provide transparent benchmarks

[1], [3]

ESG IMPACT OF AI-BASED
RELIABILITY TESTING

* Reduced retesting
and waste

« Extended PV
module lifetime

« Improved uptime
and grid reliability

« Enhanced safety
and resilience

* Transparent data
and audits

« Increased investor
confidence

GOVERNANCE
+ Transparent data

and audits

* Increased investor

confidence
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VIII. Conclusion

Al does not replace IEC standards; it augments them with predictive, mechanism-aware insight.
By linking combined accelerated stress testing to fleet data and by detecting incipient failures
earlier, Al improves reliability outcomes while reducing test time and cost. The recommended
path forward is to: (1) instrument accelerated tests for multi-modal data capture, (2) adopt
validated ML baselines with physics constraints, (3) calibrate models across climates and module
bills-of-materials (EVA/POE/A-POE), and (4) formalize governance for datasets, model drift,
and uncertainty. This integrated approach will deliver more durable modules, stronger warranties,
and better ESG performance at scale [1]-[5].
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