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Abstract

The growing deployment of photovoltaic (PV) systems worldwide has amplified the need
for efficient, non-invasive diagnostic techniques to monitor their performance and ensure
long-term reliability. Infrared (IR) thermography has emerged as a powerful tool for detect-
ing thermal anomalies such as hotspots, cell mismatches, shading effects, and degradation
in PV modules under real operating conditions. This review presents a comprehensive
overview of recent advancements in thermographic analysis applied to PV diagnostics. It
discusses the principles of thermal imaging, imaging protocols, and data interpretation
techniques, alongside common thermal defects encountered in field and laboratory set-
tings. Furthermore, the integration of irradiance mapping, drone-assisted surveys, and
Al-based image analysis is examined for enhancing detection accuracy and scalability. The
review also highlights standardization challenges, environmental influences, and emerg-
ing trends in automation and predictive maintenance. By consolidating current research,
this study underscores the critical role of thermography in optimizing PV performance,
reducing maintenance costs, and supporting the transition to smarter, more resilient solar
energy infrastructures.

Keywords: thermography; photovoltaic; thermal anomalies; solar energy

1. Introduction

The global shift toward renewable energy sources has positioned solar photovoltaics
(PV) at the core of decarbonization strategies, particularly within the European Union’s
roadmap toward climate neutrality. With global PV capacity now exceeding 1 TW, these
systems are increasingly valued for their modularity, declining costs, and adaptability across
residential, commercial, and utility-scale applications [1,2]. As outlined in the REPowerEU
plan and the European Green Deal, photovoltaics are expected to play a leading role in
achieving 2030 and 2050 climate targets. In parallel with Europe’s decarbonization efforts,
China has become the largest PV market worldwide, strongly influencing global solar
deployment. By 2024, China’s cumulative installed PV capacity exceeded 880 GW, with
record annual additions of more than 270 GW, accounting for the majority of global new
installations. Supported by national energy roadmaps extending toward 2030 and beyond,
China is expected to maintain rapid PV expansion, reinforcing its role in achieving global
climate targets alongside European initiatives. However, this rapid deployment also raises
concerns about the long-term reliability and environmental impact of PV systems. Recent
studies have emphasized the significance of reducing the carbon footprint of PV modules,
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particularly during their manufacturing and transportation phases, which are identified as
environmental hotspots within a cradle-to-gate lifecycle perspective [3]. At the operational
level, PV modules remain susceptible to various degradation mechanisms and external
stressors such as thermal cycling, humidity, soiling, shading, and mechanical stress that
can lead to performance loss, hotspot formation, and accelerated aging [4,5]. Although PV
technologies are generally regarded as durable, with manufacturer warranties extending up
to 25 years, unmonitored failures can compromise safety and reduce energy yields. These
challenges underline the need for advanced monitoring and fault detection techniques
to ensure efficient maintenance, performance prediction, and lifecycle sustainability of
solar assets [6].

To maintain the performance and safety of PV systems, accurate and timely diagnostic
methods are essential. Conventional techniques such as I-V curve tracing, electrolumines-
cence (EL), and photoluminescence (PL) imaging offer high precision but are often limited to
laboratory settings or require system shutdowns [7,8]. In contrast, there is growing interest
in fast, non-contact, and scalable inspection methods suitable for in-field conditions.

Infrared (IR) thermography is now routinely deployed as a powerful non-destructive
diagnostic tool for detecting surface temperature variations in PV modules. By capturing
thermal images under actual operating conditions, this technique enables rapid identifi-
cation of localized anomalies such as hotspots, inactive cells, bypass diode failures, and
interconnect issues [9,10]. The ability to visualize these defects in situ makes thermography
particularly valuable for preventive maintenance and performance benchmarking in large
PV installations [11]. IR thermography is mainly sensitive to temperature anomalies as-
sociated with localized heating. Therefore, degradation mechanisms and failures such as
potential-induced degradation (PID), early-stage delamination, bypass diode malfunction
under low or uniform current conditions, and homogeneous soiling may not produce
detectable thermal signatures. As a result, these defects can be overlooked or ambiguously
identified when IR thermography is used as a standalone diagnostic technique. In this
sense, the IR thermography should be regarded as a complementary diagnostic tool rather
than a standalone method.

Beyond PV diagnostics, IR thermography is also widely used in the building sector
to visualize heat losses through facades and envelopes, supporting energy efficiency up-
grades by identifying thermal bridges and poorly insulated areas. While many studies
evaluate insulation, multilayer wall designs, shading, and thermal comfort mainly through
simulation or conventional measurements [12-16], others directly combine these analyses
with thermographic imaging to map surface temperature patterns and quantify envelope
thermal performance under real operating conditions [17-20]. This broader application
demonstrates the versatility of thermography as a contactless, field-deployable energy
assessment tool. However, in contrast to building diagnostics, where steady-state heat
transfer is predominant, the PV context involves dynamic electrical-thermal coupling
under variable irradiance and environmental conditions, requiring a more specialized
interpretation framework.

In PV systems, thermography must therefore be evaluated within a structured diag-
nostic perspective that considers three interrelated dimensions:

(i) Diagnostic performance, referring to detection accuracy, defect classification reliability,
and sensitivity to early-stage degradation mechanisms;

(ii) Environmental influence, including irradiance variability, wind speed, viewing
angle, emissivity uncertainty, and ambient temperature effects that can distort
thermal signatures;

(iii) Economic impact, since early and accurate defect detection directly affects energy
yield preservation, maintenance scheduling, and long-term system reliability.
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Recent advancements in IR camera technology, combined with UAV (unmanned aerial
vehicle) platforms, machine learning algorithms, and irradiance compensation techniques,
have significantly extended the capabilities of thermographic inspections [21]. Artificial
intelligence methods, including fuzzy logic, reinforcement learning, and real-time adaptive
control, are increasingly being applied to enhance thermal diagnostics through intelligent
interpretation of environmental and performance data [22]. In parallel, machine learn-
ing techniques such as deep learning and defect classification models are improving the
accuracy and speed of fault detection in PV modules, especially for luminescence and ther-
mographic imaging [23]. UAV-assisted thermography has demonstrated high effectiveness
in detecting module-level defects based on temperature differentials, offering a scalable
solution for rapid inspection of large PV fields [24].

These innovations enable high-resolution mapping, automated fault classification,
and improved interpretation under varying environmental conditions. Nevertheless, chal-
lenges remain in standardizing inspection protocols, defining quantitative defect severity
thresholds, and minimizing the influence of external factors such as wind speed and irradi-
ance variability [25]. A critical evaluation of thermographic methodologies, classification
schemes, and performance metrics within this diagnostic environmental economic frame-
work is therefore essential to maximize energy yield and ensure long-term PV reliability,
an objective that guides the structure of this review.

This review provides a comprehensive and up-to-date analysis of thermographic
methods for photovoltaic (PV) diagnostics, covering foundational principles of thermal
imaging, typical fault patterns, recent advances in data processing and automation, and
practical applications across residential, commercial, and utility-scale PV systems. Particu-
lar emphasis is placed on infrared (IR) thermography as a rapid and scalable approach for
fault detection, alongside the integration of artificial intelligence (AI), machine learning
(ML), and unmanned aerial vehicles (UAVs) to enhance diagnostic accuracy, automation,
and cost-effectiveness. By consolidating current knowledge and identifying research gaps,
this work aims to advance thermography as a core strategy for intelligent PV monitoring
and predictive maintenance.

1.1. Challenges in Operational Photovoltaic Systems

As the global demand for clean energy rises, PV systems have emerged as one of the
most promising technologies for sustainable electricity generation. However, ensuring
the long-term efficiency, safety, and economic viability of these systems requires reliable
monitoring and maintenance approaches. In real-world conditions, PV modules are contin-
uously exposed to a wide range of environmental and operational stressors that can lead
to performance degradation and system failures. Despite their reputation for reliability
and low maintenance, PV systems are not immune to faults, degradation, or external stress.
A number of challenges affect both the performance and safety of PV farms, particularly
as they scale in size and complexity [26]. One of the most common and critical issues is
the formation of hotspots, where localized heating results from cell mismatch, shading,
or internal defects [27]. Hotspots not only reduce energy output but can also accelerate
module degradation and create fire risks if left undetected [28].

Additional challenges include potential-induced degradation (PID), microcracks, de-
lamination, solder joint failures, and bypass diode malfunctions, all of which can impair
module performance and contribute to uneven thermal behavior [7,26-28]. Soiling and
shading are external factors that reduce irradiance on the module surface, often causing
energy imbalances that may lead to thermal stress. Connector failures and junction box
heating are less visible but pose significant safety hazards in aging systems [28,29].
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1.2. Existing Diagnostic and Monitoring Methods

Various diagnostic tools and monitoring approaches have been developed to address
faults in PV systems, each with distinct advantages and limitations. I-V curve tracing is
widely used for electrical performance assessment but typically requires system downtime
and skilled labor [30]. EL and PL imaging techniques are capable of detecting cell-level
defects and microcracks with high accuracy, but they are generally confined to laboratory
settings or require nighttime measurements, making them unsuitable for routine field
inspections [31]. IR thermography is an inherently qualitative diagnostic technique, as it
provides spatial information on surface temperature distributions without directly quan-
tifying the impact of defects on the electrical performance parameters of photovoltaic
modules. In contrast, I-V curve analysis and luminescence-based techniques, such as EL
and PL, enable a quantitative assessment of defect severity and associated power losses.
Consequently, defects such as PID, delamination, bypass diode malfunction, and soiling
may be only partially or indirectly identified by IR thermography. For this reason, IR
imaging is best employed as a screening tool to preselect modules for further investigation
using I-V, EL, and/or PL techniques that provide quantitative performance information.

Field-level monitoring systems such as SCADA (Supervisory Control and Data Ac-
quisition) and string-level inverters provide real-time electrical data but lack the spatial
resolution to localize module-level faults [32]. Manual visual inspections, although cost-
effective, are highly dependent on operator expertise and can miss hidden or internal
issues. Furthermore, traditional inspection methods often involve reactive maintenance,
identifying faults only after energy losses have occurred [27,30]. As PV installations become
larger and more distributed, these conventional methods are increasingly insufficient for
proactive and scalable maintenance strategies.

1.3. Thermographic Inspection as a Non-Invasive Solution

Infrared thermography is proven to be a promising solution for detecting surface
temperature anomalies in PV modules under real operating conditions [26]. By capturing
thermal images of PV surfaces, this method enables the rapid identification of localized
heating patterns associated with common faults such as hotspots, defective bypass diodes,
string mismatches, and soiling-related anomalies [33]. Recent advances in PV diagnostics
have enabled non-contact and daylight operable variants of EL imaging, as well as concepts
for non-contact I-V measurements, which can provide quantitative insights into module
performance. Daylight EL (dEL) methodologies allow EL imaging under natural irradiance
without module dismounting, using optical filtering and, in some implementations, self-
powered configurations to inject current into the string, yielding defect images comparable
to those obtained under traditional dark conditions, but with improved operational con-
venience for field inspection [34]. Luminescence-based techniques, including EL and PL,
have been shown to correlate image intensity and patterns with electrical parameters such
as power loss and cell degradation, enabling a more quantitative assessment of module
health than surface temperature alone [35,36]. In contrast, IR thermography remains funda-
mentally qualitative: it detects temperature variations as proxies for electrical anomalies
but does not directly quantify electrical parameters. While IR imaging under operational
conditions can efficiently identify gross hotspots and surface thermal anomalies, it often
lacks sensitivity to subtle or early-stage defects that do not produce significant thermal
contrast. Therefore, IR thermography is best suited as a high-throughput screening tech-
nique to narrow down candidate modules for subsequent quantitative evaluation using
I-V curve analysis and luminescence imaging, which provide higher resolution of internal
defect structures and measurable impacts on electrical performance.
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Thermal imaging is non-contact, does not require disconnection of modules, and can
be performed in real time during normal operation [31,37]. Thermography is particularly
well-suited for utility-scale PV farms, where the ability to scan hundreds or thousands of
modules quickly is crucial [37,38]. The integration of thermal imaging with UAV platforms
has further increased the feasibility and speed of large-scale inspections [39]. Addition-
ally, with proper environmental corrections such as irradiance normalization and wind
compensation [40], thermal inspections can offer reliable insights into PV system health and
performance degradation. Despite some limitations, including sensitivity to environmental
noise and the need for skilled interpretation, thermographic inspection represents a signifi-
cant advancement in preventive maintenance for solar energy systems [7]. In summary, the
IR thermography is a qualitative technique that:

- Detects surface temperature variations and hotspots.

- Conducts rapid, non-invasive screening of large arrays.

- Has limited sensitivity to early-stage or low-contrast defects.

- Cannot directly quantify electrical performance or power loss.

On the other hand, EL/PL is quantitative and:

- It provides high-resolution images of internal defect structures (cracks, shunts,
PID, delamination).

- Intensity and pattern directly correlate with electrical parameters and power losses.

- Daylight EL (dEL) allows field inspection without module shutdown.

- It enables assessment of defect severity and degradation stage quantitatively.

The I-V Curve Analysis (quantitative):

- Measures module electrical performance directly under natural or controlled illumination.

- Detects current mismatch, bypass diode failures, and overall performance degradation.

- Demonstrates non-contact concepts for field measurements, though not yet
fully commercialized.

- Provides quantitative metrics to evaluate impact of defects on output power
and efficiency.

1.4. Research Scope and Contribution

This review advances the state of the art in photovoltaic (PV) diagnostics by redefin-
ing infrared thermography (IRT) as more than a conventional defect detection technique.
Rather than treating thermography as an isolated inspection tool, the paper conceptual-
izes IRT as a scalable, intelligence-driven framework for performance optimization and
long-term reliability management in PV systems. It should be noted that standalone IRTG
is mainly qualitative. While it effectively localizes thermal anomalies, the interpretation of
temperature patterns depends on environmental conditions and system-specific charac-
teristics. Therefore, robust and generalizable modeling requires integration with electrical
parameters, standardized acquisition protocols, or machine learning frameworks, and
thermographic results should be interpreted as indicators rather than direct predictors of
degradation mechanisms.

In contrast to previous reviews that primarily catalog degradation modes or focus on
protocol-oriented imaging guidelines, this work systematically integrates thermographic
fundamentals with UAV-assisted deployment strategies, irradiance-compensated analysis
approaches, and emerging artificial intelligence methodologies for automated anomaly
detection and predictive maintenance. By bridging methodological rigor with field-level
scalability and smart operation and maintenance (O&M) strategies, the review positions
thermography as a key enabling technology for next-generation, data-driven PV asset
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management and resilient solar energy infrastructures. The distinctive characteristics of the

present contribution respect to the existent analyzed reviews are summarized in Table 1.

Table 1. Comparison of the present paper with other review papers in the literature.

Distinctive Contribution of the

Compared Document Main Focus Limitations .
Present Review
Foundational but Moves from descriptive failure
Comprehensive review of PV descriptive; limited cataloging to smart diagnostic
TEA, (2014) [8] . AR . .
module failures digitalization/ integration and

automation perspective

automation strategies

IEA, (2017) [41]

Field failure database and
reliability statistics

Report-style,
database-heavy, less
innovation-driven

Adds forward-looking perspective:
Al-driven automation, predictive
maintenance, and intelligent
image interpretation

IEA, (2018) [30]

IR and EL field
imaging guidelines

Protocol- and
standards-oriented; limited
Al/automation integration

Extends beyond guidelines by
integrating machine learning, UAV
mapping, and intelligent

fault classification

Kandeal et al., (2021) [10]

Infrared thermography for PV
condition monitoring

Short, technique-centered,
limited system integration
and innovation scope

Provides broader integration of
thermography + UAV + irradiance
compensation + Al, moving beyond
a mini-review into a strategic and
scalable framework

Koester et al., (2022) [42]

Degradation mechanisms and
techno-economic assessment

Focused on failure modes
and cost evaluation
rather than imaging
methodology innovation

Positions thermography as an
operational optimization tool, not
only a defect indicator; emphasizes
real-time monitoring and

smart maintenance

Provides deep technical

TEA, (2023) [1] Global PV market and Market-focused; no contribution directly linked to
! policy trends diagnostic depth improving plant-level performance
and resilience
Strong PV-centered technical depth;
IR thermography for building  Not PV-specific; links thermography directly to

Tardy, (2023) [20]

envelope diagnostics

building-oriented

energy yield maximization and
PV reliability

Michail et al., (2024) [33]

UAV-based imaging and
fault detection

Broad UAV focus; less
depth in thermographic
physics and
interpretation challenges

Combines methodological
thermography analysis with UAV
deployment, offering both technical
rigor and scalability discussion

Del Prado Santamaria
et al., (2025) [35]

Electroluminescence imaging
and Al advancements

Technique-specific (EL only)

Focuses on thermal diagnostics
under real operating conditions,
offering practical field applicability
without requiring system shutdown

The present document consolidates the current knowledge on:

e an Te

The principles of thermographic imaging and best practices for field inspections.
The mapping of thermal patterns to specific PV fault types.

The role of UAVs in large-scale thermographic surveys.

The integration of AI and ML techniques for automated fault detection.

The challenges and limitations of current methods and prospects for standardization.

By synthesizing research across engineering, data science, and renewable energy

domains, this paper aims to guide future innovation in intelligent PV monitoring

systems, ultimately contributing to more resilient, efficient, and cost-effective solar

energy infrastructures.
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1.4.1. Annual Submissions of Publications on Infrared Thermography in PV Systems

A structured bibliometric analysis was conducted using the Web of Science Core Col-
lection (WoSCC) database to evaluate the evolution of research on infrared thermography
applied to photovoltaic (PV) systems over the period 2016-2025. The search was performed
in January 2026 using a TAT (Title-Abstract-Topic) strategy, meaning that keywords were
retrieved from the Topic (TS) field, which includes Title, Abstract, Author Keywords,
and Keywords Plus. The Boolean search expression applied in the Web of Science Core
Collection was: TS = ((“infrared thermography” AND “PV”) OR “photovoltaic thermogra-
phy” OR “thermography using drone” OR “machine learning for PV fault detection” OR
“thermal image processing on PV modules”).

The search was limited to the Web of Science Core Collection database. The Preprint
Citation Index and Research Commons databases were excluded to ensure peer-reviewed
content only. Furthermore, document types were restricted to Article and Review Article,
while meeting abstracts, early access records, book chapters, editorial materials, data papers,
clinical trials, and retracted publications were excluded to enhance dataset consistency and
scientific reliability. Only English-language publications were considered.

After applying these filters and performing manual screening of titles and abstracts to
remove unrelated applications (e.g., medical thermography or non-PV building studies),
the final dataset consisted of 1438 publications.

Figure 1 illustrates the annual distribution of research output, where the vertical axis
represents the number of publications and the horizontal axis denotes the publication year.

Annual publications indexed in web of science
300
250

200

150
10
2l
0

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Number of publications
o

o

Year

Figure 1. Annual publications indexed in the Web of Science Core Collection related to infrared
thermography in PV systems, covering the period 20162025 (data for 2025 updated until September
at the time of writing).

To provide analytical depth beyond publication counts, citation-based indicators (total
citations and average citations per document) were extracted. In addition, keyword co-
occurrence and thematic clustering analyses were performed using VOSviewer to identify
dominant research themes and methodological trends within the field.

It should be noted that Web of Science subject categories are not mutually exclusive; a
single publication may be classified under multiple subject areas (e.g., Energy and Fuels,
Electrical Engineering, Materials Science). Therefore, the aggregated subject-area counts
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exceed the total number of unique publications, reflecting interdisciplinary overlap rather
than inconsistency in the dataset.

The annual publication trend over the last decade shows a steady and sustained
growth in research on infrared thermography in PV systems. Between 2016 and 2020, the
increase was gradual, reflecting the consolidation of thermography as a practical diagnostic
tool for hotspot detection and fault identification.

From 2021 onward, research output accelerated significantly, exceeding 170 publi-
cations annually. This growth coincides with the integration of UAV-based inspections,
machine learning algorithms, and automated image-processing techniques for defect clas-
sification. The peak in 2024, with more than 250 indexed publications, indicates a strong
expansion of research interest, driven by the convergence of thermographic diagnostics
with intelligent data analysis and smart monitoring systems.

Although 2025 shows a lower count, this is due to partial database coverage at the
time of data retrieval. Overall, the temporal evolution reflects not only quantitative growth
but also a thematic shift toward automation, environmental compensation strategies, and
performance-oriented diagnostic frameworks. These thematic patterns are further exam-
ined in the following subsections.

1.4.2. Geographical Distribution of Research Contributions

The geographical distribution of publications on infrared thermography in PV systems
demonstrates active global engagement, with several countries emerging as key contrib-
utors. As presented in Figure 2, based on the analyzed Web of Science dataset, Germany
leads with 293 records (16.32%), highlighting its strong research base in renewable energy
diagnostics and performance monitoring. China follows with 251 publications (13.98%),
underlining its rapid expansion in solar energy deployment and emphasis on advanced
inspection technologies. The United States ranks third with 229 records (12.76%), reflecting
its leadership in integrating UAV platforms, machine learning, and thermal imaging for PV
fault detection.

Annual number of paper indexed in web of science core

collection
350
300
w
S
2 250
[0}
2
o 200
>
o
% 150
Y
2
100
£
>
S IIIIIIIII
: ARREN
> << 3z0 g << xy << 2zx <oz
<Z(ZDD<<<Z(§EmDZE<D(g§§;’¥<
s 5 Z':B;_AOccé <ozx—m<x§
s 0 0 X £ Z c 5 T o O—laq:
i z T 9 _ - < O > < —
o wE 2 0 b=
o < 5
o <
wv wv
Countries

Figure 2. Geographical distribution of publications on infrared thermography in photovoltaic (PV)
systems indexed in the Web of Science Core Collection, covering the period 2016-2025.
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India contributes 181 publications (10.08%), reflecting its large-scale solar initiatives,
while Italy (104; 5.79%) and Spain (90; 5.01%) remain strong European contributors. Eng-
land (67; 3.73%), South Korea (63; 3.51%), Australia (62; 3.45%), and Saudi Arabia (58; 3.23%)
also demonstrate substantial research activity. Other countries including the UK, France,
Algeria, Canada, and Brazil each account for more than 2% of total output, whereas Iran,
Norway, Malaysia, Turkey, and Taiwan contribute smaller yet steadily increasing shares.
Taken as a whole, this geographic spread indicates a broad and coordinated international
effort, where both established research hubs and emerging regions are actively shaping the
development of thermographic diagnostics for photovoltaic systems.

1.4.3. Publication Title Distribution

The distribution of research output across journals and conference proceedings is
presented in Figure 3. The journal Energies leads with 69 publications (3.84%), reflecting
its growing role as a platform for applied research in renewable energy diagnostics. Close
behind are Solar Energy (67; 3.73%) and Solar Energy Materials and Solar Cells (67; 3.73%), both
of which maintain strong traditions in advancing solar photovoltaic science and materials
development. The IEEE Journal of Photovoltaics ranks fourth with 66 publications (3.68%),
underscoring the importance of engineering-oriented approaches to PV performance and
reliability. The IEEE Photovoltaic Specialists Conference contributes to 62 records (3.45%),
highlighting the role of technical symposia in disseminating innovations in thermography
and PV monitoring.

RENEWABLE ENERGY
PROCEEDINGS OF SPIE
SOLAR ENERGY MATERIALS SOLAR CELLS
IEEE ACCESS
PROGRESS IN PHOTOVOLTAICS RESEARCH...
PROGRESS IN PHOTOVOLTAICS
IEEE PHOTOVOLTAIC SPECIALISTS CONFERENCE
IEEE JOURNAL OF PHOTOVOLTAICS
SOLAR ENERGY MATERIALS AND SOLAR CELLS
SOLAR ENERGY
ENERGIES

Publication Titles

o
N
o
B
o
D
o

80
Number of publications

Figure 3. Distribution of publications on infrared thermography in PV systems by source titles
indexed in the Web of Science Core Collection from 2016 to 2025.

Other influential sources include Progress in Photovoltaics (50; 2.79%) and Progress in
Photovoltaics: Research and Applications (49; 2.73%), which together emphasize specialized
advances in performance modeling and diagnostic methods. IEEE Access (44; 2.45%)
provides an open-access platform for multidisciplinary contributions, while Solar Energy
Materials and Solar Cells appears again under a separate indexing with 41 records (2.28%).
Additionally, outlets such as Proceedings of SPIE (33; 1.84%) and Renewable Energy (28; 1.56%)
reflect contributions from both conference-based and broader sustainability research. This
distribution reflects the cross-disciplinary character of thermographic PV studies, spanning
materials, diagnostics, and system-level applications.
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1.4.4. Research Areas

The distribution of publications by research area is illustrated in Figure 4. The majority
of contributions are concentrated in Engineering (1497 records; 83.40%) and Energy Fuels
(1441; 80.28%), reflecting the strong technical and applied energy focus of thermography
research in PV systems. Physics (727; 40.50%) and Materials Science (695; 38.72%) also
represent substantial shares, underscoring the importance of fundamental principles and
material related investigations in PV diagnostics.

Communication

Chemistry

Science Technology Other Topics
Mathematics

Instruments Instrumentation

Research Area

Computer Science
Materials Science
Physics

Energy Fuels

Engineering

o

500 1000 1500 2000
Number of publications

Figure 4. Distribution of publications on infrared thermography in PV systems by research area,
based on records indexed in the Web of Science Core Collection from 2016 to 2025.

Additional significant areas include Computer Science (656; 36.55%), which highlights
the growing role of artificial intelligence and machine learning in thermal image processing,
and Instruments and Instrumentation (334; 18.61%), emphasizing the development of
advanced imaging systems. Other contributions span Mathematics (314; 17.49%), Science
and Technology Other Topics (307; 17.10%), Chemistry (280; 15.60%), and Communication
(251; 13.98%). This broad distribution reflects the multidisciplinary nature of the field,
where expertise in engineering, physics, computation, and applied sciences converges to
advance reliable PV performance monitoring and predictive maintenance strategies.

2. Overview of Infrared Thermography

Thermography has become one of the most widely investigated non-destructive test-
ing techniques (NDTTs) for PV diagnostics, primarily due to its ability to detect temperature
anomalies without interrupting system operation. It operates based on detecting IR ra-
diation naturally emitted by surfaces due to their thermal energy. Any object with a
temperature above absolute zero emits IR radiation, which can be captured and analyzed
using thermal imaging systems. When an external energy source, such as sunlight, strikes
a surface, the energy is distributed in three main pathways: it can be reflected, absorbed, or
transmitted, depending on the material’s optical properties. The total incident irradiance
(G) is the sum of the reflected (Gr), absorbed (Ga), and transmitted (Gt) components, i.e.,
G = Gr + Ga + Gt [43]. For typical PV modules, the glass superstrate reflects only a small
fraction of the incoming radiation at normal incidence (generally below ~6%), while the
majority of the transmitted irradiance reaches the solar cells. The dominant heat generation
mechanism occurs within the semiconductor material, where photons with energy exceed-
ing the band gap undergo thermalization, and additional non-radiative recombination and
resistive losses further contribute to temperature rise. The resulting heat is then conducted
through the encapsulation layers toward the glass surface and dissipated to the environ-
ment by convection and infrared radiation. This energy conversion and heat transfer
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process explains why surface temperature patterns observed by infrared thermography
primarily reflect internal electrical and material losses within the cells rather than direct
heating of the glass itself. The schematic representation of the interactions among solar
irradiance, atmosphere and a PV module is reported in Figure 5.

T sky

N2
-,"- Tamb.

Radiative heat
transfer (infrared
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Figure 5. Schematic representation of solar irradiance interaction with a PV module, illustrating the
different heat transfer mechanisms.

By capturing the infrared radiation emitted by objects, thermography allows for the
visualization and analysis of surface temperature distributions, enabling the detection of
defects such as hotspots, cracks, and delamination in PV modules without physical contact
or system interruption. This section provides an overview of the fundamental concepts of
thermography, its classifications, and the advanced methods developed for thermographic
inspections in PV applications.

Recent advances in digital imaging have significantly simplified fault diagnostics in
PV systems through the use of uncooled focal plane array detectors and charge coupled
devices [44,45]. Among these, IRTG has demonstrated consistent effectiveness in not
only fault detection but also precise localization of anomalies [41]. Electroluminescence
(EL) imaging offers high accuracy for cell-level defects but faces practical limitations for
outdoor inspections. IRTG provides a complementary non-contact method suitable for
field applications, though its capabilities require clear de-lineation. IRTG effectively detects
delamination, as the insulating air gap disrupts conductive heat flow from cells to the
surface, creating detectable thermal patterns [46,47]. However, IRTG is not reliable for
detecting structural defects in the glass superstrate: recent studies confirm that early-stage
glass microcracks do not produce appreciable thermal signatures and are not identifiable
through standard IRTG inspection [48]. It relies on thermal cameras to map temperature
distributions across PV module surfaces, producing two- or three-dimensional pseudo-
color images where healthy systems display homogeneous thermal patterns, and defective
areas manifest as localized hotspots.

For reliable field inspections, IRTG measurements are typically performed under
steady state illumination and stable weather conditions to ensure accurate readings. This
capability makes IRTG especially attractive for predictive maintenance of PV systems [49],
as it can be deployed without additional sensors or interruptions to normal operation.
Recent years have seen a notable rise in publications applying IRTG to PV condition
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monitoring, reflecting its growing acceptance as a mainstream diagnostic tool. To better
understand this trend, bibliometric mapping of keywords and co-occurrence networks
has been carried out using VOSviewer software (https://www.vosviewer.com/, accessed
on 2 October 2025), where node size reflects keyword frequency, link thickness indicates
co-occurrence strength, and color shows publication year, revealing that IRTG has been in-
creasingly applied in PV condition monitoring since 2016 [50]. A comparative experimental
investigation highlighted those active thermographic approaches, such as step heating ther-
mography (SHT), which not only confirm the presence of defective cells observed through
passive imaging but can also accurately localize internal cracks within PV cells. These
findings reinforce the potential of active thermography as a reliable nondestructive method
for performance evaluation of PV modules, offering fast, intuitive, and reproducible results
across various fault types [51].

The Infrared Thermography can be classified as in Figure 6, and the following para-
graph contains a description of each category.

Classification of Infrared Thermography

Active Thermography Passive Thermography

Pulsed Thermography (PL)

Lock-in Thermography (LIT)

Vibro-Thermography (VT)

Figure 6. Classification of infrared thermography.

2.1. Active Thermography in Photovoltaic Diagnostics

Active thermography involves the deliberate application of external thermal exci-
tation to PV surfaces to enhance the detection of subsurface anomalies. Unlike passive
methods that rely solely on naturally emitted thermal radiation, active thermography
uses controlled heating or cooling to induce a measurable thermal response. This ap-
proach is particularly effective in laboratory or indoor environments, where thermal inputs
and ambient conditions can be tightly regulated. Three commonly used active thermo-
graphic techniques in PV diagnostics include pulsed thermography, lock-in thermography,
and vibro-thermography.

Pulsed thermography involves applying a short burst of energy, typically from a flash
lamp or halogen source to the PV module surface [52], followed by thermal imaging during
the transient cooling phase. The resulting thermal gradient reveals subsurface anomalies
due to localized heat accumulation, particularly in regions with delamination, cracks, or
voids. However, the technique can be affected by non-uniform energy distribution and
surface reflections, which can lead to a distortion of the image quality and require complex
post processing algorithms for accurate defect interpretation [53].
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Lock-in thermography (LIT) enhances thermal contrast by applying a periodic, modu-
lated heat source, often a laser or halogen lamp, and synchronously capturing the thermal
wave response: typical frequencies are around 10-40 Hz with thermal diffusion lengths of
~1.7 mm [54]. This phase sensitive detection technique is especially effective in identifying
small-scale defects such as shunts, microcracks, and current leakage paths, making it widely
used for quality control during PV cell manufacturing. Recent advancements have further
extended the capabilities of LIT by introducing depth resolved analysis, which enables
the differentiation of heat sources originating from the top, middle, or rear layers of the
solar cell. These enhanced methods, such as the top-minus-bottom difference signal and
imaginary Fast Fourier Transform (FFT) signal analysis, allow more precise localization of
recombination regions and defects like backside contact failures or emitter surface scratches.
Although challenges such as alignment artifacts and image noise remain, the results show
that depth-resolved LIT can quantitatively identify vertical defect distributions, offering
significant diagnostic potential beyond conventional surface-level inspections [54]; nonethe-
less, in UAV inspections of utility scale facilities, the required measurement conditions are
difficult to replicate, contributing to diagnostic uncertainty.

Vibro-thermography utilizes ultrasonic excitation, typically in the range of 15-40 kHz,
to induce localized frictional or strain-based heating at defect sites within the PV cell
structure. The resulting transient thermal response is captured in real time using an infrared
camera. This technique is particularly effective for detecting microcracks, delamination,
and mechanical discontinuities in crystalline silicon wafers. Recent developments in
resonance ultrasonic vibration (RUV) methods have further enhanced the efficiency of
crack detection by exploiting frequency shifts and bandwidth changes in the vibrational
response. Cracks cause a measurable decrease in wafer stiffness, leading to a downward
shift in resonant frequency and broadening of the spectral peak. These changes correlate
directly with crack length and severity, enabling both detection and preliminary defect
characterization [55]. With data acquisition cycles as short as 2.4 s, including wafer loading,
excitation, measurement, and release, the RUV-based vibro-thermography approach is
highly compatible with high-throughput solar cell production lines. Overall, these active
thermographic techniques, pulsed, lock-in, and vibro-thermography, offer complementary
advantages for rapid, non-contact, and high-resolution fault detection in PV modules,
supporting both quality control during manufacturing and predictive maintenance during
operation. On the other hand, the remarkable disparity in inspection times highlights that
there is no universal technique: while RUV takes few seconds per wafer and EL could take
less than one second, high-resolution thermography (e.g., lock-in) takes minutes to hours,
and UAV inspections on large plants take hours, depending on the scale.

2.2. Passive Thermography

Passive thermography involves monitoring PV modules under natural solar irra-
diance without external thermal stimulation. This approach relies on detecting surface
temperature anomalies such as hotspots caused by defects like microcracks, delamination,
or internal short circuits. Since the electrical performance of silicon-based modules is
highly temperature sensitive, with power reductions of about 4-5% for a 10 °C increase
in operating temperature, any localized heating pattern is often indicative of underlying
faults that lead to efficiency losses [56]. IRTG, when passively applied under stable weather
conditions, enables the identification of such faults in real time, making it suitable for
large-scale outdoor inspections, especially when combined with UAVs.

Recent studies have advanced the field by quantifying the relationship between ther-
mal anomalies and power losses on the system level. For instance, each module sub-
string containing a thermal anomaly (false positives should be avoided considering only
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temperature differences higher than 5 °C) can reduce string output by an average of
1.16%, with more severe fault types contributing even greater losses [57]. However, the
presence of multiple anomalies significantly correlates with cumulative energy degradation.
Kandeal et al. [10] investigated the impact of the presence of thermal anomalies on the
performance decay of a PV string with respect to fault free ones, analyzing thermographs
and SCADA data from operating PV plants. In summary, localized overheating results in
energy efficiency losses (at the string level) typically ranging from 2% to 4%, with some
cases exceeding 5%. The most severe degradation occurs in modules affected by mul-
tiple hotspots or extended overtemperature conditions, while single hotspots or diode
overheating exhibit more variable effects. Over time, thermal anomalies contribute to a pro-
gressive deterioration of performance, with an estimated annual degradation rate of up to
3%. These insights confirm that passive IRTG is not only a qualitative diagnostic tool
but also valuable in performance prediction and targeted maintenance planning when
combined with system-level analytics. Advanced techniques such as reverse bias ther-
mography further enhance fault detection by accentuating heat dissipation at defect sites.
Combined with scanning electron microscopy (SEM), researchers have linked hotspots
to regions with high impurity concentrations, such as transition metals, which accelerate
degradation mechanisms [58].

Field investigations, such as the study on the ETFOS 1 power plant, illustrate passive
IRTG's practical utility. By analyzing 16 thermograms, researchers identified unexpected
thermal patterns with temperature differentials ranging from 1.9 °C to 3.5 °C and em-
phasized the need for careful consideration of emissivity, reflection, and viewing angles:
incorrect emissivity settings can introduce 2 °C errors, while glass reflection can cause up
to 15 °C deviations depending on cloud cover. The study also highlighted the importance
of operator training and standardized measurement protocols for accurate diagnostics [59].

Finally, both passive and active IRTG methods have proven effective for condition-
based performance evaluation. In one study, passive IRTG successfully identified hotspots
responsible for reduced output in underperforming modules. While limitations remain
(such as environmental dependencies and material properties), passive IRTG stands out
as a reliable, scalable solution for routine PV monitoring, offering real time diagnostics
without interrupting system operation [60].

2.2.1. Effects of Camera-Module Alignment on Passive Thermography

The present authors conducted an experimental thermographic campaign on 10 July
2025 at the University of Genova Savona Campus, Savona, Italy, using a bifacial photo-
voltaic (BPV) solar bench equipped with a solar tracking system. The objective of this
activity was to illustrate the influence of camera viewing geometry on the interpretation of
passive infrared thermographic measurements under real outdoor operating conditions.

The thermographic measurements were performed using a FLIR T560 infrared camera
(FLIR Systems, Wilsonville, OR, USA) mounted on a tripod to ensure stable acquisition
conditions. The camera was positioned at a fixed distance of 6.00 m from the front surface
of the PV module, with the lens located approximately at the same height as the module
center. The BPV module was installed at a tilt angle 3 = 35°, while the camera viewing angle
relative to the horizontal was 0, = 55°, as illustrated in Figure 7. During the campaign, the
PV module was oriented at an azimuth angle of +60° (southwest).

Environmental conditions were monitored using pyranometers and an HT I-V curve
tracer, allowing estimation of the plane of array irradiance during the thermographic
sessions. Measurements were carried out at three representative times of the day,
09:45, 12:50, and 15:20, corresponding to morning, solar noon, and afternoon conditions.
The recorded irradiance levels during these sessions were approximately 850 W m~2,
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1005 W m~2, and 950 W m™~2, respectively. Figure 8 shows the experimental setup used
during the campaign.
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Figure 7. Schematic representation of the measurement geometry, indicating the PV module tilt angle
(B =35°) and the thermal camera viewing angle (8, = 55°) relative to the horizontal.

Figure 8. Experimental setup at the University of Genova Savona Campus showing the bifacial PV
mobile bench oriented at an azimuth angle of +60° facing southwest, with the FLIR thermal camera
mounted on a tripod at 6 m.

To evaluate the influence of viewing geometry on thermographic interpretation, the
camera position was also varied by rotating it £35° horizontally relative to the module
central axis, while maintaining the same 6 m observation distance. These angular offsets,
illustrated in Figure 9, represent eastward and westward viewing configurations and
allow assessment of how off axis observation affects the apparent thermal distribution and
hotspot visibility across the module surface. The three viewing angles (—35°, 0°, +35°) were
acquired sequentially within a few minutes during each measurement session to ensure
that ambient temperature and irradiance conditions remained approximately constant.
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Figure 9. Schematic representation of horizontal camera angle variation (+35°) from the central axis
of the PV module during thermographic inspection, while maintaining a constant distance of 6 m.

2.2.2. Results and Discussion

The thermographic observations summarized in Table 1 highlight the influence of
irradiance level and viewing geometry on the apparent surface temperature distribution of
the bifacial PV module.

During the morning session (09:45), the recorded plane of array irradiance was ap-
proximately 850 W m 2. Under these conditions, the module exhibited relatively moderate
surface temperatures with a fairly uniform distribution across the cells. Reference tem-
perature measurements obtained from the electrical instrumentation indicated typical cell
temperatures of approximately 48 °C for normal cells, while a deliberately perturbed cell
(containing a small insulating element used to simulate a localized thermal disturbance)
reached approximately 53 °C, illustrating the sensitivity of thermographic inspection to
localized heating phenomena.

At solar noon (12:50), the irradiance increased to approximately 1005 W m~2, leading
to a noticeable increase in module temperature and a stronger thermal contrast in the
thermograms. Under these conditions, the thermal distribution appeared more uniform
across the module surface, and the influence of camera viewing angle was less pronounced
because the module surface was more directly exposed to solar radiation.

During the afternoon measurement (15:20), irradiance levels remained relatively
high (2950 W m~2), and the module continued to exhibit elevated surface temperatures.
Because the solar azimuth at this time was closer to the module orientation (+60°), the
panel maintained effective irradiance exposure despite the slightly lower global irradiance
compared with noon conditions.

Comparison between the 0°, —35°, and +35° viewing configurations revealed that
off-axis thermographic measurements can introduce variations in the apparent temperature
field. These differences are mainly attributed to angular emissivity effects and reflection arti-
facts, which may slightly alter the perceived temperature gradients and hotspot visibility in
infrared images. In contrast, near-normal viewing configurations tend to provide the most
consistent representation of the emitted infrared radiation from the module surface. Al-
though the measurements presented here correspond to a single illustrative field campaign,
the observations highlight the practical importance of irradiance level, module orientation,
and camera observation geometry in passive infrared thermography. Careful control of
these parameters is therefore essential to ensure reliable interpretation of thermographic
data during PV inspection campaigns.

3. Fault Types and Their Detectability Using Infrared Thermography

Understanding the types and implications of faults in PV systems is critical for en-
suring both system safety and long-term performance reliability. Faults not only reduce
the energy yield and operational efficiency of PV arrays but can also lead to premature
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degradation, posing safety risks such as fire hazards or electrical failure. These faults can
range from chronic, high-risk issues such as line-to-line faults, ground faults, shading, and
arc faults to more localized and less frequent problems like hotspots, bypass diode failures,
or connection defects [60]. PV module failures are typically categorized into three temporal
stages: infant failures (e.g., junction box defects, interconnection issues), midlife failures
(e.g., delamination, glass breakage, or Ethylene Vinyl Acetate (EVA) discoloration), and
wear-out failures (e.g., cell cracking, corrosion, or encapsulant degradation) [61]. Each
type of fault can manifest distinct thermal or electrical signatures, impacting power output
in varied ways depending on its location, severity, and interaction with environmental
conditions [62]. Advancing diagnostic reliability requires not only identifying fault mecha-
nisms and their root causes, but also addressing the practical limitations that hinder their
early and accurate detection in real world conditions. In the following subsections, key PV
fault types will be analyzed in detail to highlight their characteristics, detection methods,
and implications for system performance and longevity.

3.1. Breakages and Cracks of PV Modules

Breakages and cracks are among the most frequent mechanical faults observed in PV
modules and are critical to both performance degradation and long-term reliability. Glass
breakage, in particular, is often introduced during transportation, installation, or mainte-
nance activities and can lead to immediate or progressive damage in field conditions [63],
and can also be induced by thermal shocks such as sudden cooling events [64]. Importantly,
field observations indicate that glass breakage can create high-voltage safety hazards (e.g.,
insulation failure pathways and ground-fault risk) while the module may still deliver “use-
ful power,” meaning that damage may remain operationally masked until it escalates [63].
While some cracked or broken modules may initially continue functioning, their structural
integrity is compromised, increasing susceptibility to moisture ingress, corrosion, delami-
nation, and encapsulant discoloration over time [65]. In reliability / qualification contexts,
mechanical stress tests are explicitly designed to trigger such damage mechanisms: for
example, standardized static mechanical-load testing applies 2400 Pa (wind load) and up to
5400 Pa (snow load), while hail qualification uses a 25 mm ice ball at 23 m-s~! at multiple
impact locations [65], highlighting the stress magnitudes that can initiate glass/cell damage
in practice: these can occur at loads as low as 2.4 kN under concentrated impact (e.g.,
hail or stepping) or 3300 Pa under uniform pressure [66]. An example of structural glass
breakage caused by mounting stress is shown in Figure 10. Figure 11 illustrates typical
crack propagation across solar cells within a module. Microcracks within cells, although not
always visually detectable, disrupt current flow and lead to power losses, localized heating,
and potential-induced degradation. Thermographically, damage-related heat-transfer dis-
ruption can amplify hotspot contrast: for instance, field-aged module observations report
that delamination/packaging defects can contribute to a hotspot-to-background tempera-
ture difference exceeding ~30% by reducing local heat dissipation efficiency [63], which
directly affects how anomalies appear in IRTG. EL imaging is widely recognized as the
most effective technique for detecting minute defects such as microcracks in PV cells, which
may not produce detectable thermal signatures in passive IRTG [67]. The importance of
early microcrack detection is underscored by studies reporting potential long-term power
losses of 5-30% [68]. Recent deep learning advances have significantly improved EL-based
analysis: transformer-based models have achieved 83.40% recall and 86.20% precision on
datasets comprising over 5000 annotated defects (70.9% linear microcracks) [68], while dual
CNN architectures have reached 85.33% classification accuracy, reducing false negatives by
14% and false positives by 32% compared to conventional models [69]. Thus, EL imaging
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remains the gold standard for microcrack detection, complementing IRT which is better
suited for identifying thermally active defects.

Figure 10. Example of glass breakage on a PV module caused by mechanical mounting stress
(adapted from [70]).

Figure 11. Crack propagation visible on the surface of PV cells, leading to localized electrical and
thermal defects (adapted from [70]).

3.2. Delamination of PV Modules

Delamination refers to the loss of adhesion between the encapsulant and other layers
of the PV module, such as the glass or the cells, and is a common degradation mechanism
affecting long-term performance and safety. This phenomenon can increase optical reflec-
tion, reduce insulation, and allow moisture ingress, ultimately degrading the electrical
performance of the module and accelerating corrosion processes [71]. Delamination is rec-
ognized as a significant reliability concern and is commonly evaluated through accelerated
qualification tests. Standard IEC procedures include damp-heat exposure at 85 °C and
85% relative humidity for 1000 h, as well as humidity-freeze and UV-related stress tests
designed to reveal adhesion loss and encapsulation degradation [63]. Although delamina-
tion does not immediately compromise safety, it can facilitate moisture ingress and create
conductive paths that increase leakage currents and activate bypass diodes, leading to
power losses. In such cases, infrared thermography becomes a valuable diagnostic tool, as it
can reveal abnormal heat dissipation associated with increased series resistance or shunting
effects. Furthermore, hotspot protection tests conducted under 1000 W m~2 irradiance,
with exposure durations of 1-5 h depending on cell shunt resistance, highlight the
stress conditions used to evaluate hotspot vulnerability when encapsulation integrity is
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compromised [63]. Delamination may indirectly contribute to thermally detectable anoma-
lies by promoting moisture ingress and electrical degradation pathways such as shunting or
increased series resistance, which can lead to localized heat dissipation detectable through
infrared thermography [63].

As shown in Figure 12, delamination can appear as localized regions where the encap-
sulant layer separates from the underlying cell surface, often forming visible bubbles or
cloudy areas within the module structure. Additionally, Figure 13 illustrates encapsulant
separation from the glass near the busbars, made visible by the disruption of the glass
texture: this often results from poor lamination or environmental stress. Manufacturing
flaws such as improper lamination pressure, insufficient Ethylene Vinyl Acetate crosslink-
ing, or contamination during production are common causes. However, external factors
like thermal cycling, UV exposure, or mechanical stress also play significant roles. These
defects are more severe in hot and humid environments and often serve as precursors to
more critical issues like corrosion, insulation loss, or complete module failure.

Figure 12. Example of delamination in a photovoltaic module, showing localized separation between
the encapsulant and the solar cell surface, visible as cloudy regions within the cell area.

IQIICL]

Figure 13. Encapsulant delamination from the glass along the busbars, identifiable through the
disrupted glass texture [72].
3.3. Glass Corrosion or Abrasion in PV Modules

Glass corrosion or abrasion is a surface-level degradation commonly observed on
the front layer of PV modules, manifesting as a cloudy, milky, or roughened appearance
that reduces light transmittance. This effect is often the result of atmospheric interactions
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between moisture and pollutants such as salt, ammonia, or industrial emissions. In par-
ticular, dew can dissolve sodium ions from soda-lime glass, forming an alkali base that
chemically attacks the silicate matrix [73]. Within large-scale failure surveys, corrosion or
abrasion of anti-reflective (AR) coatings is classified as a distinct degradation mechanism.
In such datasets, surface-related wear mechanisms—including AR coating degradation
and glass surface damage—typically fall within lower annual degradation-rate intervals
(commonly below 3% per year at system level), in contrast to electrically driven failures
such as PIDs (~15-16%/a) or defective bypass diodes (up to 25%/a in moderate climates).
This quantitative contrast indicates that, while glass corrosion primarily affects optical
transmission rather than electrical circuitry, its long-term cumulative impact can become
relevant, particularly under aggressive environmental exposure.

The degradation can also stem from abrasive desert environments or improper clean-
ing practices, which strip or damage anti-reflective or anti-soiling coatings, thus diminish-
ing optical performance and increasing susceptibility to further soiling. Though typically
responsible for only a few percent of power loss annually, survey-based degradation classifi-
cations confirm that surface-related failures generally contribute lower annual degradation
rates compared with cell cracks or PID mechanisms. Figure 14 illustrates a clear example of
glass corrosion across a large module area, where the affected surface exhibits a widespread
whitish haze that severely limits light penetration and may progressively reduce energy
yield over time.

p = - ——n
f

Figure 14. Advanced glass corrosion across a PV module surface, showing widespread hazing and
opacity caused by environmental exposure. The affected area exhibits reduced transparency and
transmission loss, likely due to degradation of anti-reflective coatings and chemical interactions with
atmospheric pollutants [74].

3.4. Metallisation, Discolouration and Corrosion

In addition to glass surface degradation, corrosion and discolouration of the cell
metallisation and interconnect ribbons represent another prevalent fault type in PV modules.
This defect typically appears as yellow, brown, or even black discoloration of the solder
bonds, gridlines, fingers, or ribbons, and may be accompanied by powdery or colored
galvanic products depending on the materials used. Unlike glass corrosion, which affects
optical transmission, metallisation corrosion primarily impacts electrical performance by
increasing series resistance, thereby reducing module output. Quantitative field studies
confirm this progression: modules affected solely by encapsulant discoloration exhibit
median power losses of 4-5% over 20+ years [75]. Figure 15 illustrates two cases of
metallisation-related damage: the left image shows discolouration of the ribbon due to
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corrosion, while the right image captures string interconnect corrosion along the busbars,
both of which are potential sources of mismatch and performance degradation.

,

Figure 15. (Left) Discolouration of the ribbon due to corrosion along the interconnects. (Right)
Corrosion of the string interconnect ribbon near the busbar, showing early-stage oxidation and

degradation effects.

This degradation mode is commonly caused by the presence of acetic acid, a byproduct
of Ethylene Vinyl Acetate (EVA) encapsulant degradation in the presence of moisture and
oxygen, often following delamination. Poor soldering quality, improper lamination times,
or low-resistance materials such as tin-coated copper can further exacerbate the issue.
Environmental conditions like high humidity, agricultural or maritime exposure, and
temperature fluctuations significantly increase the corrosion risk: in moderate climates,
metallization corrosion affects ~20-25% of modules after 11-20 years and ~30-35% after
20+ years, while in hot-humid climates, the fraction exceeds 40% in older installations [75].
While metallisation discolouration alone may not present an immediate safety hazard,
it can lead to increased mismatch losses and bypass diode activation, especially when
combined with other failure modes such as delamination or encapsulant browning.

3.5. Hotspots and Strings

Hotspots are localized thermal anomalies caused by defects such as cell cracks, shading,
or interconnect failures that drive affected cells into reverse bias [76-78], causing them to
dissipate energy as heat. Under reverse-bias conditions, localized avalanche breakdown
may occur, and focal-point heating can exceed 150 °C, a temperature above the critical
stability limit of common encapsulants, thereby accelerating delamination and insulation
failure. Experimental investigations show that under reverse bias (~—10 V and 3 A),
severely affected cells can develop temperature peaks approaching 150 °C, while even
moderate reverse dissipation (~11 W) can generate temperature gradients of ~25 K across
a single cell [79]. These elevated temperatures accelerate material degradation and pose
long-term reliability and safety concerns.

IRTG is widely applied in field inspections to detect such faults quickly and non-
invasively, particularly when thermal contrasts reveal early-stage reverse-bias heating
before catastrophic burnout occurs. To mitigate hotspot risks, it is recommended that the
number of cells per sub-string be limited to 18-20 cells, as reverse-bias voltage increases
proportionally with series length. Analytical modeling shows that for a typical 18-cell sub-
string protected by a bypass diode, the maximum reverse bias may reach approximately
—10 V, while extending to 24 cells may fail to provide sufficient protection in several tested
cell types. Therefore, enhanced reverse-bias testing protocols during module qualification,
as suggested in [79], are essential to identify worst-case cells and prevent irreversible
hotspot damage during operation.

Further investigations into hotspot sensitivity have shown that both crystalline and
amorphous silicon modules are vulnerable to localized heating under reverse-bias condi-
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tions. According to [80], intrusive and non-intrusive experiments revealed that in commer-
cial amorphous silicon modules, localized damage typically occurs at the interconnections
between cells when the reverse-bias current density exceeds 5-20 mA /cm?. Interestingly,
while current mismatch is a known contributor to hotspots, shading was found to cause
even greater temperature rise, making it a more critical factor in field conditions, and the
research is contributing to the modules’ orientation optimization to reduce shading losses
in both fixed [81] and tracking systems [82]. For the tested monolithic amorphous silicon
modules, despite substantial current mismatch between individual cells, the observed tem-
perature rise was minimal due to their inherently low shunt resistance. As a consequence,
the hotspot severity and the thermal resilience of PV modules under stress conditions are
dependent on the module design characteristics such as interconnection configuration and
shunt resistance.

While hotspots are not always directly visible, their thermal effects are critical in
identifying hidden PV module issues. They are characterized by localized overheating
or irregular thermal patterns that can only be reliably detected via imaging techniques
such as infrared thermography. Although mild temperature gradients (<10 K) are typically
benign, gradients exceeding 20 K may indicate serious failures or even safety risks. As
shown in Table 2, the nature and severity of hotspots depend on factors such as shading,
poor soldering, cell mismatch, delamination, or potential-induced degradation (PID). These
defects can force cells into reverse bias, causing them to dissipate power as heat. If left
unaddressed, this can lead to burn marks, encapsulant damage, glass breakage, or even
fire hazards. Importantly, not all hotspots immediately lead to power loss: modules with a
single hot cell may still operate within acceptable performance margins. However, when
bypass diodes are permanently activated due to fault severity, power losses can escalate
significantly across strings or entire arrays. In particular, long-term operation without
maintenance (e.g., cleaning of soiling or bird droppings) can mask evolving hotspot damage.
Therefore, detecting the thermal pattern early allows preventative actions before irreversible
damage occurs. The patterns presented in Table 3 highlight common fault modes and their
corresponding performance impacts, serving as diagnostic tools for system operators.

As summarized in Table 3, thermal imaging helps classify hotspot patterns by linking
them to specific electrical and physical faults. Open-circuit faults appear as warmer but
mostly functional modules, while short-circuits or bypass diode failures cause localized
heating and power loss. More severe issues like PID or polarization result in broader heating
near frames, requiring corrective action. Other issues, such as shadowing, delamination, or
bird droppings, create distinct asymmetrical or sharp hotspots. Identifying these patterns is
key to effective fault diagnosis and system reliability. Infrared thermography under reverse-
bias conditions was employed by Simon and Meyer [58] to investigate the origin and effects
of hotspot formation in crystalline silicon solar cells. The study used infrared thermography
under reverse-bias conditions to investigate hotspot formation in c-Si solar cells. Localized
heating was observed, with temperatures rising from 80 °C to 150 °C over one hour.
Scanning electron microscopy (SEM) analysis revealed irreversible structural damage at
hotspot sites, including surface deformation. Energy-dispersive X-ray spectroscopy (EDX)
and Auger Electron Spectroscopy (AES) analyses confirmed elevated concentrations of
oxygen, carbon, iron, and transition metals such as Ti, Pt, and S at these locations. These
impurities were directly correlated with hotspot formation, highlighting the non-uniform
elemental composition in cells.

Skomedal et al. [57] conducted a large-scale case study combining aerial IRTG with
production data analysis to investigate thermal anomalies in utility-scale PV plants. Their
analysis, based on over 150 strings per site, revealed that the number of module substrings
with thermal anomalies is the most critical factor affecting string performance, while the
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thermal category or hotspot temperature are not. Interestingly, uniformly hot cells (com-
monly classified as category A anomalies, potentially representative of partial shadings)
are generally less detrimental than others, with power losses that could be up to 30% lower
than for the case of partial cell heating (type B), hotspots (type C), active bypass diodes
(type D), or short-circuited substrings (type E).

Table 2. Thermal images of the bifacial PV panel at different times and camera angles, showing
temperature variations under varying irradiance. Measurements were taken at a 6 m distance using a
FLIR camera.

Camera Angle

—35° 0° 35°

Time Irradiance

09:45 850 W/m?2

12:50 1005 W/m?

15:20 950 W/m?

Table 3. Typical hotspot patterns, fault causes, and their impact on module performance identified
via infrared thermography.

Pattern Fault Reason Description Performance
Module is open-circuited—not = One module warmer Module normally
connected to the system than others fully functional

Short-circuited (SC) or open One row (substring) is

sub-string . Sub-strings power lost,
i warmer than other rows in .o
-Bypass diode SC reduction in Voc
the module
-Internal SC

Whole module is
short-circuited

-All bypass diodes SC
-Wrong connection

Single cells are warmer, no
pattern (patchwork pattern) Check wiring
is recognized
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Table 3. Cont.

Pattern

Fault Reason Description Performance

Shadowing effects
-Defect cell

Visual inspection needed,

One cell clearly warmer than cleaning (cell mismatch) or

N —
s

-Delaminated cell the others shunted cell
Artifact . Crack detection after detailed
-Partly shadowed, e.g., bird . . . . .

A ) Pointed heating visual inspection of
dropping lightning

protection rod the cell possible

3.6. Soiling and Environmental Deposits

Unlike electrically active faults such as hotspots, soiling primarily affects the optical
input of photovoltaic modules. However, spatially non-uniform deposits may produce
localized temperature differences observable in infrared thermography, which can lead
to misinterpretation of thermographic data if not properly identified. Soiling refers to the
accumulation of dust, dirt, bird droppings, and other airborne particles on the surface of PV
modules, which obstruct sunlight and reduce energy output. This phenomenon is especially
critical in arid and semi-arid regions where rainfall is infrequent, and airborne particulates
are abundant. Even light soiling can cause measurable power losses, while heavier deposits
may lead to hotspot formation and long-term degradation. As a result, monitoring and
mitigating soiling effects are essential for maintaining optimal PV system performance.
A recent study by Winkel et al. proposes an additional approach to strengthen soiling
assessment during PV monitoring. The authors highlight that infrared thermography
(IRTG), widely used in drone inspections, can show localized temperature increases that
are not necessarily caused by electrical defects but may also originate from spatially inho-
mogeneous soiling. To reduce the risk of misclassification, they introduce an electrothermal
modeling framework that converts spatially resolved soiling information (obtainable from
standard RGB aerial images) into predicted temperature maps. By comparing these mod-
eled temperature patterns with measured IRTG images under the same weather conditions,
operators can better interpret whether observed temperature non-uniformities are consis-
tent with soiling effects or indicate a more critical module issue, supporting more targeted
maintenance actions [46]. In continuation of soiling-related studies, Qasem et al. [83] in-
vestigated the impact of dust accumulation on photovoltaic (PV) modules by analyzing
spectral transmittance across different tilt angles and dust concentrations. Their findings
revealed that dust significantly reduces transmittance, especially at shorter wavelengths
(<570 nm), affecting PV performance depending on the cell technology. Amorphous silicon
cells, due to their wide bandgap, exhibited the highest photocurrent loss up to 33% at a dust
density of 8.5 mg/cm? followed by crystalline silicon and copper-indium-gallium selenide
(CIGS) modules with 28.6% and 28.5% losses, respectively. The study also highlighted that
tilt angle influences non-uniform dust distribution, with the 30° tilt showing the greatest
non-uniformity in spectral transmittance. These results underscore the importance of
considering spectral and positional soiling effects in performance modeling and main-
tenance strategies for PV systems, particularly in dust-prone environments like Kuwait.
Figure 16, illustrates non-uniform dust accumulation across PV modules in Kuwait, high-
lighting the impact of harsh environments on soiling patterns.
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Figure 16. Accumulated dust on different PV modules installed in Kuwait, showing varying soiling
patterns and intensities.

4. Methods of Fault Detection

Reliable fault detection strategies are essential for minimizing energy losses and pre-
venting accelerated degradation in large-scale PV installations. As PV installations continue
to scale globally, timely identification of faults—ranging from microcracks to hotspots—and
PID become essential for preventing energy losses and mitigating long-term degradation.
Various detection methods have been developed, each with specific advantages, sensitiv-
ities, and application contexts. These include visual inspections, electrical testing, and
advanced imaging techniques such as IRTG, EL (electroluminescence), PL (photolumines-
cence), and ultraviolet fluorescence (UVF). The following subsections provide a thematic
analysis of the most widely used fault detection approaches, highlighting their principles,
strengths, and limitations in real-world PV diagnostics.

4.1. Visual Inspection

Visual inspection is commonly used as a preliminary diagnostic method to identify
macroscopic defects such as cracks, discoloration, and delamination before applying more
advanced diagnostic techniques. While limited to surface-level faults, it helps flag modules
needing further analysis. Djordjevic et al. [45] analyzed numerous rooftop PV installations
across Australia and highlighted common visually detectable issues, including microcracks,
snail trails, and discoloration. Their findings showed that while some defects may appear
visually concerning, many have a limited impact on module output and can be managed
without significant loss of system reliability. As also highlighted by Mik et al. [84], the
effect of snail tracks on module performance is expected to be marginal, but decoupling its
influence from the other failures is challenging: in fact, for example, the authors noted that
visually detected snail tracks are related to microcracks in 96% of the occurrences. However,
in cases involving severe physical impacts due to weather, mishandling, or vandalism,
visual inspection successfully revealed extensive glass breakage and structural faults that
correlate with measurable power loss. The study reinforces visual inspection’s utility as a
cost-effective, first-line method for identifying modules that may require closer evaluation
or replacement: an indispensable first-line diagnostic tool, visual inspection identifies
modules needing further investigation, enabling targeted deployment of resource-intensive
techniques like IR thermography or EL imaging. This hierarchical approach, using visual
inspection as a preliminary filter, optimizes maintenance workflows by concentrating
advanced diagnostics on modules with confirmed physical anomalies, reducing costs and
minimizing downtime.
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4.2. Electrical Pulsed Infrared Thermography

Electrical Pulsed Infrared Thermography (EPIT) is a defect detection technique that
leverages controlled electrical excitation and thermal imaging to localize structural and
electrical anomalies in PV cells. As illustrated in Figure 17, a programmable DC power
supply applies a forward bias to the PV panel, inducing diffusion and recombination cur-
rents. In the presence of defects, such as scratches, hidden cracks, or gate breaks, localized
recombination at defect sites leads to disproportionate heat generation, which alters the
surface temperature distribution of the cell. An infrared (IR) camera, positioned to capture
thermal emissions, records these variations and transmits the data to a computer via a data
acquisition (DAQ) card. This results in a sequence of thermographic images that visually
map the cell’s surface temperature. Post-processing using supervised learning algorithms
such as Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA)
enhances the visibility of defect features by maximizing spectral contrast between defective
and non-defective regions. Experimental results confirm EPIT’s effectiveness in identifying
various PV cell faults with high signal-to-noise ratios, particularly when using QDA for
defect classification.

Solar panel
E

\\Q-’ oF,

Data Acquisition
Card

D DAQ

000000

I

Figure 17. Schematic of the Electrical Pulsed Infrared Thermography (EPIT) setup for PV fault
detection. A programmable power supply biases the solar panel, inducing localized heating at defect

Programmable
Power Supply

sites, which is captured by an infrared camera and processed through a data acquisition system and
PC for thermal analysis.

EPIT was experimentally implemented by Bu et al. [85] to detect and classify mul-
tiple PV cell defects, including broken gates, hidden cracks, scratches, and hotspots. In
their study, two polysilicon solar cells were tested using a programmable power supply
providing pulsed forward bias excitation, while thermal images were recorded by a FLIR
SC655 infrared camera at a sampling rate of 20 Hz. The acquired thermography sequences
were processed using Linear Discriminant Analysis (LDA) and Quadratic Discriminant
Analysis (QDA) to enhance defect visibility. Their results demonstrated that the QDA
algorithm outperformed LDA and Principal Component Analysis (PCA), yielding higher
signal-to-noise ratios (SNRs) and clearer identification of hidden cracks and hotspot regions.
Optimal bias voltages between 1 V and 1.5 V enabled effective defect recognition with tem-
perature differentials of 11.5-14.9 °C for scratched cells and 6.4-8.4 °C for hotspots. EPIT,
when integrated within supervised learning-based diagnostic frameworks, constitutes an
effective approach for early-stage fault detection in PV cells, enabling the identification of
subtle defect signatures and supporting proactive maintenance strategies.
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4.3. Electroluminescence (EL) Method

The EL technique is a well-established visual testing method used in photovoltaic
diagnostics and is often employed as a complementary technique to infrared thermography
(IRTG) for detecting defects that may not produce observable thermal signatures [86-88].
Recent studies integrating EL imaging with machine learning frameworks have demon-
strated fault classification accuracies exceeding 95-99%, depending on dataset conditions
and noise levels. Moreover, advanced feature-extraction approaches applied to PV fault
diagnostics have reported overall detection accuracies above 97%, confirming the capa-
bility of image-based and data-driven techniques to reliably distinguish between normal
and faulty states [88]. Unlike infrared thermography, which primarily detects thermally
active defects, electroluminescence (EL) imaging is particularly effective for identifying
electrically inactive defects such as microcracks or inactive regions that may not generate
detectable thermal signatures [89-91]. In large-scale experimental validation involving
126 multi-defect PV module images, CNN-based EL image analysis achieved defect clas-
sification accuracies exceeding 95% across all defect categories, with reported averages
of 98.42% for glass breakage, 98.59% for encapsulation delamination, and 95.03% for
snail trails, confirming the robustness of image-driven defect recognition frameworks [89].
Comparative evaluation further demonstrated that such deep-learning-based approaches
significantly outperform conventional pattern-recognition methods (typically 55-80% accu-
racy) and pretrained generic CNN architectures (~=51-75%), highlighting the importance of
domain-specific feature extraction in PV defect diagnostics [89]. By applying a forward DC
current, radiative recombination is stimulated in the solar cells, emitting infrared radiation.
This emission is captured using a CCD (charged-coupled device) camera in a dark environ-
ment to produce high-resolution EL images that reveal internal structural issues not visible
to the naked eye.

Figure 18 illustrates two common crack modes detectable through EL The left image
corresponds to “Crack Modus A,” where a visible crack exists, but it does not interrupt
current flow across the cell, indicating no added resistance. In contrast, the right image
represents “Crack Modus B+(A),” where the crack begins to affect current flow toward the
interconnect ribbon, though the cell remains electrically connected. These subtle internal
changes, distinguishable through EL imaging, enable early and accurate fault classification.
The technique is highly sensitive, making it an invaluable tool in quality control and
post-installation diagnostics.

Figure 18. EL images of solar cells showing: (left) crack without impact on current flow (Modus A);
and (right) crack partially affecting current flow to the interconnect (Modus B+(A)) [92].
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Akram et al. [93] proposed a lightweight deep learning-based approach for auto-
matic defect detection in photovoltaic cells using EL images. Although EL imaging differs
from IRTG in physical principle, capturing radiative recombination patterns rather than
surface temperature distributions, the study is relevant in the context of Al-driven diag-
nostic frameworks for PV systems. The authors developed a CNN architecture achieving
93.02% classification accuracy on a publicly available EL dataset, with real-time infer-
ence capability (8.07 ms per image on a standard CPU). While the input modality differs
from thermographic data, the methodological framework comprising data augmentation,
L2 regularization, batch normalization, and dropout demonstrates transferable strategies
for improving robustness and generalization in image-based PV defect detection. In ther-
mographic applications, similar CNN-based architectures are increasingly employed to
classify hotspot patterns, bypass diode failures, and interconnect degradation under vary-
ing environmental conditions. Therefore, this study is discussed as a complementary Al
methodology rather than a thermography-specific application, illustrating the broader
integration of deep learning techniques in PV diagnostic imaging.

4.4. Infrared Thermography (IRTG)

IRTG is a widely adopted non-contact diagnostic technique used for inspecting PV
systems under real operating conditions [25,94-96], with active methods such as vibro-
thermography achieving complete inspection cycles in as little as 2.4 s per wafer [10]. It
detects temperature anomalies on the surface of modules, which often indicate hidden
faults like hotspots, soldering issues, or cell fractures. This method enables rapid and safe
assessment across large installations without interrupting energy production.

In a study by Buerhop et al. [97], fifteen PV plants were examined using IR imaging, EL
analysis, and power measurements across 260 dismantled modules. The study confirmed
IRTG’s effectiveness in identifying failures such as bypassed substrings, fractured cells,
and short-circuited areas. These faults led to critical temperature differences, i.e., up
to 45 °C, and directly correlated with significant drops in power output. Notably, all
modules with elevated temperature zones were found to be defective. Figure 19 illustrates
a practical IR overview of a rooftop PV plant under real conditions, where five modules
(e.g., 1.12, 2,11, 2.15, 4.14, 6.15) show abnormal heating patterns, clearly visible as red
patches, demonstrating IRTG’s capability to quickly flag underperforming units.

v =

Figure 19. Typical ground-level infrared thermographic image of a ground-mounted PV module
under normal operation, highlighting two major irregular cell heating [98].
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4.5. Aerial Infrared Thermography

Aerial Infrared Thermography (aIRTG) is a fast, non-invasive, and cost-effective tech-
nique increasingly used for monitoring utility-scale PV systems. By mounting infrared
cameras on drones, aIRTG enables efficient fault detection across large areas without inter-
rupting system operation [99,100], reducing inspection time by a factor of 10-15 compared
to conventional ground-based methods [10]. This method is particularly advantageous
for early-stage defect identification and preventative maintenance in remote or large solar
installations, where manual inspections are labor-intensive or impractical. Studies such
as those by Bizzarri et al. [101] and Cioaca et al. [102] demonstrate that drone-based IR
inspection significantly reduces maintenance costs and diagnosis time while improving
diagnostic accuracy, especially when thermal and RGB imaging are combined. Tsanakas
and Botsaris [103] further reinforced the method’s diagnostic power by applying histogram
and line profile analysis to thermal images, effectively localizing and quantifying hotspots
and module degradation. In a more recent campaign, Vidal de Oliveira et al. [104] exam-
ined four utility-scale PV plants in Brazil, revealing that the most common faults were
disconnected substrings and strings, with disconnected strings contributing most to power
losses. Their results showed that RGB-assisted inspection helped distinguish actual faults
from soiling or vegetation shading, enhancing diagnostic reliability. Additionally, post-
flight image analysis proved more time-efficient than real-time evaluation, optimizing labor
use. Recent integration of machine learning algorithms has further enhanced diagnostic
capabilities: convolutional neural networks achieve >99% accuracy in hotspot detection
with localization errors as low as 0.86 m, while support vector machine models correctly
classify over 96% of thermal anomalies [10]. Overall, aIRTG has proven to be a reliable
tool for maximizing uptime, reducing maintenance costs, and supporting condition-based
monitoring in modern PV asset management.

An illustrative case is shown in Figure 20, where a false hotspot was detected on a
module due to bird droppings. The infrared image on the left highlights a localized heat
anomaly, which initially appears to indicate a fault. However, the corresponding RGB
image on the right confirms the actual cause, i.e., external soiling rather than an electrical
defect. This example underscores the importance of integrating thermal and visual data
during inspections to accurately interpret results and avoid misdiagnosis.

258

Figure 20. Aerial infrared and RGB images of a PV plant showing a false hotspot caused by bird

droppings. The IR image (left) indicates a temperature anomaly, while the RGB image (right) clarifies
the non-electrical nature of the defect.

In this regard, the problem of detection accuracy has also been tackled in [32], in
which the mean thermal intensity and standard deviation were used as key metrics; in
order to move beyond qualitative interpretation of thermal imaging results, the authors
established establishing statistical thresholds at the array level rather than applying global
rules. Quantitative temperature thresholds and standardized classification criteria for PV
defect diagnosis are proposed by [105]. The authors propose a “Thermal Pixel Counting”
algorithm that establishes specific temperature differential indices (i.e., AT = 15 °C and
20 °C above minimum panel temperature), so that surface temperatures exceeding these

values indicate power loss and safety concerns classified under specific classes. In general,
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the absence of standardized AT thresholds for PV thermal fault diagnosis is widely acknowl-
edged in the literature; for example, ref. [106] explicitly notes this lack of consensus while
proposing a categorization framework based on IEC TS 62446-3. The authors classify defects
into single hotspots, multiple hotspots, uniform substrings, uniform modules, and uni-
form strings, further subcategorizing hotspots by severity using temperature differentials:
2-7 K for mild, 7-10 K for intermediate, and >10 K for severe anomalies. Infrared-based
fault classification in photovoltaic systems still lacks universally standardized diagnostic
criteria. Commonly adopted AT thresholds (e.g., 5 K, 10 K, 20 K) are largely empirical
and derived from specific case studies, which limits their transferability across differ-
ent environmental and operational conditions. Moreover, reported failure rates are not
consistently disclosed in the literature, and when available, they are often based on hetero-
geneous datasets and methodologies, making cross-study comparisons and the definition
of universally applicable quantitative benchmarks inherently challenging.

4.6. Unmanned Aerial Vehicles (UAVs)

UAVs have revolutionized PV inspection practices, offering fast, efficient, and cost-
effective monitoring, especially for large-scale photovoltaic plants. UAVs equipped with
infrared and visual cameras can detect a wide range of faults, including hotspots, discon-
nected substrings, shading, and physical damage, without interrupting system operation.
Bellezza Quater et al. [107] demonstrated that UAV-based thermal inspections significantly
outperform traditional methods in terms of speed and cost, successfully detecting various
PV module failures across a 200 kW PV system in northern Italy. Their trials confirmed the
reliability of thermal cameras mounted on light UAVs to rapidly assess system performance
in real time. Similarly, Aghaei et al. [108] introduced a smart UAV system capable of
real-time infrared thermographic inspection, automatically identifying degraded modules
for further evaluation. The system proved adaptable to different weather conditions and
PV configurations, using threshold-based alerts to flag modules with more than 5% degra-
dation. Further advancements in automated image analysis and historical data comparison
are expected to refine these systems for long-term operation and maintenance strategies.
Coello et al. [109] emphasized the practical benefits of UAV deployment, noting that aerial
inspections can reduce thermographic assessment times by up to 85%, making them ideal
for inspecting extensive or hard to access PV installations.

Grimaccia et al. [110] further explored the potential of UAVs in enhancing the op-
eration and maintenance (O&M) strategies of photovoltaic energy systems through ex-
perimental validation on a real 3 MW PV plant comprising approximately 12,600 poly-
crystalline modules over a 350 x 120 m? area. Their study focused on using lightweight
UAVs equipped with GPS and thermal imaging systems to perform coordinated inspec-
tions. A key innovation in their approach was the implementation of cooperative route
mapping: comparison between horizontal and vertical flight paths demonstrated a reduc-
tion in total traveled distance from 2.71 km to 2.02 km, corresponding to approximately
25% shorter inspection distance, thereby improving time and energy efficiency of monitor-
ing operations. From an economic perspective, the authors estimated that fora 1 MW PV
plant (with an annual O&M cost of roughly $50 kW1, i.e., ~$50,000 per year), UAV-based
inspections would increase annual maintenance costs by only 6-10%, while enabling earlier
detection of underperforming modules and reducing long-term performance degradation
risks. The UAV platform used (2.8 kg weight, 0-20 kts cruise speed, 0.25-0.4 h endurance)
demonstrated practical field applicability under real operating conditions.

These results quantitatively confirm that UAV-assisted thermography can significantly
improve inspection efficiency, reduce travel distance and operational time, and provide
economically scalable monitoring for medium to large PV plants.
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As highlighted in the IPCC’s (Intergovernmental Panel on Climate Change)
Fifth Assessment Report (AR5), addressing climate change requires reliable, science-based
strategies for monitoring and managing energy systems, particularly under increasing
risks of extreme weather and long-term environmental shifts. In this context, UAVs offer a
practical, efficient tool for supporting climate adaptation in the renewable energy sector.
Their ability to rapidly inspect large-scale PV systems aligns with the AR5’s emphasis on
improving resilience and operational efficiency through enhanced observational capabil-
ities. By enabling early detection of faults and degradation in PV modules, UAV-based
monitoring contributes to more sustainable energy production, helping mitigate energy
losses and ensure system reliability in the face of changing climate conditions [111].

Elmokadem and Savkin [112] conducted a comprehensive survey of recent develop-
ments in unmanned aerial vehicles UAVs, with a particular focus on autonomous naviga-
tion systems. Their study emphasizes that achieving fully autonomous UAV operations is
increasingly feasible due to rapid advances in motion planning, control strategies, percep-
tion, and localization. Quantitatively, standard GPS-based navigation typically provides
positioning accuracy on the order of 2-5 m, while integration with RTK-GPS systems
enables centimeter-level precision, significantly improving flight path reliability for in-
frastructure inspection tasks. Furthermore, modern UAV platforms commonly achieve
20-60 min of flight endurance, allowing substantial area coverage per mission, while
real-time obstacle detection systems operate at update rates exceeding 10 Hz, supporting
safe navigation in complex environments. A significant contribution of their work is the
exploration of advanced 3D collision free navigation algorithms, which reduce path re-
dundancy and improve trajectory efficiency compared to basic waypoint navigation. The
authors also highlight that coordinated multi-UAV systems can further decrease mission
duration relative to single UAV deployments, enhancing inspection scalability [112]. While
primarily theoretical, the review identifies remaining challenges such as robust real-time
decision-making and distributed coordination under uncertain environmental conditions.
For renewable energy monitoring applications, these quantified improvements in navi-
gation precision, endurance, and coordination directly translate into reduced inspection
time, improved coverage reliability, and more consistent thermal data acquisition across
large-scale PV installations.

UAVs can be broadly classified based on their control configurations, which determine
their flight mechanics and application suitability. The most common types include multiro-
tor UAVs, such as hexacopters, known for their hovering capability and maneuverability,
and fixed wing UAVs, which are more efficient for covering large areas at higher speeds.
Figure 21 illustrates these two configurations: the left image shows a multirotor hexacopter,
suitable for precise, localized inspections, while the right image shows a fixed wing UAV,
better suited for long range surveillance tasks such as large-scale PV plant monitoring.
Each category offers unique advantages depending on the inspection requirements and
environmental conditions.

Figure 21. UAV types used in PV inspection: (left) multirotor hexacopter ideal for detailed, localized
monitoring; (right) fixed wing UAV suitable for long range, large area surveillance [112].
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Evstatiev et al. [113] experimentally evaluated the accuracy and uncertainty of ther-
mographic inspections in a 12.6 kWp PV plant (36 modules, 350 W each) by compar-
ing contact DS18B20 sensor readings with infrared measurements obtained from close
(2m) and remote distances (15-26.9 m). Under hotspot conditions, the absolute tem-
perature difference between close range and remote IR measurements reached up to
34.1 °C, with relative deviations exceeding 30-50%, while discrepancies between remote
IR and contact sensors generally remained below 10 °C (~16%). Intra-cell temperature
gradients were found to exceed 40 °C, and hotspot to neighboring cell differences surpassed
50 °C, demonstrating significant spatial non-uniformity. Importantly, no hotspot formation
was observed when less than 6% of the cell surface was covered, indicating a practical
detection threshold for IR inspections. These results quantitatively confirm that UAV-based
thermography is strongly influenced by distance, resolution, and viewing geometry, and
that uncertainty in peak temperature estimation must be considered when interpreting
large-scale PV inspections. Overall, UAV-based monitoring represents a transformative
advancement in PV system inspection, combining flexibility, precision, and automation in
one platform. Beyond their ability to detect thermal anomalies and structural defects, UAVs
offer scalable, non-intrusive, and rapid data collection for both small-scale and utility-scale
installations [114]. Their deployment minimizes inspection time, reduces operational down-
time, and enhances worker safety by eliminating the need for manual access to elevated or
remote structures. With continuous improvements in imaging technology, autonomous
navigation, and onboard data processing, UAVs are becoming an indispensable tool for
predictive maintenance and real-time performance analysis of PV systems. This integrated
approach ensures sustained energy yield, optimizes maintenance scheduling, and supports
the long-term reliability of solar power infrastructure. Table 4 summarizes the reviewed
fault detection methods, including their principles, advantages, and limitations. Visual
inspection remains useful for rapid, low-cost checks, while EL and IRTG offer higher
diagnostic accuracy. UAV-based inspections improve coverage and safety for large-scale
plants, and soiling analysis addresses environmental performance losses. Together, these
approaches provide a complementary framework for reliable and proactive PV monitoring.

Table 4. Comparative overview of key PV fault detection methods, highlighting their principles,
advantages, limitations, and application characteristics.
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4.7. Summary of Section 4: Methods of Fault Detection

This section provides a comprehensive review of contemporary fault detection meth-
ods for PV systems, each addressing different diagnostic needs, operational contexts, and
fault types. Beginning with visual inspection, this traditional approach remains essential
for identifying macroscopic defects such as discoloration, delamination, and mechanical
damage. While limited to surface-level anomalies, studies confirm its cost-effectiveness and
utility in flagging modules for further analysis. Electrical Pulsed Infrared Thermography
(EPIT) offered a more advanced approach, using controlled forward-bias excitation and
infrared imaging to localize internal electrical faults like hidden cracks or broken gates.
When combined with supervised learning techniques such as Quadratic Discriminant
Analysis (QDA), EPIT has demonstrated high signal-to-noise ratios and robust defect clas-
sification, making it particularly suitable for laboratory-scale diagnostics and early-stage
quality control.

EL imaging emerged as a high-resolution, non-invasive technique capable of detecting
microcracks, inactive regions, and other latent defects. Its sensitivity to minute changes in
current pathways enables early identification of performance-degrading issues. Notably,
the integration of lightweight deep learning models has shown great promise in automating
defect detection with high accuracy and real-time inference capability, pushing EL further
toward field-deployable solutions.

IRTG, a broadly adopted non-contact technique, has proven invaluable for large-scale
inspections under real-world conditions. IRTG reliably detects hotspots, soldering defects,
and cell fractures by identifying thermal anomalies. Studies across dismantled PV plants
confirmed a strong correlation between elevated temperature zones and reduced power
output, highlighting IRTG’s diagnostic power. However, IRTG’s accuracy may be limited
by environmental factors such as wind and irradiance, necessitating careful calibration and
contextual interpretation.

Building upon IRTG, Aerial Infrared Thermography (aIRTG) leveraged UAV-mounted
thermal and RGB cameras to inspect utility-scale PV systems efficiently. Campaigns in
Brazil revealed that aIRTG could identify disconnected substrings, shading from vegetation,
and other critical faults that impact system performance. Post-flight image analysis proved
more efficient than real-time assessments, and the integration of RGB imaging improved
fault classification by differentiating between true hotspots and external soiling.

UAVs, as a general inspection platform, have been reviewed extensively. Various UAV
types—such as multirotor and fixed-wing models—offer distinct advantages depending on
inspection scope and terrain. Case studies in Italy and Bulgaria demonstrated that UAVs,
equipped with thermal and visual cameras, automatically detect degraded modules, and
adapt to varying environmental conditions. Importantly, experiments showed significant
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discrepancies in temperature readings based on measurement angle and sensor proximity,
reinforcing the need for multi-sensor integration. Recent developments in autonomous nav-
igation and cooperative UAV routing also promise to enhance scalability and reduce human
intervention in PV monitoring. Moreover, UAVs align with global climate resilience goals,
offering tools to support rapid, data-driven decisions in renewable energy infrastructure
management. The soiling subsection addressed one of the most pervasive environmental
challenges to PV performance. Dust accumulation, as demonstrated in studies from Kuwait,
can significantly impact transmittance, especially in the UV and visible spectra (<570 nm),
leading to up to 33% power losses in wide bandgap technologies such as amorphous
silicon. The tilt angle and dust distribution also affect optical uniformity, emphasizing
the need for context-specific soiling models. Observational data confirmed that minor
soiling below 6% surface coverage might remain undetectable by thermal imaging alone,
supporting the recommendation to use visual cameras in conjunction with IR systems.
Figure 20 vividly illustrates non-uniform soiling patterns across modules, highlighting the
real-world relevance of such environmental degradation.

Collectively, this section highlights that an integrated approach combining surface-
level observations, thermal analysis, luminescence imaging, and airborne surveillance
offers the most robust framework for fault detection, performance optimization, and long-
term reliability in photovoltaic systems. As system sizes grow and operational complexity
increases, the adoption of automated, multi-modal inspection strategies will be pivotal
in supporting efficient maintenance, reducing energy losses, and achieving sustainable
energy goals.

5. Inspection Algorithms and Challenges

With the increasing adoption of infrared thermography, electroluminescence imag-
ing, and UAV-assisted inspections for PV systems, the role of advanced computational
algorithms has become essential. Central to these developments is the application of im-
age processing techniques [115], which play a pivotal role in enhancing, analyzing, and
interpreting large volumes of visual and thermal data collected from PV modules. These
algorithms are used to detect, classify, and localize faults such as hotspots, cracks, delamina-
tion, and shading with high precision. Traditional manual inspection is no longer scalable
or efficient for large-scale solar installations. Instead, modern inspection pipelines increas-
ingly rely on automated image processing applications, computer vision methods, and ML
models, including deep learning architectures, to streamline data analysis and decision-
making. These tools not only enhance detection accuracy but also minimize human error,
enable real-time diagnostics, and support predictive maintenance strategies. Despite its ef-
fectiveness in fault localization, classical thermographic inspection is inherently qualitative.
Thermal gradients indicate anomalies but cannot alone establish a universally applicable
degradation model, due to environmental variability and technology-dependent responses.
For this reason, recent research focuses on hybrid and data-driven approaches to improve
robustness and reproducibility. Although thermal imaging can reveal abnormal heating
patterns, translating these temperature variations into quantitative degradation pathways
remains challenging. Similar thermal signatures may arise from different physical mecha-
nisms, and environmental variability further limits reproducibility. Consequently, IRTG
should not be considered a standalone quantitative degradation modeling tool.

5.1. Digital Image Processing (DIP)

Digital image processing techniques are widely employed in PV inspections to en-
hance thermal and visual images and to facilitate the automatic detection of defects such as
microcracks, hotspots, and delamination. The main task of image processing techniques
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is to treat the images by applying appropriate signal and filtering operations to enhance
the visibility of fault signatures and remove noise or distortions before analysis [116]. In
PV applications, DIP enables the identification of anomalies such as microcracks, hotspots,
delamination, or soiling through enhancement, segmentation, and feature extraction steps.
These techniques are now widely deployed in automated PV inspections, as they help
isolate defective regions and prepare structured data for higher-level classification or di-
agnostic algorithms. As demonstrated in recent studies, DIP is increasingly integrated as
a core module in computer vision pipelines for PV condition monitoring and predictive
maintenance [117]. Also, many digital-image processing techniques exploit the electromag-
netic spectrum by applying noise filtering, edge detection, and sparsity-based methods to
enhance and analyze image content [118].

5.2. Machine Learning (ML) and Hybrid Al-Based Methods

Recent studies increasingly apply ML algorithms to automate the interpretation of
thermographic and electroluminescence images in PV diagnostics. In PV inspections, ML
algorithms are trained to classify defects such as hotspots, cracks, and delamination by
recognizing complex patterns within large image datasets often collected via infrared
thermography or electroluminescence imaging. These data-driven models, ranging from
traditional classifiers like support vector machines (SVMs) to deep neural networks, sig-
nificantly enhance fault detection speed and reliability compared to manual or rule-based
approaches. Notably, DIP can even be combined with deep learning (DL) models to lever-
age the strengths of both, applying advanced feature extraction from DIP with the powerful
classification capabilities of DL to automate image recognition and defect identification
with minimal human intervention, as highlighted in [119]. DL focuses on accurately ex-
tracting and classifying complex patterns from data using CNNs as a core architecture for
visual tasks in PV fault detection [120]. By continuously learning from new data, ML-based
approaches ensure robust performance across varying environmental and operational
conditions, making them indispensable in modern PV monitoring and forecast-based main-
tenance systems. A recent advancement in this direction is presented in [46], where a
hybrid Al-based defect detection framework was developed by integrating infrared ther-
mal images with electrical I-V curve characteristics. Unlike single-modality approaches,
this method exploits the complementary nature of surface temperature distributions and
electrical performance signatures to improve diagnostic robustness. As illustrated in
Figure 22, thermal images and I-V curves are processed through convolutional and pool-
ing layers for feature extraction, followed by fully connected layers that fuse multimodal
representations to classify operating conditions such as normal behavior, dust accumula-
tion, cracks, partial shading, and short-circuit faults. Using a transfer-learning strategy
based on a VGG16 convolutional architecture, the system enables parallel feature learning
from both image and electrical inputs, substantially enhancing fault discrimination. Exper-
imental validation on rooftop PV modules demonstrated accuracy and recall exceeding
98%, confirming that multimodal learning can outperform conventional single-input ML
pipelines by jointly capturing visible thermal anomalies and latent electrical degradation.

Furthermore, the study highlights the practical advantages of hybrid Al frameworks
for real-world PV monitoring, particularly under harsh environmental conditions. By
leveraging data augmentation and fine-tuned transfer learning, the proposed model main-
tained strong generalization despite limited datasets while reducing computational re-
quirements compared to training deep networks from scratch. Importantly, the fusion
of thermal imagery with I-V curve analysis enabled more reliable detection of defects
that may not be evident from temperature patterns alone, thereby mitigating false nega-
tives. These findings reinforce the growing trend toward integrated, data-driven inspec-

https://doi.org/10.3390/en19061570


https://doi.org/10.3390/en19061570

Energies 2026, 19, 1570

36 of 46

tion pipelines, where ML models combine imaging and performance metrics to support
proactive maintenance, scalable deployment, and higher-confidence decision-making in
large-scale photovoltaic systems [46].
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Figure 22. Schematic of the hybrid CNN-based defect detection framework integrating infrared
thermal images and I-V curve inputs. Convolutional and pooling layers extract multimodal features,
which are fused through fully connected layers to classify PV operating states such as normal
operation, dust, cracks, partial shading, and short-circuit faults [46].

5.3. Convolutional Neural Networks (CNNs)

CNNs [121] are among the most widely adopted deep learning models for fault detec-
tion and image classification [122-124] in PV systems. As a class of deep neural networks
specifically designed for image analysis, CNNs excel at extracting spatial features from
visual, thermal, or EL images of PV modules. Their layered architecture enables automatic
learning of hierarchical features, making them highly effective for identifying microcracks,
delamination, hotspots, and other defects. CNNs eliminate the need for manual feature
engineering and demonstrate strong robustness to image noise, variable lighting, and
scale distortions, which are common in real-world inspection scenarios. By leveraging
CNNs within automated inspection systems, especially when integrated with UAVs or
drone-acquired imagery, operators can significantly enhance the scalability, accuracy, and
speed of PV system diagnostics across both rooftop and utility-scale installations [125].

5.4. Critical Perspective on Current Thermographic Approaches in PV Diagnostics

A critical review of the existing literature reveals several persistent challenges that re-
main insufficiently addressed. Despite the widespread adoption of infrared thermography
as a non-invasive diagnostic tool for PV systems, important cross-cutting gaps continue to
limit its full standardization and practical optimization.

Although IEC TS 62446-3 provides structured guidance for outdoor infrared inspec-
tions of PV modules and systems under natural sunlight, it remains a Technical Specification
intended to standardize inspection procedures rather than define quantitative acceptance
criteria [126]. Unlike IEC 61215, which establishes pass/fail requirements based on electri-
cal performance metrics, infrared thermography does not directly quantify the electrical
impact of detected thermal anomalies on I-V characteristics. Consequently, temperature
deviations observed through IRTG cannot be universally translated into performance-loss
thresholds or failure criteria. Field studies and practical inspection campaigns further show
considerable variability in how these recommendations are implemented, including dif-
ferences in irradiance thresholds [30], wind influence, viewing-angle effects on emissivity
and reflectance, and the radiometric calibration and measurement uncertainty of infrared
cameras [127]. These intrinsic limitations of IRTG, particularly its indirect relationship with
electrical degradation and its sensitivity to environmental and instrumentation factors,
preclude the formulation of standardized pass/fail criteria within IEC TS 62446-3 and
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complicate the definition of universally applicable temperature-based severity classifica-
tions. Therefore, IRTG should be regarded primarily as a qualitative or semi-quantitative
screening tool rather than a definitive compliance-testing method. A second challenge
concerns the limited correlation between the temperature anomaly pattern and quantitative
performance degradation. Although several works report empirical relationships between
hotspot temperature and string-level energy losses, a generalizable model that accounts for
module architecture, bypass diode behavior, shading dynamics, and aging mechanisms is
still missing. Without such models, thermography remains predominantly qualitative [42].
Recent works, such as [11], demonstrate that the correlation between hotspot patterns and
performance degradation over time is weak, and only the number of faulted modules (with
thermal anomalies) on the same PV string has a measurable impact on performance decay.

There is a clear research gap at the intersection of thermography and data-driven meth-
ods. Even though deep learning models for detecting PV module defects have considerably
improved, most of them are trained on carefully selected datasets that do not represent the
variability seen in real PV plants [128], and the dataset used in [129]. Also, a strong domain-
shift problem can be recognized: models trained in the lab or on ground-based thermal
images usually are less effective on UAV-acquired images from real PV plants. Additionally,
the lack of public thermal datasets with good annotations complicates reproducing results
or comparing models. It should also be emphasized that most datasets focus on monofacial
modules, while bifacial modules add extra challenges, like rear-side irradiance, reflections,
and different thermal patterns, which current models are usually not trained for [130].

The growing adoption of UAV-based thermography introduces additional measure-
ment challenges. Flight altitude, camera pitch and roll [131], platform vibration [132], and
variable atmospheric transmissivity all contribute to uncertainty [106], yet these sources of
error are rarely quantified in PV inspection studies. Many publications employ a single
flight configuration without assessing how sensitive thermal results are to different flight
parameters, which restricts the applicability of their findings across different plants and
conditions. Multi-modal diagnostic strategies that integrate thermography with EL, PL,
IV curve analysis, or SCADA data remain largely underexploited. Several fault types, such
as early-stage PID, microcracks, or metallization corrosion, often produce weak or unde-
tectable thermal signatures, making thermography alone insufficient for reliable detection.
The lack of systematic frameworks to fuse electrical and thermal information constrains
the overall diagnostic completeness of field inspections, limiting the ability to accurately
identify and quantify module or string-level faults.

Addressing these gaps requires harmonized protocols, robust environmental com-
pensation models, standardized UAV procedures, shared datasets, and integrated diag-
nostic frameworks capable of linking thermal anomalies with electrical performance and
degradation pathways.

6. Conclusions

This review examined IRTG as a contactless and field-deployable diagnostic method
for PV systems, with emphasis on how thermal imaging supports fault localization, perfor-
mance benchmarking, and maintenance planning at scale. The paper also highlighted how
recent progress in UAV deployment and algorithmic automation (image processing, ML,
and deep learning) is transforming PV inspection workflows from manual, reactive checks
into increasingly data-driven and predictive monitoring pipelines.

A key conclusion is that passive IRTG under natural irradiance remains the most
practical thermographic modality for routine outdoor inspections because it can capture
temperature anomalies (e.g., hot cells, diode activation, interconnect issues) without system
shutdown. At the same time, the literature indicates that thermal anomalies are not merely
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visual indicators: string-level impacts can be measurable, where affected substrings are
a more informative predictor of yield loss than hotspot temperature alone. Reported
field analyses show that each module substring containing an anomaly can reduce string
output on average (order of ~1% per affected substring), while localized overheating is
commonly associated with several-percent energy losses and can contribute to longer-term
degradation when persistent. However, it is important to emphasize that thermographic
measurements provide indirect indicators of electrical performance rather than direct
quantification of I-V degradation. Consequently, IRTG should be regarded primarily as
a qualitative or semi-quantitative screening tool, and temperature deviations cannot be
universally translated into standardized pass/fail criteria.

Beyond literature synthesis, the Savona Campus experimental campaign reinforced
that the quality and interpretability of thermal results depend strongly on measurement
geometry and operating conditions. With a bifacial PV bench and fixed camera distance,
the study observed distinct thermal responses across morning/noon/afternoon sessions as
irradiance and solar incidence evolved, while camera viewing angle influenced the apparent
hotspot visibility, particularly when module azimuth aligned more closely with the sun
later in the day. This illustrates that even for the same module, the thermal “signature”
is not fixed; it is a function of irradiance, incidence angle, and viewing configuration,
underscoring the need to document and control these parameters in field protocols.

From the failure-mechanism perspective, the reviewed fault taxonomy (break-
age/cracks, delamination, corrosion, hotspot formation, and soiling) supports an important
practical point: thermal anomalies often represent a convergence of electrical and material
degradation pathways, not isolated events. For instance, hotspots can arise from shading,
mismatch, contact defects, cracks, or diode behavior, while delamination and moisture
ingress can accelerate metallization/interconnect corrosion and amplify resistive heating.
Similarly, soiling is not only an optical loss mechanism; it can create non-uniform irradiance
and thermal gradients that complicate diagnosis and may promote hotspot evolution under
sustained neglect. The soiling studies summarized in the manuscript further indicate that
dust can cause substantial technology-dependent losses (especially for wide bandgap de-
vices), while minor coverage may remain thermally subtle, thus strengthening the argument
for combining thermal imaging with RGB/visual confirmation in operational inspections.

When comparing inspection modalities, the overarching finding is that no single tech-
nique is sufficient for comprehensive PV diagnostics across all defect types and operational
contexts. Visual inspection is fast and economical for surface-visible defects, but it is limited
for electrically active, early-stage, or internal faults; EL provides high-resolution insight
into microcracks and inactive regions but is operationally constrained; EPIT is powerful at
cell-level defect localization under controlled excitation; and IRTG/aIRTG offer scalable,
in-field monitoring for thermal signatures, especially when paired with UAV platforms for
rapid plant-wide coverage. Consequently, the paper’s comparative framing (Table 3) is well
aligned with the evidence base: robust diagnostics increasingly depend on multi-method
and multi-sensor workflows rather than isolated testing.

A major discussion point emerging from Section 5 is that inspection effectiveness is
now tightly coupled to the maturity of inspection algorithms. Digital image processing
remains foundational for denoising, enhancement, segmentation, and feature extraction,
while ML and CNN-based pipelines enable scalable defect classification and localization
across large datasets. However, the critical perspective also shows that algorithmic progress
is currently constrained by systemic issues: limited public datasets with reliable annota-
tions, domain shift between lab/ground imagery and UAV-acquired thermograms, and
underrepresentation of bifacial-specific thermal behaviors. These gaps directly limit re-
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producibility, generalization, and real-world transfer of “high-accuracy” models reported
under controlled conditions.

From a standards and deployment standpoint, the review identifies a central bottle-
neck: harmonization of thermographic inspection protocols. Even where IEC guidance
structures outdoor IR inspections, the document is instructional and does not provide
universal pass/fail severity thresholds, precisely because IRTG does not directly quantify
electrical impact in a manner comparable to qualification standards. Field implementations
vary substantially (irradiance constraints, wind tolerance, viewing-angle handling, cali-
bration practices), and this procedural variability makes cross-study comparison difficult
while limiting the establishment of universally transferable temperature-based severity
classifications. In parallel, UAV-based thermography introduces additional uncertainty
sources, i.e., altitude, camera pitch/roll, vibration, and atmospheric transmissivity, that are
still rarely quantified systematically in PV inspection studies.

Looking forward, the most impactful research and engineering directions suggested
by the findings in this manuscript are:

Protocol convergence and uncertainty quantification: Move toward standardized
reporting of irradiance, wind, emissivity assumptions, viewing geometry, calibration
methods, and uncertainty bounds, particularly for UAV campaigns.

Performance-linked interpretation: Develop generalizable models that connect ther-
mal signatures to electrical impacts (substring/diode behavior, shading dynamics, aging
mechanisms), while recognizing that thermography remains complementary to, rather
than a substitute for, direct electrical characterization.

Multi-modal diagnostic fusion: Systematically integrate IRTG/aIRTG with RGB
context, EL/PL (where feasible), IV/SCADA analytics, and maintenance history to im-
prove fault attribution (e.g., distinguishing soiling-induced hot regions from electrically
driven heating).

Algorithm robustness for field variability: Expand datasets and benchmarking to
reflect real PV diversity (module technologies, climates, UAV configurations, bifacial
operation) and prioritize domain adaptation and physics-informed learning to mitigate
domain shift.

In conclusion, the reviewed evidence supports IR thermography—particularly when
scaled through UAV platforms and strengthened by modern image-processing and learn-
ing algorithms—as a valuable component of contemporary PV inspection. Its principal
strengths lie in non-invasive deployment, scalability, and rapid anomaly screening. Its
limitations include indirect linkage to electrical degradation, sensitivity to environmen-
tal variability, and the absence of universal quantitative severity thresholds. Therefore,
thermography delivers its greatest value when integrated within a multi-modal diagnostic
framework that combines standardized acquisition, quantified uncertainty, complementary
electrical testing, and performance-aware analytics to guide timely maintenance decisions
and sustain long-duration, high-yield PV operation.
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Abbreviations

alRTG Aerial Infrared Thermography

Al Artificial Intelligence

AR5 Fifth Assessment Report (IPCC)

BPV Bifacial Photovoltaic

CCD Charge-Coupled Device

CNN/CNNs Convolutional Neural Network(s)

CPU Central Processing Unit

CIGS Copper Indium Gallium Selenide

DAQ Data Acquisition

DC Direct Current

DIP Digital Image Processing

DL Deep Learning

EDX Energy-Dispersive X-Ray (Spectroscopy)
EL Electroluminescence

EPIT Electrical Pulsed Infrared Thermography
EU European Union

EVA Ethylene Vinyl Acetate

FFT Fast Fourier Transform

GPS Global Positioning System

IEC International Electrotechnical Commission
1IEA International Energy Agency

IEEE Institute of Electrical and Electronics Engineers
IR Infrared

IRTG Infrared Thermography

IPCC Intergovernmental Panel on Climate Change
-v Current-Voltage (I-V) Curve (I = Current; V = Voltage)
LDA Linear Discriminant Analysis

LIT Lock-In Thermography

ML Machine Learning

NDT Non-Destructive Testing

NDTT Non-Destructive Testing Technique

O&M Operation and Maintenance

PCA Principal Component Analysis

PID Potential-Induced Degradation

PL Photoluminescence

PV Photovoltaic

QDA Quadratic Discriminant Analysis
REPowerEU  REPowerEU plan

RGB Red-Green-Blue (Imaging)

RUV Resonance Ultrasonic Vibration

SCADA Supervisory Control and Data Acquisition
SEM Scanning Electron Microscopy

SHT Step Heating Thermography

SNR Signal-to-Noise Ratio

SPIE Society of Photo-Optical Instrumentation Engineers
SVM Support Vector Machine

TAT Title, Abstract, and Topic

TS Technical Specification

UAV/UAVs  Unmanned Aerial Vehicle(s)

UK United Kingdom
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uv Ultraviolet

UVF Ultraviolet Fluorescence

VIM Visual Testing Method

UniGe University of Genoa (Universita di Genova)
c-Si Crystalline Silicon
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