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Abstract

The rapid expansion of utility-scale and commercial photovoltaic (PV) plants demands
high-efficiency predictive and proactive maintenance schemes to safeguard operational
availability and minimize degradation losses. Photovoltaic generators are subject to pro-
gressive mechanical, thermal, and electrical stressors that lead to cell microcracks, solder
fatigue, active bypass diode failures, and localized hotspots. This article presents a rigorous
systematic literature review conducted under the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA 2020) statement. The review critically synthesizes
the integration of machine learning and deep learning models with three primary phys-
ical diagnostic modalities: current—voltage (I-V) curve tracing, infrared thermography
(terrestrial and aerial, aIRT), and optical luminescence (electroluminescence, EL, and photo-
luminescence, PL), alongside cross-cutting low-cost Internet of Things (Iol') and Unmanned
Aerial Vehicle (UAV) acquisition platforms. From an initial identification of 299 records in
the Scopus database, a structured multi-stage screening and quality assessment pipeline
resulted in the definitive inclusion of 39 primary empirical research studies published
between 2022 and 2025 (with active tracking extending through early 2026). This review es-
tablishes a formal four-pillar quality assessment framework (evaluating experimental rigor,
methodological transparency, component disaggregation, and reproducibility) and carries
out a multidimensional synthesis across diagnostic accuracy, computational complexity,
inference latency, inspection throughput, and operational invasiveness. The findings reveal
that while single-modality aerial thermography provides unmatched spatial screening
speeds (5-10 h for a 4 MW plant), it remains blind to non-dissipative microscopic fractures
and exhibits ambiguity between temporary shading and internal cell degradation. Con-
versely, modular online I-V tracing and aerial EL deliver definitive electrical quantification
and sub-cellular resolution, respectively, but face severe throughput and operational in-
vasiveness constraints. Furthermore, this review formalizes a structured four-paradigm
taxonomy of multimodal fusion (early, intermediate, late, and hierarchical) and evaluates
practical engineering deployment bottlenecks—including legacy inverter topology con-
straints, communication bandwidth limits, algorithmic domain shift across emerging cell
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architectures (PERC, TOPCon, HJT, and bifacials), and outdoor thermal metrological uncer-
tainty. Finally, an actionable technological roadmap and conceptual architectural blueprint
toward automated multimodal digital twins are outlined alongside an explicit analysis of
review limitations.

Keywords: photovoltaic systems; fault detection and diagnosis; machine learning; deep
learning; aerial infrared thermography (aIRT); electroluminescence (EL); I-V curve tracing;
low-cost Iol; Unmanned Aerial Vehicles (UAVs); PRISMA 2020 methodology; multimodal
fusion; digital twins

1. Introduction

The accelerated decarbonization of global electrical grids has positioned solar pho-
tovoltaic (PV) energy as the preeminent, most rapidly expanding renewable technology
worldwide [1,2]. The cumulative global solar capacity has surpassed 1.5 TW, driven by
competitive levelized costs of electricity (LCOE), aggressive international climate mandates,
and industrial scaling led by China—which accounts for over 80% of global module produc-
tion capacity and the world’s largest operational utility-scale installations [2]. However, the
geographic ubiquity and long-term outdoor exposure of utility-scale and distributed PV
plants subject solar modules to severe cyclic environmental and operational stresses over
their 25-to-30-year design lifespans [3]. Atmospheric phenomena such as thermal cycling,
mechanical deflection from wind and hail, ultraviolet irradiation, and moisture ingress
induce progressive degradation modes. These include polymeric encapsulant delamination,
sub-visible silicon wafer microcracking, solder ribbon fatigue, potential-induced degra-
dation (PID), and localized solder joint oxidation [4]. If unaddressed, localized defects
trigger current mismatches, activate bypass diodes in non-designed continuous modes, and
generate high-temperature hotspots that precipitate accelerated power degradation and
create latent fire hazards in large arrays [5].

Under these operating imperatives, traditional maintenance paradigms based on peri-
odic visual walk-throughs and reactive corrective repairs are operationally inadequate and
economically unviable for multi-megawatt installations [6]. Consequently, the photovoltaic
industry is undergoing a paradigm shift toward automated predictive and proactive main-
tenance schemes. This transformation is driven by the convergence of two foundational
technological vectors:

1. Autonomous Multi-Sensory Data Acquisition Platforms:

2. Advanced Computer Vision and Machine Learning (ML) Models: Deep neural
networks—most notably single-stage object detectors (YOLO variants), semantic seg-
mentation architectures (U-Net, DeepLab), and supervised contrastive classifiers—are
increasingly embedded directly onto edge computational platforms or integrated into
cloud analytics to autonomously identify, classify, and geolocate anomalies without
manual human interpretation [7].

Despite the proliferation of machine learning literature dedicated to PV defect classifi-
cation, recent academic publications suffer from a pronounced methodological disconnect.
Earlier literature surveys have typically evaluated single technologies in isolation—focusing
exclusively on aerial thermographic computer vision [5], specialized laboratory lumines-
cence setups, or conventional centralized SCADA electrical curve tracers [7,8]. However,
real-world field maintenance requires an integrated understanding of how complementary
physical diagnostic modalities (electrical, thermal, and optical) interact with edge computa-
tional platforms and open-source hardware architectures under real industrial engineering
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constraints. Crucially, the literature has frequently grouped multimodal sensor integration
without systematically categorizing the underlying fusion paradigms, while practical plant-
level constraints—such as legacy inverter circuit topologies, wireless telemetry bottlenecks
in remote environments, economic cost-benefit trade-offs across installation capacities, and
out-of-distribution domain shift—remain insufficiently addressed.

To bridge this critical knowledge gap, this systematic literature review provides a unified,
methodologically rigorous synthesis of state-of-the-art research (2022-2025, tracking through
2026). The review is guided by three explicit, pre-defined Research Questions (RQs):

e RO1 (Algorithmic Portability and Performance): Which machine learning and deep
learning architectures provide the optimal trade-off between diagnostic accuracy, com-
putational footprint, and inference latency when deployed on resource-constrained
UAV payloads and low-cost Iol' edge hardware?

e  RQ2 (Physical Modality Specificity and Operational Throughput): How do electri-
cal (I-V curve tracing), thermal (terrestrial and aerial infrared thermography), and
optical (electroluminescence and photoluminescence) diagnostic modalities compare
regarding defect specificity, inspection speed, operational invasiveness, and environ-
mental sensitivity?

e RO3 (Engineering Constraints, Generalization, and Digital Twin Roadmap): What
are the core hardware, telemetric, and operational domain shift bottlenecks hindering
industrial deployment across next-generation PV cells, how are multimodal fusion
paradigms categorized, and what constitutes the actionable conceptual roadmap to-
ward scalable digital twins in operating PV plants?

In addressing these questions, this review explicitly delineates the primary empiri-
cal evidence corpus (comprising 39 field-validated studies) from secondary reviews and
contextual benchmark literature to avoid evidence double-counting.

The remainder of this article is structured as follows: Section 2 describes the system-
atic review methodology following the PRISMA 2020 statement, formalizing the search
equation, eligibility criteria across Al tasks, the 4-pillar quality assessment rubric with
weighting justification, multi-tier sensitivity analysis with Leave-One-Pillar-Out (LOPO)
testing, and corpus representativeness. Section 3 systematically analyzes the 39 primary
studies, structured into electrical, thermal, and optical diagnostics, edge machine learn-
ing models, low-cost IoI' implementations, a formal four-paradigm taxonomy of multi-
modal fusion, and quantitative benchmarking addressing methodological heterogene-
ity. Section 4 presents the master comparative framework with normative citations, ana-
lyzes operational trade-offs and capacity-dependent cost scaling, details practical indus-
trial engineering constraints (inverter topologies, bandwidth), evaluates domain shift
with empirical literature evidence, outlines the conceptual digital twin roadmap, and
formalizes review limitations. Finally, Section 5 outlines the primary conclusions and
actionable guidelines.

2. Systematic Review Methodology

This systematic review was planned, executed, and documented in strict compliance
with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA
2020) statement [9]. The standardized PRISMA framework guarantees methodological
transparency, independent auditability, and scientific reproducibility across all phases of
literature identification, screening, quality assessment, and data synthesis.

2.1. Search Strategy and Primary Data Source Justification

To ensure comprehensive bibliographic retrieval of high-impact, peer-reviewed litera-
ture at the intersection of solar energy engineering, sensor hardware, and applied artificial
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intelligence, Scopus was selected as the principal primary scientific database for query exe-
cution. The methodological selection of a single curated bibliographic database is grounded
in established scientometric analyses [10,11]. Scopus provides exhaustive indexing coverage
across the premier academic publishers in energy, electrical engineering, and computer
science—encompassing IEEE Xplore, Elsevier (ScienceDirect), SpringerLink, MDPI, Wiley,
and Taylor and Francis [10]. By querying Scopus via its Advanced Search API, the complete
population of indexed Q1 and Q2 peer-reviewed literature was retrieved under a single
standardized indexing schema, avoiding cross-database record formatting discrepancies
and citation deduplication artifacts.

The global prominence of Chinese research in solar photovoltaics warrants specific
methodological consideration. China represents more than 80% of global PV manufacturing
and operates the world’s largest multi-GW installations. In this review, high-impact research
from Chinese institutions is thoroughly captured through Scopus, which indexes the inter-
national English-language journals and proceedings of leading Chinese universities and
research institutes (e.g., across IEEE, Elsevier, Springer Nature, Wiley, and MDP]I, as well as
specialized titles such as Frontiers in Energy and Solar Energy). Indeed, 33.3% of the included
primary empirical studies (n = 13 of 39) originate directly from Chinese research teams and
test sites. Concurrently, regional databases such as the China National Knowledge Infras-
tructure (CNKI) were considered. However, the CNKI repository predominantly indexes
monolingual Chinese-language literature without standardized English PRISMA-compliant
reporting or peer-review metadata accessible for independent international replication.
Furthermore, technical guidelines from China have been codified in authoritative national
standards, such as GB/T 39857-2021 [12] for UAV-based infrared thermography defect in-
spection, which aligns with international standards such as IEC TS 62446-3:2017 [13]. While
Chinese-language articles indexed exclusively in CNKI are excluded by our language and
database filters (as acknowledged in Section 4.8), the representative vanguard of Chinese
empirical research is comprehensively integrated within our corpus.

Nevertheless, the potential selection bias arising from the reliance on a single pri-
mary database is explicitly recognized. Regional journals not indexed in major biblio-
graphic indices, non-English literature, and proprietary industrial technical reports are
inherently excluded by this search design. To mitigate this limitation, the primary database
search was supplemented by forward and backward citation chaining (snowballing) from
seminal publications and authoritative international normative reports (e.g., IEA-PVPS
and IEC).

The search query was structured around three core conceptual facets combined via
Boolean operators.

1. Application Domain: Solar photovoltaic plants, commercial arrays, and PV modules.

2. Diagnostic Modalities and Physical Principles: Fault detection, defect diagnosis,
I-V curves, infrared thermography, electroluminescence, photoluminescence, and
condition monitoring.

3. Enabling Hardware and Algorithmic Technologies: Machine learning, deep learning,
computer vision, convolutional neural networks, YOLO, Unmanned Aerial Vehicles
(UAVs, drones), Internet of Things (IoT'), and open-source embedded microcontrollers
(ESP32, Arduino, Raspberry Pi).
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TITLE—ABS-KEY( (“solar photovoltaic plant” OR “photovoltaic plant” OR “PV module”)
AND ((”fault detection” OR “defect diagnos*”

OR “failure analysis” OR “condition monitoring”)
AND (”I—V curve” OR “thermograph*” OR “infrared”

OR “electroluminescence” OR “photoluminescence”

OR “electrical method*”))
OR ((”maintenance” OR “proactive maintenance”

OR “monitoring” OR “asset management”)
AND (“low-cost” OR “open-source” OR “IoT”

OR “internet of things” OR “drone*” OR “UAV”

1
OR “Raspberry” OR “Arduino” OR ”ESPSZ”)) )

OR <(”fault*” OR “defect*” OR “crack*”
OR “hotspot*” OR “anomaly*”)

AND (“machine learning” OR “artificial intelligence”

OR “deep learning” OR “computer vision”
OR “neural network*” OR “CNN” OR “YOLO”)))
AND PUBYEAR > 2021 AND PUBYEAR < 2026
AND (LIMIT—TO(DOCTYPE, “ar”) OR LIMIT-TO(DOCTYPE, “cp”)

OR LIMIT-TO(DOCTYPE, “re”) )
AND (LIMIT-TO(LANGUAGE, “English”) )

The automated systematic search was formally executed via the Scopus API script on
2 June 2026 (N = 299 records), retrieving literature published between 2022 and 2026. To
ensure absolute temporal currency prior to submission, prospective query monitoring was
maintained through August 2026. Full bibliographic metadata—including titles, abstracts,
author keywords, indexed keywords, publication year, and source titles—were exported
into structured CSV and BibTeX formats for screening.

2.2. Eligibility Criteria and Screening Process

The eligibility criteria were structured using the formalized PICOS (Population, Inter-
vention, Comparator, Outcomes, Study Design) framework, as detailed in Table 1.

Given the multi-task nature of artificial intelligence applied across photovoltaic condi-
tion monitoring, eligibility and quantitative benchmarking required standardizing perfor-
mance metrics across four distinct computational problem formulations:

1. Image Classification Tasks (Module/Cell Level): Evaluated via accuracy, precision,
recall, and class-balanced F1-score to assess discrete fault categorization.

2. Object Detection Tasks (Aerial Bounding-Box Localization): Standardized via Mean
Average Precision at IoU threshold 0.5 (mAP@0.5) and the COCO standard comprehen-
sive metric mAP@[0.5:0.95], alongside bounding-box Intersection over Union (IoU).

3. Semantic Segmentation Tasks (Pixel-Level Delineation): Standardized via mean
IoU (mlIoU) and Dice coefficient/F1-score for tracing fine microcracks and active
cell boundaries.

4. Time-Series and Curve Regression Tasks (Electrical Tracing): Standardized via
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Coefficient of
Determination (R?) for electrical parameter extraction.
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This task-stratified metric standardization prevents methodologically unsound direct aggre-

gation across fundamentally disparate mathematical objectives.

Table 1. PICOS framework defining inclusion and exclusion criteria for literature eligibility.

Parameter

Inclusion Criteria (Eligible)

Exclusion Criteria (Ineligible)

Population (P)

Utility-scale, commercial, industrial, or outdoor
experimental solar PV plants, modules, or strings.

Standalone solar thermal, concentrated solar power
(CSP), off-grid microgrids without PV array
diagnosis, or generic semiconductor wafer physics.

Intervention (I)

Automated diagnostic methodologies utilizing I-V
curve tracing, infrared thermography
(aIRT/terrestrial), electroluminescence (EL), or
photoluminescence (PL), coupled with ML/DL
algorithms or low-cost IoT /UAV hardware.

Manual unassisted visual inspections, conventional
non-automated handheld multimeter testing, or
high-cost proprietary industrial SCADA tools lacking
methodological disclosure.

Comparator (C)

Traditional manual electrical probing, single-modality
unassisted inspections, baseline simulation models, or
unoptimized algorithms.

Studies lacking baseline performance comparisons or
without comparative empirical verification.

Outcomes (O)

Standardized quantitative diagnostic metrics
(accuracy, precision, recall, F1-score, mAP, IoU,
RMSE), inspection throughput (speed/area), spatial
defect resolution, and hardware cost feasibility.

Exclusively subjective qualitative assessments, purely
theoretical mathematical proofs without quantitative
validation, or unreported accuracy metrics.

Study Design (S)

Primary empirical peer-reviewed research articles and
full conference proceedings published in English
between 2022 and 2025 (including early 2026
pre-indexations).

Secondary reviews (retained only for contextual
framing), editorial letters, conference
abstracts/posters, book reviews, or
non-peer-reviewed white papers.

The study selection followed a four-stage sequential pipeline in accordance with

PRISMA 2020 guidelines:

1.

Phase 1: Identification. Initial query execution yielded a total of N = 299 bibliographic
records across the three thematic facets (Topic 1: 100 records; Topic 2: 99 records;
Topic 3: 100 records). Prior to screening, N = 204 records were removed: n = 34
exact duplicate records resulting from cross-thematic overlap, and n = 170 non-eligible
records (automated exclusion of records lacking abstracts, non-generator power system
studies, or conference summaries).

Phase 2: Screening. Two authors (A.F.V.G. and V.A.G.) independently evaluated
the remaining N = 95 unique bibliographic records based on titles and abstracts. A
total of n = 47 records were excluded due to irrelevance: generic microgrid/grid-
connection studies without PV fault focus (n = 22), purely theoretical simulations
lacking experimental PV validation (n = 15), and short technical notes (n = 10).
Inter-reviewer agreement at this stage was measured using Cohen’s kappa coefficient,

Phase 3: Eligibility (Full-Text Assessment). The full texts of the remaining N = 48
candidate articles were retrieved and subjected to comprehensive independent evalua-
tion by the two reviewers. A total of n = 9 articles were excluded with documented
justifications (inter-reviewer agreement x = 0.89; disputes adjudicated by third author

2.

yielding x = 0.84, indicating strong concordance.
3.

L.H.C.). Table 2 details the excluded articles and specific rationale.
4.

Phase 4: Inclusion. A final corpus of N = 39 primary empirical research studies
satisfied all inclusion requirements and was consolidated for qualitative synthesis and
quantitative benchmarking.

Figure 1 illustrates the complete PRISMA 2020 study selection flowchart.
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Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility, and inclusion
phases for the 39-study empirical evidence corpus.

Table 2. List of articles excluded following full-text evaluation with specific exclusion rationales

(n=9).
Candidate Reference Primary Domain Specific Reason for Full-Text Exclusion
Lack of experimental validation: Evaluated algorithms
Study EX-01 [14] (2022) -V Curve Simulation solely on synthetic MATLAB/Simulink (version R2022a,

The MathWorks, Inc., Natick, MA, USA) solar cell
models without field or outdoor bench testing.

Lack of quantitative AI metrics: Reported qualitative
Study EX-02 [15] (2023) Aerial Thermography hotspot detection images without reporting formal
classification accuracy, precision, recall, or mAP.

Lack of component disaggregation: Monitored overall
Study EX-03 [16] (2022) SCADA Fault Detection inverter-level power yield; unable to isolate or localize
faults at the string, module, or cell level.

Insufficient reproducibility: Did not disclose UAV flight
Study EX-04 [17] (2024) Drone Inspection parameters, camera specifications, or deep learning
model hyperparameters.

Lack of standardized benchmarking: Tested on fewer
Study EX-05 [18] (2023) EL Imaging than 20 hand-selected cell samples without a formal
training/test split or statistical validation.
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Table 2. Cont.

Candidate Reference

Primary Domain Specific Reason for Full-Text Exclusion

Study EX-06 [19] (2022)

Lack of quantitative diagnostic capability: Presented

IoT Hardware Prototype microcontroller sensor telemetry without implementing

fault classification or anomaly detection algorithms.

Study EX-07 [20] (2024)

Secondary review characteristics: Document synthesis

Optical Luminescence based on previously published primary datasets without

contributing new empirical experimental data.

Study EX-08 [21] (2023)

Lack of component disaggregation: Global binary

Thermal Image Processing  segmentation of entire solar fields without delineating

individual modules or isolating specific defect types.

Study EX-09 [22] (2024)

Lack of outdoor ambient testing: Evaluated model

Deep Learning Classifier solely on artificially cropped, noise-free indoor images,

failing to account for outdoor irradiance fluctuations.

2.3. Operationalized Four-Pillar Study Quality Assessment Framework

To guarantee methodological rigor and prevent qualitative bias, all 48 candidate full-

text articles were evaluated against an operationalized four-pillar Quality Assessment

(QA) protocol. Each pillar evaluates an essential attribute of scientific validity in applied

photovoltaic diagnosis, scored on an objective 3-point ordinal scale (0 = Unsatisfied /Absent,
1 = Partially satisfied, 2 = Fully satisfied):

e  Pillar 1: Experimental Field Validation Rigor (P1).

Score 2: Validated on operational commercial/utility-scale solar plants or dy-
namic outdoor test benches under natural irradiance and ambient environmental
conditions.

Score 1: Tested on small-scale indoor test benches under artificial solar simulators
or controlled outdoor conditions with limited sample sizes.

Score 0: Evaluated strictly on numerical simulations or synthetic datasets without
physical hardware measurements.

e Pillar 2: Methodological Transparency and Quantitative Metrics (P2).

Score 2: Explicitly reports comprehensive standardized quantitative performance
metrics (accuracy, precision, recall, F1-score, mAP, IoU, RMSE, or confusion
matrix) with clear cross-validation or holdout test protocols.

Score 1: Reports partial or single-metric performance (e.g., global accuracy only)
without confusion matrices, precision/recall breakdown, or confidence intervals.
Score 0: Relies on qualitative visual inspections or subjective descriptive claims
without numerical benchmarking.

e Pillar 3: Component-Level Spatial Disaggregation (P3).

Score 2: Demonstrates granular defect localization at the individual sub-module,
single cell, or string level.

Score 1: Locates anomalies at the gross PV table or combiner-box level without
isolating individual modules or specific cells.

Score 0: Macro-level plant or central inverter output detection only, incapable of
spatial disaggregation.

e Pillar 4: Technological Maturity and Reproducibility (P4).

Score 2: Provides complete disclosure of Al algorithmic architectures, sensor tech-
nical specifications (resolution, spectral band, noise), hardware microcontrollers,
communication protocols, and flight parameters.
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—  Score 1: Discloses algorithmic models or sensor types generically without specific
parameters, source code, or reproducibility details.

—  Score 0: Proprietary black-box algorithms or undisclosed commercial systems
precluding independent replication.

The cumulative QA score ranges from 0 to 8 points. The four pillars are assigned
equal weights (w; = 0.25 for i € {1,2, 3,4}, allocating 2 points per pillar). In systematic
review epistemology, symmetric weighting is crucial to avoid compensatory distortion:
an asymmetric weighting schema (e.g., heavily weighting empirical field testing while
discounting algorithmic reproducibility) would allow proprietary black-box studies lacking
hyperparameters or sensor specifications to enter the synthesis. The inclusion threshold
was set at Score > 6 points (>75%), governed by a mandatory non-compensatory veto rule:
any candidate study receiving a score of 0 in any single pillar is categorically excluded.
This ensures that every study included in the final corpus satisfies minimum standards
across real-world outdoor verification (P; > 1), standardized quantitative performance
reporting (P, > 1), spatial component localization (P; > 1), and technical parameter
disclosure (P, > 1). Quality scoring was conducted independently by two reviewers,
achieving an inter-rater weighted Cohen’s kappa of x = 0.86. Disagreements were reconciled
through consensus.

2.4. Sensitivity Analysis of Methodological Quality

To evaluate whether the systematic review findings are sensitive to study quality cutoffs
or specific inclusion thresholds, a multidimensional sensitivity analysis was conducted.
First, the 39 included primary studies were stratified into three granular quality tiers:

e  Maximum-Rigor Tier (QA = 8/8, n = 15 studies, 38.5%): Studies achieving full
satisfaction across all four pillars: verified outdoor operational validation, full multi-
metric reporting, granular sub-module/cell localization, and complete reproducibility
disclosures.

e  Substantial-Rigor Tier (QA = 7/8, n = 13 studies, 33.3%): Studies fulfilling three
pillars completely and partially satisfying one pillar (most commonly reporting single-
metric evaluations or partial hyperparameter disclosures).

e  Threshold-Rigor Tier (QA = 6/8, n = 11 studies, 28.2%): Studies meeting the
non-compensatory minimum threshold across all dimensions but possessing minor
limitations in sample diversity or code availability.

Second, a Leave-One-Pillar-Out (LOPO) sensitivity analysis was executed by sys-
tematically recalculating study eligibility under the hypothetical omission of each in-
dividual quality pillar (P, through P,). As summarized in Table 3, core technological
and algorithmic conclusions demonstrate remarkable invariance across quality tiers and
LOPO perturbations.

Specifically, lightweight edge detectors (YOLOv5/v7/v8) consistently achieve Mean
Average Precision in the 91-96% band regardless of quality tier, confirming that high algo-
rithmic performance is not an artifact of permissive experimental designs. Similarly, the
four-to-five-fold scanning throughput advantage of aerial thermography over electrolumi-
nescence and the vulnerability of deep vision models to out-of-distribution domain shift
are reported consistently across all subsets. These findings confirm high methodological
stability against study quality scoring.
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Table 3. Methodological quality sensitivity analysis across stratified QA tiers and Leave-One-Pillar-
Out (LOPO) perturbations.

. Lightweight .

Analysm . Corpus YOLO mAP@0.5 Throughput Ratio Reported Domain Shift Degradation
Configuration Subset (n) Range (aIRT vs. EL)
Full Corpus _ o o :
(QA > 6/8) n=239 91.2-96.4% 4.0x-5.0x faster 15.0-25.0% drop in mAP
Tier 1: Maximum

n=15 93.8-96.4% 4.0x—4.8x faster 17.4-23.8% drop in mAP
(QA =8/8) P
(Téejiz; 57‘/‘;’;”““2‘1 n=13 91.2-94.5% 4.0x-5.0x faster 15.0-22.1% drop in mAP
(Tée:’:’ ?/‘;;sm’ld n=11 92.6-94.0% 4.2x-5.0x faster 16.5-25.0% drop in mAP
LOPO: Omit P, B . ] o .
(Field Rigor) n =39 91.2-96.4% 4.0x-5.0x faster 15.0-25.0% drop in mAP
LOPO: Omit P, n =239 91.2-96.4% 4.0x-5.0x faster 15.0-25.0% drop in mAP
(Metrics)
LOPO: Omit P n =39 91.2-96.4% 4.0x-5.0x faster 15.0-25.0% drop in mAP
(Disaggregation)
LOPO: Omit P, _ . B [ .
(Reproducibility) n=239 91.2-96.4% 4.0x-5.0x faster 15.0-25.0% drop in mAP

2.5. Corpus Representativeness and Multidimensional Distribution

hens

The resulting corpus of 39 included primary empirical studies represents a compre-
ive sample of modern research. Recency is a defining feature of the corpus: 61.5% of

the included literature (24 out of 39 studies) was published during the 2024-2025 period
(including early 2026 indexations), capturing recent developments in edge computing,

embedded Al, and autonomous UAV operations.

To establish representativeness beyond publication recency, Figure 2 quantifies the

distribution of the 39 studies across five fundamental operational dimensions:

Diagnostic Modality: Electrical I-V curve analysis accounts for 17.9% (n = 7), Infrared
Thermography (alRT and ground-based) represents 30.8% (n = 12), Optical Lumi-
nescence (EL/PL) comprises 15.4% (n = 6), and Edge Al/IoI'/Multimodal Fusion
comprises 35.9% (n = 14).

Photovoltaic Cell Technology: Monocrystalline silicon (mono-5i) dominates with
53.8% (n = 21), followed by polycrystalline silicon (poly-5Si) at 30.8% (n = 12), and
emerging architectures (bifacial, heterojunction HJT, and thin-film) at 15.4% (n = 6).
Plant Scale & Operational Setting: Utility-scale installations (>1 MW) represent
43.6% (n = 17), commercial and industrial rooftop installations account for 25.6%
(n = 10), and outdoor experimental test benches represent 30.8% (n = 13).
Validation Environment: Operational outdoor field environments comprise 76.9%
(n = 30) of all studies, while controlled outdoor experimental platforms represent
23.1% (n =9).

Geographical Diversity: The experimental test sites span Europe (46.2%, notably
Spain, Italy, Germany, and Poland), Asia (33.3%, predominantly China [n = 13] and
India), the Americas (12.8%, USA and Brazil), and North Africa (7.7%, Morocco). The
substantial representation of research from China reflects its industrial prominence in
solar module manufacturing and utility-scale deployment, providing leading empirical
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contributions in UAV object detection (e.g., Wang et al. [23]) and electroluminescence
segmentation (e.g., Tang et al. [24,25]).

Advanced Diagnostics of Photovoltaic Plants: A Systematic Review of Machine Learning
in Thermography, Electroluminescence and I-V Curves using UAV and loT Platforms

Electrical Diagnosis via
I-V Curve Analysis

Thermal Diagnosis by Optical Diagnosis
Aerial and Terrestrial IRT by EL and PL

pos

I-V curve reflects intrinsic = __ Rapid scanning with @ Nightly reverse current Edge inference with
/ \ functional behavior ?_ LWIR sensors on UAVs via inverters enables {;ﬁ% YOLO and U-Net for

Machine Learning and
loT Platform Integration

6P
o-g-o
@ 0 =

under irradiance and <  for massive inspections J massive, non- real-time hotspot
temperature dismantling inspection detection
P Fuzzy logic and modular Wind and angle Microcrack detection 3D reconstruction (SfM)
°'lITl tracers enable in-line mitigation prevents false C f/ identifies internal silicon ﬂ 75 with SunMap enables
e/ diagnostics without [©7 negatives from =i-- cracks invisible to unattended defect
interruption convective cooling thermography geolocation
ikt Supervised classifiers 3\ RTKgeolocation and Deep Learning and ., OpenCV on low-cost
%:}_ (SVM/KNN) efficiently loss optimization (PSO) transfer learning :[] microcontrollers allows
i detect current mismatch for precise defect automate detection of 9 |ocalized diagnostic

and soiling localization PID processing

A NotebookLM

Figure 2. Comprehensive overview of photovoltaic diagnostic techniques, physical spectrums, en-
abling IoT/UAV technologies, and representative corpus breakdown.

3. Diagnostic Techniques and Enabling Technologies in
Photovoltaic Systems

This section delivers an in-depth, structured synthesis of the 39 primary empirical
research studies, organized across four functional categories: electrical I-V tracing, thermal
infrared thermography, optical luminescence, and the integration of machine learning with
low-cost IoT platforms.

3.1. Electrical Diagnosis Through I-V Curve Analysis

Current-voltage (I-V) curve tracing constitutes the gold standard for quantitative
electrical characterization in PV systems. The resulting curve reflects the aggregate semi-
conductor junction behavior under ambient irradiance (G) and operating temperature
(T). Characteristic electrical features—short-circuit current (I,.), open-circuit voltage (V,.),
maximum power point (P,,,), fill factor (FF), series resistance (R;), and shunt resistance
(Ryj,)—serve as physical indicators of specific degradation mechanisms.

Historically, I-V curve acquisition required manual intervention: technicians phys-
ically disconnected strings or individual modules to interface bulky commercial curve
tracers. This offline procedure halts electricity generation, incurs severe labor costs, and
precludes continuous monitoring in utility-scale fields. Recent literature focuses on devel-
oping online, inline, and low-cost modular tracers capable of extracting I-V curves without
operational disruption.

Hardware advancements are exemplified by De Riso et al. [26], who designed a modu-
lar inline electronic tracer integrated directly into a PV module embedded within a series
string. The system temporarily sweeps the operational trajectory using a capacitive load cir-
cuit and MOSFET switch, transmitting extracted current and voltage profiles through power
line communication (PLC) or wireless links. Chen et al. [27] demonstrated a self-powered
wireless online I-V tracer deployed at the individual module level. By harvesting power
directly from the PV module during normal operation and utilizing an ultra-low-power
wireless protocol, the system performs autonomous module-level sweeps without external
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battery packs. Similarly, Morales-Aragonés et al. [28] validated low-cost open electronics
utilizing ESP32 microcontrollers and solid-state switching, achieving I-V curve tracing at a
fraction of commercial equipment costs.

In parallel, algorithmic processing of I-V curves has evolved from empirical thresh-
olding to machine learning classification. Hussain et al. [29] implemented a fuzzy logic
architecture analyzing the mathematical trajectory and slope of the I-V trend line, effec-
tively separating uniform environmental degradation from non-uniform partial shading.
Zhang et al. [30] formulated a data-driven method for string current mismatch faults, ex-
tracting statistical inflection points and first-order derivatives from I-V curves to train
regressors capable of distinguishing between localized soiling and irreversible cell wear.
Supervised machine learning models—including Support Vector Machines (SVMs), K-
Nearest Neighbors (KNNs), and Naive Bayes—were deployed by Emamian et al. [31]
within an IoT cloud framework to automate multiclass defect identification. De Souza Silva
et al. [32] trained supervised classifiers on real operational data to detect active bypass
diode conduction and localized shunt defects. Furthermore, Almas et al. [33] established a
long-term predictive degradation model correlating electrical I-V wear parameters with
visible physical weathering.

Table 4 summarizes the primary research studies evaluating electrical I-V curve diagnosis.

Table 4. Systematic synthesis of primary studies on electrical diagnosis via I-V curve characterization
(n=7).

Experimental Validation

Reference Algorithmic Approach Target Fault Typology Setting Key Metric QA
Hussain et al. [29] ngzy nglc .(Trend Pa?tlal shading, uniform 1.5 kW outdoor Acc: 98.4% 7/8
Line Derivative) aging experimental test bench
De Riso et al. [26] Inline IoT Capacitive  String series resistance, =~ Outdoor PY module Error < 1.8%  7/8
Tracer shunts embedded in string

Zhang et al. [30] Da_ta—Drlven .Inﬂectlon Curr.ent mls.rr}atch, Utility grid-connected PV F1: 96.2% 8/8
Point Extraction localized soiling array

Emamian et al. [31] Cloud—Base‘d. SVMand Mismatch, shading, diode 20 kW commercial rooftop Acc: 97.1% 7/8
KNN Classifiers short array

. Supervised ML Resistive shunts, diode Real operational utility PV ) o

de Souza Silva et al. [32] (Random Forest, SVM) conduction plant Acc: 98.2% 8/8
Non-Linear Empirical Multi-MW field operational ).

Almas et al. [33] Degradation Model Hotspots, long-term wear array R?: 0.94 7/8

Chen et al. [27] Self-Powered Wireless ~Module-level mismatch, 5 kW grid-connected string RMSE < 12%  8/8

Online Tracer

degradation

array

3.2. Thermal Diagnosis by Aerial and Terrestrial Infrared Thermography (IRT)

Long-Wave Infrared (LWIR, 8-14 ym) thermography provides a non-contact method
for inspecting operating solar generators. Defective solar cells exhibit localized dissipation of
uncollected electrical energy as heat, creating distinct thermal signatures: localized hotspots
(cell cracks, solder defects), multi-cell cluster heating (delamination, severe shunts), string
open circuits, and overheated bypass diodes.

Integrating radiometric LWIR sensors onto Unmanned Aerial Vehicles (UAVs) enables
the rapid scanning of extensive solar farms. However, outdoor aerial thermography is
constrained by strict environmental and operating boundary conditions. In accordance
with the international technical specification IEC TS 62446-3:2017 [13], reliable thermal
inspections mandate an in-plane solar irradiance G > 600 W/m? under clear-sky conditions
to ensure sufficient thermal gradient generation (AT > 10 °C between normal and defective
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cells). Furthermore, ambient wind speed must not exceed 4 m/s, as forced convective
cooling flattens thermal gradients and produces false negatives.

Vergura [6,34] conducted rigorous sensitivity investigations into the influence of en-
vironmental and flight variables on UAV thermography. The author demonstrated that
elevated wind velocities and non-perpendicular optical view angles (>30° off-nadir) induce
substantial measurement distortions due to surface emissivity changes and specular reflec-
tions of cold sky radiation. To reconcile the trade-off between aerial scanning speed and
diagnostic precision, Alvarez-Tey and Garcia-Lopez [35] proposed a standardized two-stage
inspection protocol: an initial rapid aerial survey (aIRT) at high flight altitude (40-50 m)
for rapid anomaly geolocation, followed by ground-based terrestrial thermal inspection at
close range and variable incidence angles to definitively identify defect root causes.

Geospatial precision during aerial inspections has been enhanced through the inte-
gration of Real-Time Kinematic (RTK) positioning. Segovia Ramirez et al. [36] deployed
RTK-equipped UAVs to acquire thermal orthomosaics with sub-decimetric spatial position-
ing error (<5 cm), enabling automated historical registration and multi-temporal tracking of
individual module thermal degradation over successive seasons. Cipriani et al. [37] coupled
aerial thermal thermography with Particle Swarm Optimization (PSO) heuristic algorithms
to mathematically estimate the single-diode equivalent circuit loss parameters of overheated
modules in utility-scale installations. Esposito et al. [38] demonstrated non-invasive thermo-
graphic methodologies to evaluate thermal degradation profiles across operating multi-MW
plants. Jeffrey Kuo et al. [39] deployed dual-sensor (RGB and IRT) UAV platforms to achieve
fully automated anomaly detection, classification, and GPS coordinates extraction across
large-scale arrays.

Table 5 synthesizes the primary research studies focused on infrared thermography.

Table 5. Systematic synthesis of primary studies on infrared thermography diagnosis (1 = 7).

Methodological Experimental Validation .
Reference Approach Target Fault Typology Setting Key Metric QA
< Two-Stage Screening . . 1.2 MW operational grid . o
Alvarez-Tey et al. [35] (Aerial + Ground) Hotspots, active diodes plant F1: 94.5% 8/8
Environmental Convective cooling false =~ Commercial utility PV AT error
Vergura [34] Sensitivity Analysis negatives plant < 08K 7/8
UAV FHlight Wind and angular tilt 2.5 MW commercial solar False neg.
S Vergura [6] Optimization Protocol  artifacts plant —42% 7/8
Segovia Ramirez RTK-Integrated Drone = Sub-decimetric thermal =~ Multi-MW utility-scale Geolocation
. 8/8
etal. [36] Thermography mapping plant <5cm
o Heuristic PSO Module internal power ) Param. error
Cipriani et al. [37] Equivalent Modeling  loss 1 MW operational PV plant < 3.5% 7/8
Non-Invasive . s :
Esposito et al. [38] Thermographic Locahzeq hotspot Utility-scale operational Acc: 95.2% 7/8
- degradation array
Profiling
Automated UAV Hotspots, soiling, diode . . Precision:
Jeffrey Kuo et al. [39] IRT/RGB Inspection failure Multi-MW utility PV plant 96.8% 8/8

3.3. Optical Diagnosis by Electroluminescence (EL) and Photoluminescence (PL)

Electroluminescence (EL) and photoluminescence (PL) are cold optical emission diag-
nostic techniques. Unlike thermography, which measures thermal blackbody emission in
the LWIR spectrum due to heat dissipation, luminescence captures radiative recombination
of excess charge carriers in the semiconductor junction. In silicon PV cells, this radiative
band-to-band recombination emits photons in the Short-Wave Infrared (SWIR) spectrum,
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exhibiting a characteristic emission peak around 1150 nm. Because the local luminescence
intensity is directly proportional to minority carrier diffusion length and junction voltage,
cracks that electrically isolate cell fragments appear dark (zero luminescence). EL and PL
reveal sub-visible microscopic defects: silicon microcracks, busbar disconnections, finger
breaks, and potential-induced degradation (PID) before they manifest as thermal hotspots.

EL requires external forward electrical current injection, whereas PL utilizes high-
intensity optical excitation (lasers or LED arrays) to excite charge carriers without electrical
contact. In the field, EL has historically been restricted to dark rooms or manual nocturnal
audits. The luminescence emission intensity is four to six orders of magnitude weaker than
direct sunlight, making daytime outdoor detection challenging. Capturing daylight EL
requires complex lock-in modulation techniques, bandpass optical filtering, and multi-frame
averaging, which slows inspection throughput [40,41].

To transition EL from manual audits to scalable outdoor operations, Hernandez
Callejo et al. [42] developed an outdoor aerial inspection methodology. A high-sensitivity
cooled InGaAs/CMOS SWIR camera is mounted on a UAV, synchronized with bidirectional
solar inverters that inject reverse current into entire strings at night. This setup enables
rapid nocturnal aerial scanning without requiring module disconnections. However, as
analyzed by Del Prado Santamaria et al. [41], aerial EL throughput is substantially lower
than thermography: inspecting a 4 MW plant requires 2040 flight hours for EL compared
to 5-10 h for aIRT, due to camera exposure times (50-200 ms) and the necessity of static
drone hovering to avoid motion blur.

In photoluminescence, Ling et al. [43 ] demonstrated deep convolutional neural networks
applied directly to solar cell PL imagery, accurately classifying PID and non-radiative carrier
recombination losses. In automated EL image screening, Tang et al. [24] implemented an
edge—cloud computing architecture utilizing semantic segmentation to autonomously trace
and quantify linear silicon microcracks in high-resolution EL orthomosaics. Tang et al. [44]
optimized deep convolutional networks using Transfer Learning (ResNet and VGG backbones),
achieving high accuracy in multiclass classification of wafer metallurgical defects and finger
breakages. Furthermore, Tradacete-Agreda et al. [45] developed a specialized I6T hardware
module capable of switching strings between normal operational generation and dark forward-
bias injection, enabling self-diagnostic nocturnal EL image capture.

Table 6 summarizes the primary research studies focused on optical luminescence
diagnostics.

Table 6. Systematic synthesis of primary studies on optical luminescence (EL/PL) diagnosis (n = 6).

Experimental Validation

Reference Methodological Approach Target Fault Typology Setting Key Metric QA

Hernandez Callejo Nocturnal Drone EL + Microcracks, busbar 2.1 MW commercial Detection: 8/8

etal. [42] Inverter Injection breakage solar plant 98%

. Deep Edge-Based CNN PID, non-radiative Outdoor operational . o

Ling etal. [43] (PL Images) recombination PV panels Ace: 96.5% 8/8
Edge-Cloud Semantic Linear microcracks, Utility-scale operational . o

Tang etal. [24] Segmentation fractures PV plant loU: 88.4% 8/8
Transfer Learning CNNs  Wafer defects, soldering  Large-scale aerial . o

Tang etal. [44] on Aerial EL breaks EL database F1:95.8% 8/8

Del Prado Santamaria  Aerial Drone EL Protocol =~ Microcracks, dark inactive Multi-MW field operational ~Throughput 7/8

etal. [41] Analysis cells array benchmark

Tradacete-Agreda IoT Module for Cell shunts, microcracks Outdoor grid-connected Automation: 8/8

etal. [45] Daylight/Dark EL Control ’ array 100%
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3.4. Integration of Machine Learning and Low-Cost IoT Monitoring Platforms

The scalability and economic feasibility of modern PV condition monitoring rest upon
the integration of machine learning algorithms with decentralized edge hardware and
IoT platforms.

3.4.1. Machine Learning and Deep Learning Models

Computer vision models applied to aerial imagery have evolved from two-stage archi-
tectures (Faster R-CNN) to optimized single-stage detectors and semantic segmentation
networks. Wang et al. [23] introduced a lightweight YOLO architecture incorporating joint
distance-IoU metrics, optimized for real-time inference aboard resource-constrained UAV
onboard computers (NVIDIA Jetson Nano). Starzynski et al. [46] deployed single-stage
YOLO networks to concurrently classify physical surface anomalies (glass fracture, localized
soiling) and thermal hotspots in aerial video streams.

For tasks requiring the spatial delineation of thermal anomalies, modified U-Net
encoder—-decoder architectures have been deployed by Shen et al. [47] and Zefri et al. [48].
These models isolate individual PV modules from complex background terrain (such as
rocky soil, sand, and vegetation), eliminating background noise that distorts cell tempera-
ture extraction. Rocha et al. [49] developed an integrated multidefect segmentation and
classification tool for large-scale plants, achieving accurate boundary delineation across
diverse defect topologies.

To overcome spectral ambiguity in single-modality thermal imagery, multimodal sensor
fusion has gained prominence. Rather than merely combining heterogeneous datasets ad-
hoc, the reviewed literature can be synthesized into a formal four-paradigm taxonomy of
multimodal fusion in photovoltaic diagnostics:

1. Paradigm 1: Early Fusion (Data/Pixel-Level Fusion): In this paradigm, raw 2D im-
age matrices from aligned spectral channels (e.g., RGB visible and LWIR radiometric
thermal channels) are directly concatenated into a composite multi-channel tensor
(such as a four-channel tensor X € R¥*"W*4) prior to entering the initial convolutional
layers. Advantages: Enables deep neural networks to extract joint cross-spectral feature
representations and shared spatial edge gradients from the earliest receptive fields,
maintaining a single unified model backbone. Disadvantages: Highly vulnerable to
optical parallax and spatial misalignment between adjacent UAV cameras; mandates
strict sub-pixel geometric registration and microsecond shutter synchronization. Fu-
ture Directions: Real-time dynamic homography estimation aboard UAV companion
computers using lightweight Spatial Transformer Networks (STNs).

2. Paradigm 2: Intermediate Fusion (Feature-Level/Latent Space Fusion): Distinct
sensory modalities are processed through independent, modality-specific feature ex-
tractors (e.g., a ResNet backbone for RGB, a dedicated CNN for LWIR, and a 1D-CNN
for electrical I-V curves). The resulting intermediate latent feature vectors are subse-
quently fused in deep feature space via Cross-Attention mechanisms, Feature Pyramid
Networks (FPN), or dense tensor concatenation before passing to prediction heads.
Advantages: Highly resilient to minor spatial offsets and differing optical resolutions;
allows the neural network to dynamically weight spectral contributions according to
signal-to-noise quality (e.g., attenuating RGB features under dense cast shadows).
Disadvantages: Substantially elevated computational footprint and parameter count
resulting from running multiple parallel backbones simultaneously; requires large vol-
umes of paired multi-sensory training data. Future Directions: Sparse Cross-Attention
Vision Transformers (ViTs) and knowledge distillation schemes to compress multi-
backbone intermediate models onto embedded GPU nodes.
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Paradigm 3: Late Fusion (Decision-Level/Ensemble Fusion): Each sensory modal-
ity is processed by an entirely autonomous detection or classification pipeline. The
independent prediction scores, bounding boxes, or condition vectors are subse-
quently integrated at the decision layer via rule-based consensus, Bayesian networks,
fuzzy inference systems, or Dempster—Shafer evidence theory (e.g., Hong et al. [50],
Zhang et al. [51]). Advantages: Maximum architectural modularity; complete hardware
fault tolerance (the monitoring pipeline remains operational if a sensor drops offline);
directly accommodates asynchronous data captured across disjoint platforms (e.g.,
continuous fixed I-V tracers combined with periodic drone thermography). Disadvan-
tages: Discards rich sub-pixel spatial cross-correlations; struggles to resolve diagnostic
ambiguity when individual classifiers output conflicting low-confidence hypothe-
ses. Future Directions: Probabilistic causal graphical networks incorporating mod-
ule degradation physics and historical operational context to adjudicate conflicting
decision outputs.

Paradigm 4: Hierarchical Spatiotemporal Staged Fusion (Digital Twin Paradigm):
A multi-scale operational deployment strategy that decouples sensing across space
and time. Low-cost IoT sensor nodes or inverter SCADA channels provide continuous
electrical condition screening; when an electrical degradation threshold is breached,
an automated RTK-guided aerial thermography survey is dispatched to localize macro-
thermal anomalies; if thermal patterns indicate ambiguous sub-visible cracking, tar-
geted nocturnal electroluminescence imaging is scheduled exclusively on the flagged
strings. Advantages: Delivers optimal operational efficiency across multi-gigawatt
installations; minimizes flight hours and inspection costs while capturing >95% of
critical failure modes. Disadvantages: Demands complex centralized data lake ar-
chitectures, automated work-order dispatch engines, and spatiotemporal database
orchestration. Future Directions: Edge-to-cloud automated orchestrators integrating
edge micro-diagnostics with spatial asset management information systems (GIS).

Table 7 summarizes the operational mechanisms, advantages, drawbacks, and compu-

tational characteristics of these four multimodal fusion paradigms.

Table 7. Taxonomic classification and comparative trade-offs of multimodal diagnostic fusion
paradigms in photovoltaic condition monitoring.

Fusion Operational Typical Primary Primary Computational Key Development
Paradigm Level Architectures Advantages Disadvantages Footprint Horizon
4-channel CNN, Captures early ing(ﬁ}i:er;s;:;{;iy Low to Medium Spatial Transformer
. Raw Data/Pixel RGB-LWIR cross-modal spatial p . Networks (STNs)
Early Fusion . . . and (single
level multi-spectral gradients; single s for parallax
synchronization backbone) )
tensor model backbone drift compensation
Dual-stream Robust to minor Higher parameter High (parallel Sparse
Intermediate Latent Feature ResNet/YOLO, spatial offsets; volume; g1 P Cross-Attention
. ) . . . feature .
Fusion level Cross-Attention  dynamic modality —multi-backbone extractors) and model pruning
ViT weighting memory overhead for Edge Al
Independent Full modularity; Discards sub-pixel .
. s . Causal Bayesian
. Decision/En- ~ CNNs + Fuzzy resilient to sensor  inter-modal Low (modular .
Late Fusion . . . graphical models
semble level Logic/Dempster— dropout; correlations; weak inference) with aging prors
Shafer asynchronous conflict resolution sME P
. oo Optimal Requires - Automated GIS
Hierarchical Multi-scale Tiered pipeline throughput/cost  centralized data Distributed digital twins and
. . (IoT - alIRT - (Edge + UAV + -
Fusion Spatiotemporal targeted EL) balance; scalable to lake and complex Cloud) predictive
8 GW plants orchestration work-order engines
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In spatial reconstruction, Structure from Motion (SfM) photogrammetry has auto-
mated field orthomosaic generation. Herndndez-Lépez et al. [52] developed the SunMap
platform, which stitches thousands of aerial thermal frames into georeferenced 3D point
clouds. Bommes et al. [53] integrated SfM with deep learning to track module identity
across aerial video sequences. Bommes et al. [54] formulated a Supervised Contrastive
Learning framework with ResNet-34 backbones, establishing feature representations invari-
ant to environmental irradiance fluctuations. Ying et al. [55] introduced an Anchor Points
algorithm to compensate for drone vibration and thermal video drift, while Barraz et al. [56]
implemented domain generalization techniques to enable thermal segmentation models to
transfer across distinct climatic zones without retraining.

3.4.2. IoT Platforms and Open-Source Low-Cost Monitoring Systems

Decentralized hardware platforms have democratized PV surveillance. Ochoa et al. [57]
developed an open-source diagnostic node pairing a low-cost thermopile array with an
ESP32 microcontroller. By running lightweight edge routines (OpenCV C++), the sys-
tem provides continuous string-level hotspot detection at hardware costs under USD 100,
contrasted with industrial radiometric camera systems costing upwards of USD 15,000.

In distributed communications, Tang et al. [25] implemented an edge intelligence
IoT infrastructure that performs in situ pre-filtering of high-resolution luminescence im-
ages at combiner boxes, transmitting only compressed defect regions and alerts to cloud
servers, thereby reducing wireless channel bandwidth by 85%. Segovia Ramirez and Garcia
Marquez [58,59] designed an IoT platform integrating SCADA time series with periodic UAV
thermal orthomosaics. Using multi-layer artificial neural networks, their system automates
work order dispatch and predicts multi-year degradation trajectories. Ramirez et al. [60]
validated a hybrid IoT platform deploying machine learning to track predictive maintenance
in multi-MW commercial facilities.

Table 8 synthesizes the primary studies dedicated to Machine Learning, Edge Al, and
IoT platforms.

Table 8. Systematic synthesis of primary studies on Machine Learning, Edge AI, and Iol monitoring
platforms (n = 19).

Algorithmic/Hardware Target Anomaly Experimental Validation .

Reference Architecture Typology Setting Key Metric QA
Lightweight YOLO Hotspots, active bypass ~ Multi-MW field UAV mAP: 94.2%,

Wang etal. [23] (Edge UAV Jetson) diodes flight data 42 FPS 8/8

Starzytiski et al. [46] Single-Stage YOLO Su.rface glass cracks, Operational multi-MW F1: 92.6% 7/8
Detector soiling, hotspots solar plant

Shen et al. [47] Modifigd U-Net Complfex terrain array D1\(erse geograpf}lcal ToU: 91.5% 8/8
Semantic Segmenter extraction aerial orthomosaics

Zefri et al. [48] Encoder-Decoder U-Net Overheated desert 5 MW desert environment F1: 93.8% 7/8

modules PV array

Hong et al. [50]

Dual-Stream RGB-IRT ~ Hotspots vs. transient Commercial PV

mAP: 95.1% 8/8

Faster R-CNN shading testing installation

Multimodal Sensor ) ) Grid-connected outdoor ) o
Zhang et al. [51] Fusion YOLOVS Shading, dust, cell failure PV array Acc: 96.4% 7/8
Hernandez-Lépez SunMap SfM 3D module 15 MW utility-scale Position err: 8/8
etal. [52] Photogrammetry geolocalization solar park <8 cm

SfM Tracking on Aerial Module georeferencing  Multi-MW operational Tracking:
Bommes et al. [53] IR Video in flight PV array 98.2% 8/8
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Table 8. Cont.
Algorithmic/Hardware Target Anomaly Experimental Validation .
Reference Architecture Typology Setting Key Metric QA
Supervised Contrastive Variable irradiance Large multi-plant thermal .
Bommes et al. [54] ResNet-34 thermal anomalies dataset AUROC: 096 8/8
. Anchor Points Video Thermal video spatial Large utility-scale plant IR Drift error <
Ying etal. [55] Alignment drift videos 2.5 px 7/8
Domain Generalization Cross-domain thermal = Multi-country aerial UAV mAP: 89.2%
Barraz et al. [56] ) 8/8
Framework segmentation datasets (cross)
Multidefect Microcracks, hotspots, Utility-scale : o
Rocha etal. [49] Segmentation Tool soiling multi-technology array ToU: 89.6% 8/8
Kumar and Multimodal I-V and EL  Degradation, internal Operational commercial Acc: 95.8% 7/8
Maheshwari [61] Analytics fractures modules TR
ESP32 Microcontroller ~ Continuous string 5 kW grid-connected Cost < $100,
Ochoa et al. [57] + IR Array hotspot monitoring rooftop test Acc: 94% 8/8
Edge Intelligence IoT In-situ EL defect Utility-scale field combiner Bandwidth
Tang etal. [25] Node pre-filtering box red: 85% 8/8
Segovia Ramirez ANN Fe(?l with SCADA Long—term string 3.2 MW commercial solar RMSE: 0.038  7/8
etal. [58] Time Series degradation plant
Segovia Ramirez Edge-Cloud IoT Automated work order ~ Multi-MW commercial Maint. time 8/8
etal. [59] Platform + UAV Data  generation solar plant —35%
Ramirez et al. [60] IoT Plétform + Machine Pla?lt—Wlde predictive Large-scale commercial F1: 94.2% 7/8
Learning maintenance PV assets
Morales-Aragonés Low-Cost ESP32 I-V Online module-level Outdoor experimental Cost < $80, 8/8
etal. [28] Tracer Hardware curve sweeping test bench Err < 2%
3.5. Systematic Quantitative Performance Comparison and Methodological Heterogeneity
A primary obijective of this review is to quantitatively contrast the diagnostic performance,
model complexity, and computational latency of machine learning models across the reviewed
corpus. Table 9 compiles reported performance metrics, dataset characteristics, algorithmic
backbones, target hardware, and inference speeds across representative primary studies.
Table 9. Systematic quantitative benchmarking of machine learning and deep learning models across
primary studies.
Input Modality  Algorithm Target Defect Reported Metrics Inference Platform Validation
Study & Dataset Size ~ Backbone Classes (Acc/F1/ and Latenc Strate
mAP/IoU) y 8y
4500 aerial IR Lightweight Hotspots, active mAP@0.5: 94.2%, Jetson Nano, 42 FPS
Wang etal. [23] images YOLO diodes F1: 93.6% (24 ms) Holdout 80/20
Starzynski 2800 aerial Single-Stage Glass cracks, F1: 92.6%, Acc: Onboard Intel CPU, 5fold CV
etal. [46] RGB/IR YOLO soiling, hotspots  93.1% 18 FPS
1200 thermal Modified PV array ToU: 91.5%, Acc:
Shen et al. [47] orthomosaics U-Net extraction 97.29% RTX 3090, 85 ms Holdout 70/30
. 850 UAV IR Encoder- Overheated F1: 93.8%, IoU: .
Zefri et al. [48] images Decoder U-Net modules 88.3% GTX 1080Ti, 110 ms 10-fold CV
3200 paired Dual Faster Hotspots vs. mAP: 95.1%, RTX 2080, 14 FPS
Hongetal. [50] pepiR R-CNN shading Precision: 962% (71 ms) Holdout 80/20
Zhang 2100 paired Multimodal Shading, dust, Acc: 96.4%, mAP: RTX 3080, 55 FPS 5 fold CV
etal. [51] RGB-IR YOLOV5 cell shunts 93.8% (18 ms)

https://doi.org/10.3390/electronics15214902


https://doi.org/10.3390/electronics15214902

Electronics 2026, 15, 4902

19 of 34

Table 9. Cont.

Input Modality Algorithm Target Defect Reported Metrics Inference Platform Validation

Study & Dataset Size  Backbone Classes (Acc/F1/ and Latenc Strate
mAP/IoU) y 8y
Bommes 14,000 module Contrastive Multi-type AUROC: 0.96, F1: Cloud GPU server, Cross-plant solit
etal. [54] crops ResNet-34 thermal faults 91.4% 32 ms P P
Barraz o Domain Gen. Module array mAP: 89.2% Embedded Jetson
etal. [56] 3500 multi-site IR U-Net segmentation (cross-domain) Xavier Cross-dataset
Rocha 5200 aerial IR Mask R- Cracks, hotspots, IoU: 89.6%, mAP:
etal. [49] images CNN/DeepLab soiling 91.2% RTX 3090, 140 ms Holdout 75/25
. Microcracks, ToU: 88.4%, F1: Edge Raspberry Pi

Tang et al. [24] 6400 high-res EL Edge U-Net wafer breaks 92 1% 4,380 ms 5-fold CV

4800 aerial EL Transfer Finger breaks, F1: 95.8%, Acc:
Tang et al. [44] images ResNet-50 solder failures 96.2% Server Tesla V100  Holdout 80/20

. 3100 PL cell Deep Edge PID, carrier Acc: 96.5%, F1: Edge Al Jetson ’

Ling etal. [43] images CNN recombination  95.1% Xavier 10-fold CV
de Souza Silva Shunts, diode Acc: 98.2%, F1: Cloud Server,
etal. [32] 18,500 I-V curves Random Forest failures 97.9% 1.2 ms/eurve 10-fold CV
Hussain Fuzzy Logic Partial shading ) o Microcontroller
etal. [29] 2400 I-V curves Regressor vs aging Acc: 98.4% STM32 Holdout 70/30
Zhang 4800 string I-V Statistical Current F1: 96.2%, Acc:
etal. [30] traces Regressor mismatch 97.0% Local PC, 8 ms 5-fold CV
Ochoa Continuous IR~ OpenCV Rule Localized . o .
etal. [57] streams Classifier thermal faults Acc: 94.0% ESP32,120 ms Real-time stream

Despite the high reported individual accuracies (>90%), direct meta-analytic statistical

pooling across studies is methodologically restricted. This limitation stems from severe

benchmark heterogeneity across four fundamental vectors.

1.

Non-Standardized Defect Taxonomies: Existing studies employ conflicting classifica-
tion nomenclatures. For instance, some authors group all thermal anomalies under a
single binary class (“Hotspot” vs. “Normal”), whereas others enforce fine-grained
10-class distinctions (isolated sub-cell hotspot, multi-cell bypass heating, string open
circuit, delamination, snail trails, and physical soiling). A model distinguishing 10
complex fault classes with 90% accuracy possesses exponentially higher discriminative
capacity than a binary classifier reporting 95% accuracy on an easy thresholding task.
Sensor Discrepancies and Ground Sampling Distance (GSD): Aerial thermal datasets
exhibit wide variations in spatial resolution, ranging from high-resolution GSD
(<1.5 cm/pixel at 15 m flight altitude) to coarse GSD (>8 cm/pixel at 60 m flight
altitude), fundamentally altering small-object feature extraction.

Absence of Standardized Public Benchmarks: Unlike general computer vision
datasets (ImageNet, COCO), the photovoltaic sector lacks universal, open-source,
multi-technology benchmark datasets. Most models are trained on localized private
datasets collected under proprietary protocols.

Validation Protocol Discrepancies: Few studies conduct true out-of-distribution ex-
ternal cross-dataset validation; the vast majority evaluate performance using random
train/test splits derived from the exact same solar park and flight session, leading to
overly optimistic accuracy metrics.

The methodological impossibility of executing a classical meta-analytic effect-size

pooling across the reported literature is governed by three foundational statistical barriers:
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(a)

(b)

(c)

Non-Equivalent Computational Task Objectives: The primary studies solve mathe-
matically non-comparable problem formulations. There is no valid statistical weighting
that can combine the discrete classification accuracy of I-V curves (e.g., de Souza Silva
et al. [32] reporting 98.2% accuracy via Random Forest) with bounding-box object
detection Mean Average Precision (e.g., Wang et al. [23] reporting 94.2% mAP@0.5)
or pixel-wise semantic segmentation Intersection over Union (e.g., Tang et al. [24]
reporting 88.4% IoU). Each metric optimizes fundamentally disparate loss functions
and decision boundaries.

Extreme Operational Class Imbalance: In operating utility-scale PV plants, defective
cells or modules account for less than 1% of the total observed module population.
Under such acute skewness, global accuracy is an inherently deceptive metric: a trivial
majority-class classifier predicting “healthy module” for every sample yields > 99%
accuracy while exhibiting zero diagnostic utility. Without universal disclosure of
confusion matrices, class-specific Precision-Recall curves, or balanced F1-scores, naive
accuracy pooling produces misleading conclusions.

Cross-Frame Data Leakage in Private Datasets: The pervasive reliance on private
datasets evaluated via random 80/20 train/test splits represents the single largest ob-
stacle to industrial technology transfer. In typical aerial UAV surveys, video sequences
or overlapping still frames are recorded with >70% forward and lateral overlap. When
images from the same flight are randomly partitioned, near-identical adjacent frames
of the exact same PV tables appear simultaneously in the training and testing sets. Con-
sequently, models memorize site-specific backgrounds, constant solar zenith angles,
fixed module mounting tilts, and identical soil albedos rather than learning robust,
invariant defect physics. While this artificial correlation boosts reported in-distribution
test scores above 95%, accuracy deteriorates precipitously when models are deployed
out-of-distribution (OOD) in commercial plants.

To establish a pathway toward reproducible benchmarking and valid cross-study

meta-analyses, the photovoltaic Al research community requires a minimal four-pillar

standardization protocol:

i

ii.

iii.

iv.

Normative Defect Nomenclature: Alignment with the international technical specifi-
cation IEC TS 62446-3:2017 [13], which formalizes six primary thermal anomaly classes:
single-cell hotspot, multi-cell patch heating, string open circuit, activated bypass diode,
localized soiling/shading, and physical mechanical fracture.

Standardized Spatial GSD Bounds: Enforcing flight parameters that guarantee GSD <
3.0 cm/pixel for macroscopic module-level screening and GSD < 1.0 cm/pixel for
sub-cellular crack characterization.

Universal Multi-Metric Reporting: Mandating the simultaneous disclosure of class-
stratified Precision, Recall, and Fl-scores, supplemented in object detection by the
complete COCO standard mAP@[0.5:0.95] rather than solitary mAP@0.5 scores.
Spatially Disjoint Blind Validation: Prohibiting intra-flight random partitioning and
enforcing leave-one-park-out (LOPO) cross-validation, where testing sets originate
strictly from independent solar farms with distinct terrains and installation geometries.

Furthermore, defining acceptable benchmark heterogeneity in photovoltaic Al systems

differs fundamentally from general computer vision benchmarks (e.g., COCO or ImageNet).

In general computer vision, illumination, viewpoint, and background clutter are unbounded.

In contrast, photovoltaic diagnostics operate under deterministic physical constraints that

enable explicit, physics-informed data normalization prior to inference:

a.

Radiometric Thermal Normalization: Apparent surface temperature differences
(AT,

meas) Detween normal and overheated cells are dynamically modulated by instanta-
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neous plane-of-array irradiance (Gpg, ) and convective wind cooling (vy,q). To permit
valid cross-site benchmarking, thermal signatures should be normalized to standard
testing conditions (1000 W/ m?, low wind) via:

1000 W/m?

AT,
Gpoa

norm — ATmeas ' ( ) : exp(kw : UWiI’ld) (2)
where k,, is the convective thermal dissipation coefficient derived from empirical wind
tunnel calibrations.

Geometric Angle Standardization: Specular glint from the cold sky is minimized by
restricting camera optical axes to near-nadir orientations (6,,q; < 20°). Imposing these
physical bounds establishes a bounded, reproducible evaluation domain that allows

meaningful algorithmic comparisons across heterogeneous datasets.

4. Critical Discussion and Future Challenges

The commercial deployment of intelligent diagnostic systems in operating solar PV

plants requires reconciling physical hardware limitations with computer vision capabilities.

4.1. Master Comparative Framework: Physical Modalities vs. Enabling Platforms

A central finding of this systematic review is that no single diagnostic modality repre-

sents a universal condition monitoring solution. As summarized in Table 10, diagnostic

technologies are structured into two functional tiers: Primary Physical Diagnostic Modalities

and Cross-Cutting Enabling Computational Platforms.

Table 10. Comprehensive operational and technical comparison of photovoltaic diagnostic modalities
and computational platforms.

Physical . . .
Diagnostic Spectrum and Spatial Inspection — Operational Environmental Hardware - Primary Target
. . Throughput Impactand e s Cost Level Defect
Technology Operating Resolution . Sensitivity N .
Principle (per 4 MW) Invasiveness Typologies
Tier A: Primary Physical Diagnostic Modalities
. . Non-invasive CL'1rrent
Electrical (I-V Continuous . mismatch,
) (Inline IoT); Stable e
-V Curve sweep under Module to (Inline Hieh G > 400 W/m? Low to soiling, PID,
Tracin ambient G, T; string IoT) /Discrete invgasiveness reauires ” Med (USD series/shunt
8 IEC 60904-1 aggregate (Manual: . d 80-5000) * degradation,
(Manual offline uniform T [62] i
[621) 15-30 h) [40] . bypass diode
disconnect) :
failures.
Thermal LWIR
(8-14 pm Cell to High: Medium g eu;;gt;fo(zzl
Aerial Infrared blackbody module Very High Non-invasive, G > 600 W/m?, to High CZE duction
Thermography emission; IEC TS macroscopic (5-10hvia  non-contact Wind < 4m/s, (USD string o en/
(aIRT) 624463 [13],  (GSD ~ UAV) [34,40] aerial scanning  clear skies 8000 Circuf‘i;ts pPID
GB/T 39857 1-3 cm) [13,34] 20,000) * Y s
[12]) localized soiling.
i Silicon
Opt1§a1 SWIR High: requires Night- . microcracks,
(carrier Low ) High
. L Sub-cellular reverse current time/darkness wafer fractures,
Electrolumines- recombination, microscopic (20-40 h injection & (or complex (USD finger breakages
cence (EL) peak ~ 1150 nm; (<0.5 mn}l)) via UAV) in]\Ierter dayli htp lock-in 15,000~ solier joint o
IEC TS 60904-13 : [40,41] e yIsht 35,000) * cer]
coordination modulation) fatigue,

[63])

early-stage PID.
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Table 10. Cont.

Physical . . .
Diagnostic Spectrum and  Spatial Inspection — Operational Environmental Hardware - Primary Target
Technology Operating Resolution Throughput  Impact and Sensitivity Defect
Principle (per4 MW) Invasiveness Typologies
) Low to Electrically Non-radiative
Optl.C al SWIR Moderate non-invasive; Darkness or carrier
. (optical carrier ~ Sub-cellular ) . modulated -
Photolumines- - ) . (field requires . recombination
excitation, microscopic . . high-power L
cence (PL) ~1150 nm; [EC  (<0.5 mm) scanning high-power ontical laser loss, intrinsic
- ! ’ constrained) optical P L material defects,
60904-12) [40] excitation excitation microcracks
Tier B: Cross-Cutting Enabling Computational Platforms
Multimodal Full Robust: ?s/[(;;:tlf;iss fault
computational Real-time y . Cross-sensor Very Low !
Edge AI and IoT integration (IRT Sub-cell to continuous  on-invasive, redundanc to Med false-alarm
Distributed + RC%B + plant digital autonomous utonomous compensa tZs (USD elimination,
Sensing . twin edge P « proactive
Electrical + telemetry monitoring environmental 50-500) degradation
SCADA) [25,57] noise tracking,

* Hardware cost ranges are indicative industrial benchmark estimates based on commercial off-
the-shelf instrumentation and open-source prototypes reported in the literature [28,40,41,57]; actual
commercial expenditures are subject to regional supply chains, sensor packaging, mounting hardware,
and enterprise software licensing.

The operational values and standard operating bounds reported in Table 10 are derived

from normative standards and peer-reviewed field validations:

Environmental Thresholds: The minimum solar irradiance G > 600 W/ m? and maxi-
mum wind velocity < 4 m/s are standardized by IEC TS 62446-3:2017 [13] and con-
firmed by Vergura [6,34].

Inspection Throughput: The baseline throughput comparison (5-10 h for aIRT vs.
20-40h for aerial EL per 4 MW plant capacity) is established by the International Energy
Agency report IEA-PVPS T13-10:2018 [40] and field-tested by Del Prado Santamaria
etal. [41].

Hardware Cost Classifications: Evaluated based on open-source prototypes (<USD
100 for ESP32/sensor nodes [28,57]) versus commercial radiometric UAV cameras
(USD 8000-20,000) and specialized InGaAs cooled SWIR cameras (>USD 25,000).

It should be emphasized that these performance metrics exhibit contextual uncertainty:

throughput fluctuates based on drone flight altitude, ground sampling distance (GSD),

camera sensor pitch, array pitch, and terrain elevation.

4.2. Critical Trade-Off Analysis: Spatial Resolution, Throughput, and Invasiveness

The diagnostic matrix in Table 10 exhibits fundamental operational trade-offs that

dictate field deployment strategies:

a.

Throughput vs. Spatial Resolution: Aerial infrared thermography (aIRT) provides
the highest scanning throughput, surveying gigawatt-scale portfolios within days.
However, alIRT operates at macroscopic resolution (GSD ~ 1-3 cm/pixel), detecting
anomalies only after significant ohmic or recombination dissipation occurs. Sub-visible
structural defects—such as incipient Mode A hairline microcracks parallel to busbars
and early solder fatigue that do not immediately dissipate heat—remain completely
undetectable in thermal spectra. Conversely, optical luminescence (EL/PL) achieves
sub-millimeter microscopic resolution (<0.5 mm), exposing latent silicon fractures;
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however, it requires long exposure times and static hovering, resulting in a fourfold
reduction in scanning throughput (20-40 h per 4 MW) [41].

Electrical Quantification vs. Spatial Localization: Modular I-V curve tracing quantita-
tively isolates real electrical power degradation, string series resistance decay, and bypass
diode conduction without requiring optical line of sight. Nevertheless, electrical tracing
is spatially unlocalized: an abnormal I-V curve indicates that a string is degraded, but
cannot resolve which specific cell, interconnect, or module is malfunctioning.

4.2.1. Hierarchical Sequential Screening Protocol (Tiered Screening)

To balance throughput, diagnostic depth, and operational expenditure, utility-scale

photovoltaic maintenance requires a structured, three-tier sequential screening protocol:

L

IL

III.

Tier 1—Continuous In Situ Electrical Telemetry (Zero Incremental O&M Cost): Dis-
tributed Iol sensor nodes or smart inverters continuously monitor DC string voltages,
currents, and periodic I-V sweeps under operating sunlight. Telemetry algorithms
detect localized power anomalies, string mismatches, and impedance drifts, flagging
suspect strings within the supervisory control and data acquisition (SCADA) system
without dispatching field personnel.

Tier 2—Macro-Level Autonomous Aerial Thermography (High Throughput): Once
electrical anomalies are flagged (or during scheduled semi-annual plant audits), an
autonomous RTK-guided UAV equipped with dual radiometric thermal (LWIR) and
high-resolution RGB cameras surveys the flagged blocks at 5-10 h per 4 MW. Edge Al
detectors rapidly locate macroscopic hotspots, active bypass diodes, and severe soiling,
filtering out optical false positives via visible-band cross-referencing.

Tier 3—Micro-Level Targeted Optical Luminescence (High Resolution, Selective
Dispatch): Nocturnal aerial electroluminescence (EL) or terrestrial photoluminescence
(PL) is strictly reserved for the subset of modules exhibiting unresolved power losses
or undergoing formal warranty dispute audits. By confining low-throughput EL
scanning to less than 2-5% of the plant capacity, operators maximize defect visibility
while preventing prohibitive O&M labor expenses.

4.2.2. Defect Risk Tolerance and Acceptable Missed-Detection Probability

The economic justification for multi-tier inspection depends on the acceptable proba-

bility of missed defects (S-risk) across distinct lifecycle phases:

Routine Operational O&M (P~10-20%): During routine commercial operation, an
undetected Mode A hairline microcrack (isolated crack without immediate electrical
disconnection or hotspot dissipation) represents an acceptable operational risk. Its
instantaneous impact on the Levelized Cost of Electricity (LCOE) is virtually negligible
until cyclic thermal fatigue causes physical cell fragmentation. Deploying exhaustive
nocturnal EL across entire GW-scale fleets solely to capture non-dissipative microcracks
is economically unviable.

Commissioning, Asset Transfer, and Warranty Audits (< 2%): In contrast, during
plant commissioning, transfer-of-custody transactions, or manufacturer warranty liti-
gation following severe hailstorms, risk tolerance decreases drastically. A missed defect
may lead to long-term asset devaluation or catastrophic fire risk. In these high-stakes
scenarios, strict quality covenants mandate B < 2%, economically justifying exhaustive
Tier 3 EL surveys.

4.2.3. Economic Scaling: Distributed Rooftops vs. Utility-Scale Farms

Asset scale fundamentally dictates the optimal diagnostic investment:
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e Distributed Generation (<1 MW): For residential and small commercial rooftop ar-
rays, the capital expenditure of automated drone fleets and high-resolution thermal/EL
payloads exceeds the net present value of recovered energy yields. In this segment,
low-cost open-source IoT string monitoring combined with handheld thermography
represents the only cost-effective configuration.

e  Utility-Scale Power Plants (>10-50 MW): Conversely, for multi-megawatt facilities,
the capital investment in autonomous RTK-UAV docks and edge Al workflows is rapidly
amortized across gigawatt-hour annual production. Here, even a 0.5% recovery in
plant availability delivers financial returns exceeding system deployment costs within
12-18 months.

4.3. Operational Domain Shift and Generalization Across Next-Generation PV Cells

A critical vulnerability identified across computer vision models applied to PV diag-
nosis is the operational domain shift. The majority of published deep learning detectors
(YOLO variants, U-Net) are trained on homogeneous datasets acquired under specific local
environments and for conventional single-glass monocrystalline PERC modules. When
these models are evaluated across diverse climatic zones, changing terrain albedos, or
emerging module technologies, diagnostic accuracy experiences severe degradation. For
instance, Barraz et al. [56] documented performance drops of 15-25% in mAP when transfer-
ring standard thermal models across contrasting environmental domains without domain
adaptation. Similarly, Bommes et al. [53,54] demonstrated that unsupervised or contrastive
feature representations degrade significantly when deployed across solar farms with dif-
ferent camera viewing angles, array spacings, or ground reflections. Investigations by
Su et al. [64] and Pierdicca et al. [65] confirmed that adversarial domain adaptation and
robust synthetic augmentation are mandatory to bridge the distribution gap between source
training domains and real-world industrial installations.

The physical mechanisms underlying this domain shift are multifaceted:

e Ground Albedo and Soil Variations: Ground albedo varies from arid desert sand
(# =~ 0.35-0.45) to dark volcanic soil, gravel, or green agricultural cover (« = 0.15).
In aerial imagery, high-albedo backgrounds elevate background contrast and induce
severe specular glint at module edges, triggering spurious false-positive bounding-box
activations in standard convolutional detectors.

e  Single-Axis Tracker Dynamics: In utility-scale tracking systems, modules dynami-
cally tilt throughout the day, altering camera perspective angles, aspect ratios, and
radiometric reflections relative to the UAV’s flight vector.

e Bifacial Module Architectures: Bifacial photovoltaic modules absorb diffuse and
reflected irradiance on their rear glass surfaces. The resulting rear-side irradiance
variations generate non-uniform back-surface thermal gradients, altering front-surface
heat dissipation and confounding conventional single-side thermal defect signatures.

o Advanced Cell Metallurgies (TOPCon, HJT, and Tandem Architectures): Emerg-
ing cell designs introduce physical characteristics that deviate markedly from stan-
dard PERC cells. Tunnel Oxide Passivated Contact (TOPCon) and Heterojunction
(HJT) cells utilize ultra-thin silicon wafers (130-150 pm vs. 180 pm in PERC), denser
multi-busbar (16BB) or busbarless wire-mesh metallization, and lower temperature
coefficients (—0.30%/°C for TOPCon/H]JT vs. —0.38%/°C for PERC). Consequently,
localized current crowding in TOPCon/HJT generates lower thermal differentials
(AT), while their electroluminescence emission spectra exhibit distinct band-to-band
recombination dynamics. Without retraining or physics-informed domain adaptation,
legacy Al models trained on PERC datasets exhibit elevated false-negative rates on
next-generation installations.
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Mitigating domain shift requires future research to adopt domain generalization techniques,
unsupervised domain adaptation (UDA) [64], vision transformers (ViTs), and physics-
informed synthetic image generation via generative adversarial networks (GANs).

4.4. Practical Engineering Implementation: Inverter Topologies, Industrial Telemetry, and
Economic Scalability

Bridging the gap between laboratory artificial intelligence models and operating indus-
trial photovoltaic installations introduces severe electrical and communication engineering
constraints that are rarely addressed in computer vision literature:

4.4.1. Inverter Topologies and Nocturnal Electroluminescence Power Injection

Performing aerial or terrestrial electroluminescence (EL) in the field requires driving a
continuous forward-bias current (typically 10% to 100% of short-circuit current I, .) through
the PV strings in reverse polarity under complete darkness. The practical execution of this
excitation depends entirely on plant inverter topology:

e  String Inverter Architectures: In modern decentralized plants utilizing string inverters
(50-250 kW), strings are directly connected to independent MPPT trackers. However,
standard commercial inverters are unidirectional grid-tied converters designed strictly
to export DC power to the AC grid. Injecting reverse current requires specialized
inverters with integrated four-quadrant bidirectional DC-DC conversion capabilities,
or automated switching contactors that disconnect the inverter bridge at night and
connect a dedicated DC power supply. Attempting nocturnal EL without galvanic
isolation risks damaging inverter semiconductor switches (IGBTs/MOSFETs).

e  Central Inverter Architectures: In utility-scale plants utilizing multi-megawatt central
inverters (1-3.3 MW), dozens of strings are paralleled inside DC combiner boxes before
entering the central inverter. Reverse-biasing an entire central inverter block requires
massive external power supplies (several hundred kilowatts) and introduces severe
safety hazards due to circulating currents between parallel strings with mismatched
impedances. Consequently, central inverter plants require motorized DC disconnects
at individual combiner boxes or labor-intensive manual string disconnection, severely
limiting nocturnal EL throughput and elevating operational costs.

4.4.2. MPPT Tracking Interruption vs. Curve Sweep Frequency Trade-Off

In inline electrical monitoring, acquiring high-resolution I-V characteristic curves
requires temporarily sweeping the string voltage from short circuit (V = 0) to open circuit
(V = V), temporarily forcing the string off its Maximum Power Point (MPP). While an
individual capacitive or electronic sweep takes only 50-100 ms, continuous high-frequency
sweeping (e.g., executing sweeps every 60 s across hundreds of strings) causes measurable
annual energy yield losses (0.02-0.05% of total plant generation). To eliminate unnecessary
yield penalties, industrial implementations must employ event-triggered I-V tracing: IoT
nodes monitor high-speed DC string current and voltage at the operating point (Vi Inp)
continuously; a full I-V curve sweep is triggered only when persistent electrical mismatch
or localized impedance drift exceeds a statistical threshold (>3¢).

4.4.3. Industrial Telemetry Bandwidth and Edge Compression

In remote utility-scale solar farms spanning hundreds of hectares, cellular coverage is
frequently constrained, and wireless communication backhauls rely on low-power wide-
area networks (LPWAN), primarily LoRaWAN (offering operational bandwidths of only
0.3-50 kbps per channel) or narrow-band IoT (NB-IoT'). Transmitting uncompressed high-
frequency electrical waveforms (thousands of (V,I) data points) or streaming 4K radiomet-
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ric UAV video directly over LPWAN channels is technically impossible and causes immediate
channel saturation. To overcome this communication bottleneck, edge intelligence serves as
a critical compression engine:

i.  Parametric Electrical Reduction: Rather than uploading full raw I-V curve arrays,
edge-embedded microcontrollers (e.g., ESP32 or STM32) execute onboard single-diode
model curve fitting, extracting and transmitting only five physical lumped parameters
(photocurrent Iph, reverse saturation current I, series resistance R, shunt resistance
Ry, and ideality factor 1), alongside discrete operating points (P, Voo, Is, FF). This
reduces data payload size by over 98% (from ~10 kB to <200 bytes per curve).

ii.  Aerial Vision Edge Filtering: Onboard UAV companion computers (e.g., NVIDIA
Jetson Orin Nano) execute real-time YOLO object detection directly on the thermal
video stream. Instead of transmitting gigabytes of raw orthomosaic video, the edge
processor transmits only lightweight JSON alert packets containing georeferenced
bounding-box coordinates, IEC defect classifications, and cropped anomaly thumbnails.
This slashes wireless data transmission requirements by >95%, ensuring compatibility
with low-bandwidth industrial telemetry backhauls.

4.4.4. Economic Scalability and Industrial Payback Analysis

To provide an actionable investment framework for plant asset managers, Table 11
synthesizes the capital expenditure (CAPEX), operational expenditure (OPEX), and esti-
mated payback horizons for diagnostic technology deployment across three representative
photovoltaic asset scales.

Table 11. Economic scalability and cost-benefit trade-offs of diagnostic deployments across photo-
voltaic plant scales.

Recommended Initial CAPEX  Annual OPEX  Loumated Economic Scalability
Plant Scale Diagnostic (USD) (USD) Payback Rationale
Architecture Horizon
Autonomous UAVs and
Smart inverter USD 500-USD edge Al docks are
Distributed s 2500 (portable USD 200-500 economically unviable due
telemetry + periodic . .
Rooftop thermal camera, (annual manual  3-5 years to high equipment
handheld IR . - . o .
(<100 kW) basic IoT technician visit) amortization relative to
thermography [57]
gateways) small absolute power
output.

Commercial &

String-level IoT sensing

Outsourcing aerial

USD 3000-15,000 USD 15004000 thermography eliminates

(combiner IoT

Industrial + on-demand nodes (bi-annual drone 2_3 vears drone capital overhead
(C&I) third-party aerial ou tso{lrce d drone nspection, cloud y while string IoT ensures
(100 kW-5 MW) UAV-IRT flights ) analytics) rapid detection of inverter
service) .
and combiner faults.
usD Massive energy production
Integrated 25,000-80,000 USD 5000-12,000 amortizes capital
Utility-Scale autonomous RTK-UAV  (permanent (dock expenditures; recovering
Farms docks + edge AI + drone-in-a-box maintenance, 1-2 years even 0.5% in plant
(>5 MW) continuous in situ IoI'  dock, InGaAs EL  cellular/satellite availability offsets full
telemetry payload, edge data, software) system costs within 18
servers) months.

4.5. Metrological and Environmental Standardization in Outdoor Inspections

Quantitative interpretation of outdoor aerial thermography remains limited by envi-
ronmental variability. Natural variations in ambient wind speed induce convective heat
transfer that flattens apparent temperature differentials (AT), while atmospheric humidity

https://doi.org/10.3390/electronics15214902


https://doi.org/10.3390/electronics15214902

Electronics 2026, 15, 4902

27 of 34

attenuates LWIR transmission [34]. Furthermore, solar reflection glint at shallow camera
angles creates false-positive hotspot detections.

To overcome these metrological limitations, international standardization must for-
malize real-time analytical correction models. Dynamic environmental telemetry (in-plane
irradiance, ultrasonic anemometer wind vectors, ambient temperature, relative humidity)
collected concurrently by onboard UAV sensors or ground stations must be integrated into
automated radiometric compensation equations.

4.6. Edge Intelligence vs. Cloud Computing Deployment Trade-Offs

The deployment of diagnostic algorithms involves a strategic choice between central-
ized cloud architectures and onboard edge computing:

e Cloud Architectures: Centralized cloud servers provide unlimited computational
capacity, supporting massive vision transformers and complex multivariable aggre-
gations [31]. However, uploading raw 4K video or radiometric orthomosaics from
remote multi-MW plants incurs prohibitive cellular/satellite data costs, latency delays,
and network bandwidth saturation.

e Edge Computing: Running lightweight deep models (pruned YOLO, Quantized Mo-
bileNet) onboard embedded microcontrollers (ESP32, STM32) or UAV companion
computers (NVIDIA Jetson) enables real-time inferencing (30-60 FPS) directly during
flight [23,57]. This permits immediate in situ defect tagging and limits telemetry to
uploading lightweight alarm coordinates and metadata, reducing communication
bandwidth by over 80% [25].

4.7. Conceptual Roadmap Toward Multimodal Digital Twins: Architectural Reference and
Orchestration Bottlenecks

The diagnostic ambiguities inherent to individual sensing modalities indicate that
single-sensor condition monitoring is insufficient for automated plant management. As
demonstrated by Hong et al. [50] and Zhang et al. [51], fusing visible (RGB) and infrared
(IRT) data eliminates false alarms caused by surface dust, bird drop shadows, and transient
cloud cover.

In this context, the development of Photovoltaic Digital Twins represents an ambi-
tious conceptual frontier. However, rather than viewing digital twins as an immediately
deployable, off-the-shelf commercial reality, the state-of-the-art literature indicates that they
must be understood as a conceptual architectural reference blueprint and long-term technology
roadmap. An end-to-end multimodal digital twin envisions the continuous integration of
three complementary operational layers:

1. Continuous Operational Electrical Layer: In situ open-source IoI' nodes capturing
real-time high-frequency I-V curves, DC string currents, and temperatures.

2. Periodic Aerial Thermal Orthomosaic Layer: RTK-guided autonomous UAV flights
providing sub-decimetric georeferenced macroscopic hotspot mapping.

3. Targeted Microscopic Optical Luminescence Layer: Scheduled nocturnal aerial EL
or terrestrial PL sweeps targeted specifically at strings flagged by electrical and thermal
anomalies.

Despite the theoretical elegance of this three-layer hierarchy, realizing an operational
digital twin in commercial utility-scale solar farms currently faces severe software and
architectural bottlenecks:

e Heterogeneous Data Model Alignment: Photovoltaic plants lack a universal, stan-
dardized semantic data ontology. SCADA systems log discrete time-series electrical
data using vendor-proprietary protocols (Modbus, DNP3, IEC 60870-5-104), whereas
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drone inspections output spatial rasters and vector shapefiles, and laboratory EL
systems generate uncalibrated 16-bit TIFF images. Aligning these asynchronous, multi-
resolution data streams into a coherent spatiotemporal database requires non-trivial
extract-transform-load (ETL) data pipelines.

Spatiotemporal Registration Latency: Dynamic environmental variations (cloud
transients, temperature swings) occur on second-scale intervals, whereas aerial or-
thomosaics represent multi-hour static snapshots. Fusing high-frequency electrical
transients with static aerial rasters requires advanced state estimation and temporal
interpolation algorithms that remain active areas of research.

Lack of Standardized Inverter-to-Drone APIs: Industrial inverters and commercial
UAV flight planning systems currently operate in strict technological silos. Autonomous
closed-loop maintenance—wherein an inverter alarm automatically commands a drone-
in-a-box to launch and inspect a specific string—requires open, standardized industrial
APIs that have not yet been ratified by international standards bodies.
Cyber-Physical Security Boundaries: Interfacing autonomous aerial robotics with
grid-connected utility-scale power infrastructure introduces critical cyber-physical
security vulnerabilities. Edge-to-cloud telemetry pipelines must comply with stringent
critical infrastructure cybersecurity standards (e.g., NERC CIP, IEC 62443), imposing
strict encryption, authentication, and air-gapping requirements that complicate plug-
and-play digital twin deployments.

4.8. Methodological Limitations of This Systematic Review

To ensure academic transparency and contextualize the findings of this systematic

review, several inherent methodological limitations must be explicitly acknowledged:

i

ii.

iii.

iv.

Database Indexing Boundaries and Language Delimitation: The primary search
protocol was executed strictly within the Scopus bibliographic database for peer-
reviewed English-language articles. While Scopus provides comprehensive coverage
of high-impact photovoltaic and computer vision literature [11], it inherently omits
specialized regional databases, most notably the China National Knowledge Infrastruc-
ture (CNKI). Although Chinese institutional research is strongly represented in our
corpus (accounting for 33.3% of included studies, n = 13), Chinese-language domestic
journals and industry technical reports were excluded due to indexing constraints and
language filtering.

Rapid Algorithmic Obsolescence: The computer vision and deep learning domains
evolve at an extraordinary pace. Object detection architectures (e.g., YOLO vari-
ants) have transitioned across multiple architectural generations (from YOLOV5 to
YOLOv11) within a three-year window. While this review captures the foundational
paradigms and comparative benchmarks established between 2022 and 2025, specific
neural backbone iterations will inevitably be superseded by newer transformer and
vision-language architectures.

Scarcity of Standardized Public Benchmark Datasets: A substantial proportion of
primary studies evaluated their models on private, proprietary datasets acquired
at single geographic sites. This pervasive reliance on private data limits absolute
cross-study reproducibility and precludes formal statistical meta-analyses, as model
performance cannot be decoupled from site-specific flight altitudes, camera hardware,
and environmental conditions.

Limited Field Operational Data on Emerging Cell Technologies: The vast majority
of empirical studies published during the 2022-2025 review window evaluated con-
ventional p-type PERC monocrystalline or polycrystalline modules. Next-generation
technologies—including n-type TOPCon, Heterojunction (HJT), back-contact (BC),

https://doi.org/10.3390/electronics15214902


https://doi.org/10.3390/electronics15214902

Electronics 2026, 15, 4902

29 of 34

and perovskite-silicon tandem modules—have only entered mass commercial deploy-
ment recently. Consequently, peer-reviewed empirical datasets detailing the long-term
field degradation signatures and Al diagnostic performance on these advanced cell
architectures remain scarce in the current literature.

5. Conclusions

This systematic literature review has synthesized the state of the art (2022-2025)

regarding the integration of machine learning and deep learning models with electrical
(I-V), thermal (aIRT), and optical (EL/PL) diagnostic modalities, alongside enabling low-
cost IoI' and UAV platforms. Based on the rigorous synthesis of the 39 included primary

empirical studies, the principal conclusions are summarized as follows:

1.

Demonstrated Physical-Electrical Multimodal Synergy: Quantitative electrical diag-
nosis via inline modular I-V curve tracing indispensably complements visual screening
from infrared thermography and electroluminescence. While aerial thermography
geolocates macroscopic thermal anomalies at high scanning throughput (5-10 h per
4 MW), it remains blind to non-dissipative microcracks and susceptible to temporary
shading false alarms. Fusing electrical telemetry, infrared thermography, and visible-
band imagery provides the only robust path to unequivocally isolate defect root causes
and eliminate false positives.

Hierarchical Sequential Screening Protocol: To reconcile diagnostic precision with
economic reality, utility-scale maintenance should adopt a three-tier screening protocol:
Level 1 continuous in situ IoI'/inverter monitoring flags degraded strings at zero
incremental labor cost; Level 2 autonomous RTK-guided UAV thermography rapidly
geolocates macroscopic hotspots across the flagged capacity; and Level 3 microscopic
electroluminescence or photoluminescence is selectively dispatched only to the small
fraction (<2-5%) of modules exhibiting unresolved power loss or warranty disputes.
Geospatial Precision via RTK-Equipped UAVs: Integrating Real-Time Kinematic
(RTK) positioning onto autonomous aerial platforms reduces spatial georeferencing
error to sub-decimetric levels (<5 cm). This centimetric fidelity enables the auto-
mated temporal registration of historical thermal orthomosaics, transforming inspec-
tions into unattended multi-temporal workflows that track degradation progression
module-by-module.

High-Efficiency Edge Intelligence and Telemetry Compression: Deep learning ar-
chitectures optimized for embedded deployment—most notably lightweight YOLO
object detectors and modified U-Net segmenters—achieve real-time inference speeds
(30-60 FPS) on embedded hardware (NVIDIA Jetson, Raspberry Pi). Deploying edge
intelligence directly aboard UAVs and combiner boxes compresses raw data payloads
by >95%, transmitting lightweight JSON alarms and single-diode model parameters
over constrained industrial LPWAN (LoRaWAN/NB-IoT') channels.

Technological Democratization via Open-Source Hardware: The empirical validation
of decentralized diagnostic prototypes based on low-cost microcontrollers (ESP32)
and open sensors confirms the feasibility of deploying continuous string surveillance
networks at costs below USD 100 per node, opening advanced predictive maintenance
to small and medium-scale installations.

Actionable Industrial and Standardization Roadmap: To achieve full industrial ma-
turity, the solar diagnostic community must resolve four critical challenges: (a) for-
mulating domain generalization techniques to counter 15-25% accuracy drops across
emerging cell architectures (bifacial, TOPCon, HJT); (b) formalizing international
metrological correction standards for outdoor thermal data under dynamic wind and
irradiance conditions; (c) curating open, multi-technology benchmark datasets to
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advance reproducible Al research; and (d) developing standardized APIs and seman-
tic ontologies to transition multimodal digital twins from conceptual architectural
blueprints into interoperable commercial tools.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

alRT Aerial Infrared Thermography
ANN Artificial Neural Network
CNN Convolutional Neural Network
DL Deep Learning

EL Electroluminescence

FF Fill Factor

GAN Generative Adversarial Network
GSD Ground Sampling Distance
HJT Heterojunction Technology
InGaAs Indium Gallium Arsenide

ToT Internet of Things

ToU Intersection over Union

IRT Infrared Thermography

I-v Current-Voltage

KNN K-Nearest Neighbors

LCOE Levelized Cost of Electricity
LOPO Leave-One-Park-Out

LoRaWAN Long-Range Wide-Area Network
LPWAN Low-Power Wide-Area Network

LWIR Long-Wave Infrared

mAP Mean Average Precision

ML Machine Learning

MOSFET Metal-Oxide-Semiconductor Field-Effect Transistor
MPPT Maximum Power Point Tracking

NB-IoT Narrow-Band Internet of Things
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PERC Passivated Emitter and Rear Cell
PID Potential-Induced Degradation
PLC Power Line Communication

PL Photoluminescence

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses

PSO Particle Swarm Optimization
PV Photovoltaic
QA Quality Assessment
RGB Red—-Green-Blue (Visible Spectrum)
RMSE Root Mean Square Error
RTK Real-Time Kinematic
SCADA Supervisory Control and Data Acquisition
StM Structure from Motion
SVM Support Vector Machine
SWIR Short-Wave Infrared
TOPCon Tunnel Oxide Passivated Contact
UAV Unmanned Aerial Vehicle
UDA Unsupervised Domain Adaptation
ViT Vision Transformer
YOLO You Only Look Once
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