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Abstract 

Drone-borne infrared (IR) thermography combined with deep learning is widely 

used for automated photovoltaic (PV) inspection. However, reported accuracies of 

approximately 85–94% on public benchmarks provide limited evidence of reliability 

under field conditions. This article critically reviews IR-based PV fault 

classification and detection around three questions: what is predicted (task 

granularity), from what data (resolution, provenance, and class structure), and how 

success is measured (evaluation protocol). We synthesize six previous surveys, five 

data resources, and recent research on convolutional networks, transformers, self-

supervised learning, lightweight models, object detectors, multimodal language 

models, and federated learning. Three findings emerge. First, reported accuracy on 

crop-level benchmarks often falls within a relatively narrow range despite 

substantial differences in model size, while evidence from an industry-scale study 

highlights dataset diversity as a major determinant of performance. Second, 

common evaluation practices— random crop-level splits, class merging, balanced 

prevalence, and single-site data—limit the conclusions that benchmark results can 

support. Third, the translation of sensitivity and specificity into maintenance 

workload is rarely quantified. To illustrate this issue, we reanalyse a binary module-

level case study comprising 1,523 image crops. ResNet18 achieves 89.6% accuracy, 

compared with 76.1% for a small convolutional neural network. Assuming that 
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sensitivity and specificity remain unchanged, reducing fault prevalence to 2% yields 

an estimated precision of approximately 16% for ResNet18, corresponding to 

roughly five false alarms per correctly detected faulty module. We conclude with a 

reporting checklist and a research agenda for more reliable evaluation and 

deployment. 

Keywords: photovoltaic fault detection; infrared thermography; UAV inspection; 

deep learning; benchmark datasets; evaluation protocols; generalization. 

Introduction 

Photovoltaic generation depends on routine inspection because faults such as hot 

spots, bypass-diode failures, open-circuit substrings and string outages reduce yield 

and can create fire risk. Outdoor infrared thermography of modules and plants in 

operation is standardized in IEC TS 62446-3, which specifies measurement 

equipment, ambient conditions, inspection procedure, reporting, personnel 

qualification and a matrix of thermal abnormalities [1]. Small unmanned aerial 

systems and crewed aircraft have made plant- scale acquisition practical; one 

industry study reports airborne infrared inspections of 6,155 North American solar 

farms [2]. Deep learning is the natural tool for turning such imagery into 

maintenance decisions, and the literature on it has grown quickly. 

Several surveys already exist. Early work established the physics of IR diagnosis of 

crystalline-silicon modules [3]; later reviews addressed aerial IR inspection [4], 

gigawatt-scale imaging [5], imagery pattern recognition [6], and panel overlay and 

fault detection [7]. A 2026 review spans electrical, visible, IR, electroluminescence, 

UAV and multimodal sensing and stresses that results from different studies are not 

directly comparable because datasets, fault taxonomies and validation protocols 

differ [8]. What remains under-examined is the chain that links task granularity, data 

properties and evaluation protocol for module-level IR classification, which is the 

form in which most public benchmarks are cast, and the consequences of that chain 

for deployment. 

This article makes four contributions: 

• 1. A task hierarchy (L0–L4) that places datasets, models and deployed systems 

on a common map (Section 4); 
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• 2. A verified comparison of public IR datasets and of headline results reported on 

them, with explicit caveats (Sections 5–7); 

• 3. An analysis of evaluation threats and a reporting checklist (Section 8); and 

• 4. A quantitative case study showing how sensitivity and specificity measured on 

a balanced test set translate into precision and false-alarm workload at other 

prevalences (Section 9), followed by a research agenda (Section 10). 

Scope and Review Method 

This is a critical narrative review, not a PRISMA systematic review, and no results 

are pooled. Literature was identified in September–October 2026 through searches 

of publisher sites, preprint servers and dataset repositories, combining terms for PV, 

infrared or thermal imaging, UAV or aerial inspection, fault or defect classification 

or detection, and deep learning, supplemented by backward citation chasing from 

recent surveys and benchmark papers. Priority went to (i) dataset papers and dataset 

records, (ii) benchmark or comparative studies from 2023–2026, (iii) large-scale 

field-deployment studies and (iv) prior surveys. Electrical-only diagnosis (I–V 

curves, SCADA) and electroluminescence work were considered only for contrast. 

Three limitations apply. The search is not exhaustive and may under-represent non- 

English and industrial reports. Several recent sources are preprints that have not 

been peer reviewed; these are marked as preprints in the reference list. Where a 

result is known to us only through another paper’s summary, the text says so (for 

example, results on the Infrared Solar Modules benchmark summarized in [2]). 

Reported numbers are quoted as reported, with their task and protocol where these 

were available. 

Physical Basis, Acquisition and Fault Taxonomy 

What infrared imaging can and cannot see 

Thermography observes the thermal consequence of a fault, not its cause. Current 

mismatch, open circuits and bypass-diode activation redistribute dissipation within a 

module and appear as localized or patterned heating. Because different mechanisms 

can produce similar patterns, and because apparent temperature depends on 

irradiance, ambient temperature, wind and viewing geometry, thermal-image 

interpretation is sensitive to acquisition conditions [8]. IEC TS 62446-3 therefore 
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defines passive outdoor inspection under natural sunlight, distinguishes simplified 

from detailed inspections, and is commonly cited as requiring a minimum irradiance 

of 600 W/m2 [1]. Data collected outside such conditions may carry different class-

conditional appearance, which matters for any learned model. 

Operational pipelines add their own conventions. In the at-scale system of [2], a hot 

spot is a localized anomaly more than 5 °C above neighboring cells, and severity 

tiers run from below 5 °C to 15 °C or more; the authors also note that time of day, 

season, weather and soil temperature make a single global temperature 

normalization infeasible and use a multi-step normalization pipeline instead. 

Label spaces are not interoperable 

Public datasets partition faults differently. The Infrared Solar Modules (ISM) bench- 

mark has 12 classes (one no-anomaly and eleven anomaly classes) [9]; PVF-10 has 

ten categories [10]; the sUAS record used in our case study has eight (seven fault 

types plus normal) [11]; and the at-scale pipeline detects six defect types, from hot 

spots and diode bypass to string outages and tracker misalignment [2]. Some 

categories describe appear- ance (hot spot, multi-cell), others an inferred electrical 

cause (open circuit, short circuit). Results therefore cannot be compared across 

datasets without an explicit label mapping, and binary “normal versus fault” tasks 

derived from different taxonomies are not the same task. 

Spatial resolution constrains diagnostic information 

The diagnostic information available in thermal imagery depends on spatial 

resolution, module dimensions, and the extent of the thermal anomaly. The ISM 

benchmark contains module crops of 24 × 40 pixels [9], whereas PVF-10 reports a 

spatial resolution of approxi- mately 0.02 m/pixel [10]. At this resolution, a module 

measuring 1.2 × 1.7 m would occupy approximately 60 × 85 pixels, assuming a 

near-normal viewing angle and uniform ground sampling distance. The sUAS 

dataset was annotated using an orthomosaic with a ground sampling distance of 3.13 

cm/pixel [11], corresponding to approximately 54 × 32 pixels for a 1.7 × 1.0 m 

module under the same geometric assumptions. The industry-scale study reports an 

infrared ground sampling distance of up to 6.5 cm/pixel [2]. These geometric 
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estimates should be distinguished from stored crop dimensions, which may be 

affected by perspective correction, resampling, and preprocessing. 

Spatial resolution is particularly consequential for anomalies whose thermal 

signatures occupy only a small fraction of a module. Resizing a low-resolution crop 

to a larger network input does not recover spatial detail absent from the original 

acquisition. In a comparative CNN–transformer benchmark on ISM, electrical fault 

categories achieved F1 scores above 0.90, while soiling achieved approximately 

0.20–0.33; the study attributes part of this disparity to limitations in thermal imaging 

resolution [12]. This finding suggests that architecture selection alone may be 

insufficient when the relevant diagnostic signal is weak or poorly resolved. 

However, resolution should not be treated as the sole explanation: class imbalance, 

annotation uncertainty, acquisition conditions, and overlap between fault 

appearances may also influence performance. Consequently, benchmark 

comparisons should report both the original image resolution and the physical scale 

of the anomalies being classified. 

Task Formulations: A Five-Level Hierarchy 

The term “fault detection” encompasses several distinct prediction tasks, each 

requir- ing different inputs, annotations, and evaluation criteria. To clarify these 

distinctions, we organize the inspection workflow into five levels: 

• L0: Data acquisition. Collection of thermal frames, videos, or orthomosaics, 

together with acquisition metadata and image-quality assessment. 

• L1: Spatial localization. Identification of PV tables, individual modules, or 

anomalous regions through object detection or segmentation. 

• L2: Binary condition classification. Assignment of an individual module crop to 

a normal or faulty category according to the dataset’s labeling criteria. 

• L3: Fault-type classification. Identification of a specific anomaly or fault 

category within a defined taxonomy, allowing multiple labels where faults 

coexist. 

https://scopusacademia.org/


JMEA Journal of Modern Educational Achievements  

Volume 6, 2026            https://scopusacademia.org/ 

 
 

296 
 

• L4: Operational assessment and decision support. Assessment of fault severity, 

estima- tion of associated energy losses, and prioritization of maintenance 

actions using thermal evidence and relevant operational information. 

This hierarchy describes functional stages rather than a mandatory sequence: some 

sys- tems combine localization and classification, while others operate directly on 

pre-extracted module crops. Nevertheless, performance at one level does not 

establish effectiveness at another. Accurate crop classification at L2 or L3 does not 

demonstrate reliable localization in full aerial images, correct identification of an 

electrical cause, or useful maintenance prioritization at L4. 

Most public crop-based benchmarks primarily evaluate L2–L3. Their operational 

relevance therefore depends on additional evidence concerning acquisition quality, 

local- ization errors, generalization to unseen sites, and the consequences of false 

alarms and missed faults. Evaluation should identify the level addressed explicitly 

and distinguish component-level predictive performance from the effectiveness of 

the complete inspection workflow. 

Crop-level classification (L2–L3) offers a comparatively straightforward setting for 

annotation and benchmarking, but it has two structural limitations. First, it assumes 

that an upstream process has already localized and extracted the relevant modules, 

so classification performance alone does not capture errors introduced during 

localization. Second, isolated crops restrict the spatial context available for 

diagnosis. In operational inspection, the temperature of a potentially anomalous 

region may be assessed relative to neighboring modules; this comparison cannot be 

reproduced from an isolated module crop without additional contextual information 

[2]. 

Detection-based systems operating at L1, or jointly at L1 and L3, can preserve sur- 

rounding scene information and provide spatially explicit predictions, although they 

generally require more detailed annotations. The industry-scale pipeline described in 

[2] combines table segmentation, oriented module detection, and anomaly detection 

before translating the outputs into an operational-efficiency rating. It therefore 

illustrates how several stages of the L0–L4 hierarchy can be integrated within a 

single inspection workflow. Earlier studies on orthorectified UAV imagery [13] and 
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module extraction and rectification from aerial IR video [14] addressed 

complementary requirements for connecting image acquisition with automated 

module assessment. 

Data Resources 

Provenance varies. ISM and PVF-10 aggregate crops from many modules, and PVF-

10 spans eight plants, making variation across acquisition conditions explicit [10]. 

The sUAS record, by contrast, is annotated on a single orthomosaic of one array 

[11], while the Thessaloniki dataset originates from one farm [15]. Single-array 

datasets are valuable for controlled experiments, but evaluation confined to one 

array cannot establish generaliza- tion to unseen sites. Dataset diversity should 

therefore be assessed through acquisition provenance and site coverage, rather than 

image count alone. 

Class distributions are imbalanced. In the sUAS record, the normal class contains 

2,835 images, approximately 3.4 times the combined fault classes (840 images), 

while individual fault categories contain between 2 and 431 images. Binary 

merging, as used in several studies, offers a pragmatic response to limited samples: 

a derived healthy-versus- faulty task combines nine PVF-10 fault categories into one 

class [16], and a binary ISM task contains exactly 10,000 samples per class [12]. 

However, merging changes the prediction target and conceals differences in 

performance among fault types. It does not, by itself, change the overall proportion 

of faulty modules when all samples are retained; changes in binary prevalence arise 

from sampling, filtering, or balancing. These distinctions are consequential for 

evaluation and deployment (Sections 8 and 9). 

Strong baseline performance warrants scrutiny. The authors of the industry-scale 

study report that a random-forest baseline achieves 84.0% overall accuracy for 

anomaly classifica- tion on ISM and suggest that the benchmark may be 

insufficiently challenging for assessing deployable models [2]. This interpretation 

should be distinguished from direct evidence of field performance: a strong baseline 

result alone does not establish that a dataset is unsuitable. Nevertheless, it 

emphasizes the importance of comparing complex models with simple baselines 

under identical evaluation conditions. Such comparisons help determine whether 
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additional architectural complexity yields meaningful improvements and whether 

those improvements persist under more demanding validation protocols. 

Model Families and Reported Results 

Convolutional networks and lightweight designs 

Custom and off-the-shelf CNNs are widely used for crop-level classification. 

Reported results include 92.5% accuracy for a custom CNN on ISM [17], 93% for 

EfficientNet-B0 features combined with a support-vector machine on a 20,000-crop 

dataset [18], 88% for a cascading ensemble with a voting CNN [19], and 85% for a 

NASNet–LSTM combination [20]. These results are cited here as summarized in [2] 

and should not be interpreted as directly comparable without examining their label 

definitions, data partitions, and evaluation protocols. 

Research on lightweight models includes a coupled U-Net/DenseNet design 

intended to reduce model complexity while maintaining PV fault-classification 

performance [21]. A pruned, low-rank tiny residual network designed for Edge TPU 

deployment reports 94.73% accuracy for anomaly detection and up to 88.44% for 

multiclass diagnosis across benchmark configurations containing 2, 8, 11, and 12 

classes. The study compares its approach with 59 existing CNN models [22]. Earlier 

research also investigated deep networks for remote anomaly detection and 

classification [23]. Claims of deployment efficiency should nevertheless distinguish 

reductions in parameter count from measured latency, memory consumption, and 

energy use on the target hardware. 

Residual networks and transfer learning 

ResNet-family backbones [24] are common baselines and feature extractors. 

Applications include module classification after extraction from IR videos [14] and 

table segmentation within the industry-scale inspection pipeline [2]. Their use as 

pretrained backbones also supports transfer learning when labeled thermal imagery 

is limited, al- though the benefit depends on the source representation, adaptation 

strategy, and target dataset. 

A comparative study evaluates ResNet-18, EfficientNet-B0, ViT-Tiny, and Swin-

Tiny on the approximately 20,000-image ISM dataset under binary and multiclass 

formulations [12]. The study additionally uses XRAI saliency analysis to examine 
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whether influential image regions correspond to expected thermal signatures. 

Reported patterns include localized hot spots for cell defects, linear thermal patterns 

for diode failures, and thermal boundaries associated with vegetation shading [12]. 

Such analyses can help assess whether predictions are consistent with plausible 

diagnostic evidence. However, saliency agreement alone does not establish causal 

reasoning or exclude reliance on spurious features; it should complement 

quantitative evaluation and controlled robustness tests. 

Transformers and self-supervised learning 

Vision transformers [25] have been evaluated alongside CNNs for PV fault classifi- 

cation [12]. The industry-scale study reports that transformer-based alternatives did 

not provide substantial improvements over its CNN components while increasing 

training complexity and computational cost [2]. This observation is specific to the 

evaluated pipeline and should not be generalized to all transformer architectures or 

acquisition settings. 

A more recent approach uses self-supervised pretraining. JEFFNet combines a 

JEPA- pretrained vision transformer with EfficientNetV2-S features and is 

evaluated on PVF- 10 and ISM for multiclass classification and derived binary tasks 

[16]. On PVF-10, the study reports 93.86% accuracy and an F1 score of 93.69%, 

with 108.6 million parameters, approximately 47.3% fewer than the 205.91 million 

parameters reported for the GEPFNet comparator. The averaging convention used 

for F1 should be specified when comparing these results with other studies. 

Self-supervised learning offers a means of exploiting unlabeled thermal imagery 

when verified fault annotations are scarce. Its practical value, however, requires 

evaluation on independent sites and acquisition conditions, together with disclosure 

of the pretraining data and any overlap with downstream evaluation samples. 

Detectors and segmentation 

For plant-scale inspection, object detectors provide spatially explicit predictions by 

localizing modules or anomalous regions directly in aerial imagery. The YOLO 

family [26] underpins the anomaly detector described in [2], whose largest variant 

reports a metric denoted as precision@50 of 89.8%. This notation should be defined 
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according to the original study and distinguished from average precision at an 

intersection-over-union threshold of 0.50. 

A staged RGB–IR pipeline segments arrays in visible images and classifies defects 

using a ResNet. As summarized in [8], it reports 91.7% mAP@0.5, 95% defect-

detection accuracy, and a processing rate of 36 frames per second on 3,000 paired 

images from a 65 MW plant. These metrics describe different aspects of 

performance and should be interpreted alongside the corresponding task definitions 

and evaluation procedures. 

A comparative study evaluates YOLOv10, YOLOv12, RT-DETR, RF-DETR, and 

the open-vocabulary models YOLO-World and OWL-ViT on a public thermal UAV 

dataset [27]. RF-DETR achieves the highest reported mAP@0.50 of 82.6% at 12.6 

frames per second, whereas YOLO-World achieves 78.1% at 31.3 frames per 

second. This corresponds to a difference of 4.5 percentage points in mAP and an 

approximately 2.5-fold difference in throughput. The comparison illustrates a 

deployment trade-off between localization performance and processing speed, 

although throughput remains specific to the hardware, input resolution, batch size, 

and timing procedure used in the study. 

Multimodal language models 

A comparison of GPT-4o and ResNet on aerial IR imagery considers binary and 

multi- class classification tasks [28]. The study reports advantages for ResNet in 

computational efficiency and implementation simplicity, while GPT-4o provides 

greater flexibility and textual explanations of subtle anomalies. These findings 

suggest a possible complementary workflow in which a compact classifier performs 

high-volume screening and a multimodal language model supports explanation and 

triage. 

However, fluent explanations should not be treated as evidence of diagnostic cor- 

rectness. Evaluation should assess classification performance and explanation 

reliability separately, including whether generated descriptions are grounded in 

observable thermal features. Reproducible comparisons also require disclosure of 

the model version, prompts, image preprocessing, inference settings, and 

computational or service costs. 
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Privacy-preserving and federated learning 

Restricted access to inspection imagery and incomplete fault coverage at individual 

sites motivate collaborative learning across PV operators. Federated learning [29] 

enables participating sites to exchange model updates while retaining their raw data 

locally. How- ever, this arrangement does not by itself guarantee privacy; protection 

depends on the threat model and any additional safeguards applied to the exchanged 

updates. 

Within the literature reviewed here, federated approaches remain limited and largely 

address tasks outside IR module classification. Examples include a decentralized 

approach to inverter IGBT fault diagnosis motivated by limited, non-identically 

distributed data and privacy concerns [30], and a federated contrastive self-

supervised pretraining scheme for PV defect detection that reports improvements 

over independent local training [31]. 

We did not identify a benchmark within the reviewed literature that evaluates feder- 

ated IR module classification across independent sites. This constitutes a research 

opportu- nity (Section 10), particularly for assessing performance under differences 

in acquisition conditions, fault prevalence, and label availability. Such evaluations 

should compare fed- erated training with local and centralized baselines and report 

predictive performance, communication costs, and the privacy protections actually 

implemented. 

Synthesis: What the Evidence Supports 

Finding 1: Similar headline accuracies occur across substantially different model 

designs. Reported deep-model accuracies on the crop-level benchmarks summarized 

in Table 3 fall approximately between 85% and 95%, despite substantial variation in 

architecture and model size. Examples range from a custom CNN [17] to a hybrid 

transformer–CNN model containing 108.6 million parameters [16]. A random-forest 

baseline achieves 84.0% accuracy, numerically one percentage point below the 85% 

reported for a NASNet–LSTM model [2, 20]. However, differences in task 

definitions and evaluation protocols prevent these values from establishing either an 

accuracy plateau or architectural equivalence. The observed range is consistent with 

the hypothesis that acquisition quality, spatial resolution, and annotation uncertainty 
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constrain performance. The low reported F1 scores for soiling [12] provide 

supporting evidence for investigating this hypothesis, but controlled experiments are 

needed to distinguish these effects from architectural and training differences. 

Finding 2: Dataset diversity is a major consideration for inspection at scale. The 

industry- scale study identifies geographically diverse training data spanning 

climates and ground temperatures as a principal determinant of airborne IR 

inspection performance [2]. This conclusion highlights the importance of 

representing operational variation during model development. Nevertheless, it 

originates from one industrial study and requires inde- pendent replication before it 

can support a general ranking of dataset diversity against architectural choices. 

Together with the limited cross-site validation identified in the broader review [8], it 

supports prioritizing evaluation on unseen plants and acquisition conditions. 

Finding 3: High within-dataset accuracy provides limited evidence of broader gener- 

alization. Within-dataset accuracies approaching 99.9% have been reported for IR 

fault detection under restricted acquisition conditions, as summarized in [8] from 

[32], whereas some benchmarks spanning multiple plants report accuracies near 

93%. These differences cannot be attributed directly to model quality because the 

studies differ in data compo- sition, task difficulty, and evaluation procedures. 

Restricted variation may contribute to higher within-dataset scores, but this remains 

an interpretation rather than a demonstrated explanation. Consequently, headline 

accuracy should be assessed alongside acquisition provenance, class distributions, 

split design, and independent validation. 

Finding 4: Efficiency and explanation are increasingly evaluated alongside 

predictive performance. Research on compact Edge TPU models [22], detector 

performance–latency trade-offs [27], saliency analysis against expected thermal 

signatures [12], and multimodal language-model explanations [28] broadens 

evaluation beyond classification accuracy. These directions address practical 

requirements for computational efficiency and decision support. However, 

compactness does not establish suitability for a particular device, and plausible 

explanations do not establish diagnostic reliability. Stronger deployment evidence 
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requires measurements on target hardware, validation across independent sites, 

prospective inspection studies, and assessment of maintenance outcomes. 

Conclusion 

This study critically reviewed UAV-based infrared inspection and computer 

vision methods for photovoltaic (PV) fault diagnosis, considering six surveys, five 

data resources, and a supporting binary classification experiment. The review 

organized existing ap- proaches into five levels, ranging from image acquisition and 

module localization to fault detection, fault-type classification, and severity 

assessment linked to energy loss and main- tenance. This framework highlights that 

detecting a thermal anomaly is an intermediate step: its operational value depends 

on reliable localization, diagnostic interpretation, and validation against electrical 

performance. 

The supporting experiment demonstrated the potential of deep learning for distin- 

guishing normal and faulty PV modules. On a test set containing 124 faulty and 106 

normal images, ResNet achieved an accuracy of 89.57%, detecting 110 faulty 

modules while produc- ing 14 false negatives and 10 false positives. The smaller 

CNN achieved 76.09% accuracy, with 108 true positives, 16 false negatives, and 39 

false positives. Although their fault sensitivities were comparable, ResNet provided 

substantially higher specificity, reducing false alarms within the evaluated sample. 

These findings support its suitability for further investigation as an inspection 

screening model, while remaining insufficient to establish performance across 

different installations or acquisition conditions. 

The analysis also demonstrated why aggregate accuracy alone cannot 

establish prac- tical reliability. If fault prevalence were 2%, maintaining ResNet’s 

observed sensitivity and specificity would yield an estimated positive predictive 

value of approximately 16%, equivalent to about five false alarms per correctly 

detected fault. This projection assumes that performance remains stable under 

deployment conditions and therefore represents an illustrative scenario rather than a 

measured field result. Nevertheless, it emphasizes the importance of prevalence-

aware evaluation, threshold selection, and reporting precision, sensitivity, 

specificity, and uncertainty alongside accuracy. 
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Several limitations constrain the conclusions. The experimental evaluation used a 

selected binary subset and a single test split, limiting evidence for generalization 

across sites, seasons, sensors, and flight configurations. Binary labels also conceal 

differences among fault mechanisms and severities. Moreover, infrared appearance 

alone does not establish the electrical cause of an anomaly or quantify its 

contribution to energy loss. Comparisons among reviewed studies remain affected 

by differences in datasets, annotation practices, evaluation protocols, and metric 

definitions. 

Future research should prioritize independent site-level testing, repeated 

evaluations, calibrated predictions, and explicit analysis of rare fault categories. 

Integrating thermal imagery with RGB observations, environmental measurements, 

and electrical monitoring could strengthen diagnostic interpretation and support 

severity estimation. Ultimately, progress toward automated PV energy management 

requires validated links between visual findings, electrical losses, and maintenance 

outcomes. UAV-based computer vision offers a promising foundation for this 

objective, but the present evidence primarily supports automated inspection and 

fault screening. 
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