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With advances in imaging technologies, modern photovoltaic (PV) systems generate large volumes of hetero-
geneous image data, including visible, electroluminescence (EL), and infrared (IR) images. Existing PV image
analysis models, particularly deep learning approaches, are typically task-specific and lack cross-modality
generalization. To address this limitation, this paper proposes an open-source large language model (LLM)-
based unified framework for heterogeneous PV image diagnostics. Through task-aware diagnostic prompting, the
framework enables analysis of visible, EL, and IR images within a single pipeline, supporting both zero-shot and
few-shot inference and binary and multiclass classification. It is compatible with state-of-the-art multimodal
LLMs, including ChatGPT, Gemini, Claude, Qwen, and CLIP. The framework is evaluated on PV module condition
classification (clean, soiling, snow, hail, and bird droppings) using visible images, cell crack detection using EL
images, and hotspot detection using IR images. GPT-5.1 in few-shot mode achieves the best performance, with
classification accuracy exceeding 97.3%. Open-source models such as Qwen and CLIP also deliver competitive
results on visible images (around 90% accuracy), though their performance is more limited on EL and IR mo-
dalities. On the full ELPV dataset, the framework achieves 83.5% zero-shot accuracy, within 2.8% of the su-
pervised CNN baseline, confirming scalability to larger benchmarks. Practical aspects such as reproducibility,
response latency, and confidence estimation are systematically analyzed. The framework operates across PV
image modalities without modality- or task-specific training, making it well suited as a rapid pre-screening tool
to support downstream detailed diagnostics. A benchmark dataset of diverse labeled PV images is also released.

1. Introduction modules [15,16]. As a result, image-based inspection has become a

routine component of operations and maintenance (O&M) workflows

Large Language Models (LLMs) [1], like ChatGPT [2] and Gemini
[3], have transformed how we interact with artificial intelligence.
Initially focused on text-based tasks, these models excel at understand-
ing and generating natural language. In recent years, LLMs have evolved
into multimodal models [4,5], with outstanding capabilities not only in
natural language processing tasks, but also remarkable potential in vi-
sual understanding and analysis [6,7]. These advanced multimodal
LLMs offer innovative solutions for a wide range of tasks, including
processing, understanding, and even generating images [8], enabling
new possibilities for photovoltaic (PV) research [9,10].

The widespread deployment of PV imaging technologies such as
drones and advanced cameras has resulted in the collection of extensive
image datasets, including visible [11], electroluminescence (EL) [12],
infrared (IR) [13], and photoluminescence (PL) images [14], etc. These
images provide valuable insights into the health and performance of PV
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for both utility-scale and distributed PV installations [17]. As fleet sizes
continue to grow, O&M teams face increasing pressure to inspect large
numbers of modules efficiently, at low cost, and across heterogeneous
data sources collected from drones, handheld cameras, and field ther-
mographic or EL instruments [18].

Traditional PV image analysis methods commonly leverage artificial
intelligence (AI) and machine learning (ML) techniques [19,20]. For
visible image analysis, several approaches have been explored for
different fault types. In the case of snow detection on PV modules, U-Net
model has been applied in [21], while ResNet and VGG models are
applied in [22]. For soiling analysis, Convolutional Neural Networks
(CNN) —based approaches have been reported in [23], and BWR metric
is applied in [24]. For bird dropping detection, YOLO models have been
adopted in [25] and VGG model in [26]. As for the EL image analysis,
machine learning models such as Artificial Neural Networks (ANN) and
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Support Vector Machines (SVM) are applied in [27,28]. Recently, deep
learning methods have also been explored, including CNN [29,30], ob-
ject detection models like YOLO in [31,32], and hybrid models in [15].
For IR image analysis, YOLO and ResNet architectures have been
employed in [33,34], while CNN-based approaches in [35,36].

As can be seen from these studies, each model is designed for
analyzing a specific type of PV image and cannot be generalized effec-
tively across other image types. In addition, preparing a large, well-
labeled dataset can be labor-intensive and time-consuming. Large pub-
lic PV image datasets [11,12,13,14] and established transfer learning
pipelines [37] have partly mitigated this burden, and recent advances in
semi-supervised and self-supervised [38,39] learning further reduce the
need for extensive labeling. Nevertheless, each new imaging modality or
fault type generally still requires additional data curation and task-
specific fine-tuning. This reliance on separate, task-specific models in-
creases development cost, slows fault diagnosis, and limits scalability
across diverse field conditions, motivating the need for a unified,
training-free diagnostic framework that can flexibly handle heteroge-
neous PV imagery and serve as a rapid pre-screening tool in practical
O&M deployment.

Some researchers have explored the application of traditional and
multimodal LLMs in the PV field, with most efforts focused on tasks such
as text mining and power prediction. For the literature or text mining,
Liu et al. [40] use an optimized GloVe language model to analyze CdTe
literature, accelerating material discovery for thin film CdTe solar cells.
Sarahana et al. [41] apply NLP techniques, including Al-based sentiment
analysis and topic modeling, to examine public perceptions and key
themes related to solar energy deployment from public and social media
texts. Kalle et al. [42] combine opinion mining, ChatGPT, and CA-GALT
to assess global, regional, and local acceptance of solar power. For the
power prediction, Lin et al. [43] proposed PV-VLM, a multimodal vision-
language model that leverages sky images to improve intra-hour
photovoltaic power forecasting. Zhang et al. introduced a GPT-based
method for ultra-short-term distributed PV power forecasting, using
virtual data for pre-training and limited real data for fine-tuning, which
significantly improves prediction accuracy under data scarcity [44]. Yan
et al. [45] proposed a probabilistic PV power forecasting method based
on a multi-modal approach that uses a GPT-Agent to interpret weather
conditions.

Research on PV image processing and analysis using LLMs remains
quite limited. Deng et al. [46] develop CAP-PV, a language-aided few-
shot learning framework based on CLIP model that leverages a CAP
module to boost PV panel segmentation from remote sensing imagery.
Boutana et al. [47] utilizes OpenAI’s CLIP-based vision-language model
to analyze visible images of PV panels and classify faults such as dust,
snow, and physical damage. Both zero-shot and fine-tuned approaches
are evaluated. Fine-tuning significantly improves fault detection per-
formance, increasing accuracy from 38.5% to 92% for multi-class fault
classification. However, this research is limited as it only evaluates the
CLIP model on visible images, which cannot reflect the performance of
the latest multimodal LLMs like GPT and Gemini or assess effectiveness
on other important image types such as electroluminescence (EL) and
infrared (IR) images. Guo et al. [48] proposed PVAL, a label-efficient
LLM framework that detects, localizes, and quantifies rooftop PV
panels in satellite imagery with 94% accuracy across six U.S. regions. By
combining task decomposition, schema-guided outputs, and few-shot
prompting, PVAL surpasses existing methods while enabling scalable,
GIS-integrated PV assessment.

To date, most existing PV image analysis methods are task-specific
and require separate models or retraining for each imaging modality.
Beyond the PV domain, multimodal LLMs have demonstrated competi-
tive performance on visual classification tasks in medical imaging [49],
remote sensing [50], and industrial inspection [51]. This motivates
exploring whether the same approach can be extended to the hetero-
geneous and technically specialized imagery encountered in PV
diagnostics.

Solar Energy 315 (2026) 114801

To complement these approaches, this paper proposes a unified LLM-
based framework for heterogeneous PV image diagnostics that operates
in zero-shot and few-shot regimes, reducing the overhead of domain-
specific fine-tuning when new modalities or fault types are intro-
duced. By leveraging task-aware diagnostic prompting, the framework
enables the analysis of visible, electroluminescence (EL), and infrared
(IR) images within a single pipeline. The contribution of this work lies
in: (1) Design a unified diagnostic framework for heterogeneous PV
image modalities (visible, EL, and IR) without modality-specific
retraining; (2) Support both zero-shot and few-shot inference, as well
as binary and multiclass classification tasks for different application
scenarios; (3) Systematically accommodate state-of-the-art LLMs, while
GPT-5.1 with few-shot mode achieves the best performance with clas-
sification accuracy over 97.3%; (4) Analyze the practical deployment
considerations for the proposed framework, including reproducibility,
prompt design, inference latency, and confidence levels; (5) Release a
benchmark PV image dataset covering diverse image types to support
evaluation of future image diagnostic models.

The remainder of this paper is organized as follows: Section 2 in-
troduces the proposed framework, including the test image dataset,
prompt design, inference mode, LLMs, and performance metrics. Section
3 presents PV image diagnosis results for visible, EL, and IR images.
Section 4 further examines practical issues of the framework from
reproducibility, prompt design, confidence level, and response time.
Section 5 discusses the strengths, limitations, and future work direction
of the proposed framework. Section 6 concludes the paper.

2. Methodology

The proposed unified LLM-based PV image diagnostic framework is
illustrated in Fig. 1. This framework enables fault diagnosis of hetero-
geneous PV image modalities, including visible, electroluminescence
(EL), and infrared (IR) images, within a single unified pipeline. It con-
sists of task-aware diagnostic prompts supporting both binary and
multiclass classification tasks, configurable inference modes (zero-shot
or few-shot), and a multimodal LLM backbone, with representative
models including GPT, Gemini, and Claude.

The model returns a structured JSON output containing the pre-
dicted class, a rubric-based confidence level, and a brief natural-
language rationale, e.g., “the module surface is covered by a thick,
uniform white layer with soft edges, consistent with snow rather than
soiling”, which explains why the LLM assigns the predicted fault type.

2.1. PV image test dataset

To evaluate the proposed framework, we build an open-source het-
erogeneous PV image test dataset, where three types of PV images are
included: visible, electroluminescence (EL), and infrared (IR) images
(https://github.com/DuraMAT/PV-LLM). To ensure variability and
capture realistic conditions, these images were collected from different
sources.

(i). PV visible image can reveal surface-level and environmental
faults of PV modules. The dataset covers five common
conditions—clean, snow, bird dropping, soiling, and hail, with
images collected from the DuraMat Datahub [52] and open-
source PV image datasets on Kaggle [53].

(ii). PV electroluminescence (EL) imaging detects internal defects and
degradation invisible to the naked eye. The dataset includes EL
images of healthy cells as well as cells with cracks at two severity
levels: minor (small or mild cracks) and severe (large, multiple, or
extensive cracks). Images are collected from [27] and public
dataset on Kaggle [54]. These EL cell images are square in shape,
with resolutions ranging from 100 x 100 px to 300 x 300 px.

(iii). PV infrared (IR) imaging can detect thermal anomalies that
indicate underlying electrical or structural issues. The dataset
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Fig. 1. Overview of the proposed unified LLM-based PV image diagnostic framework. The framework enables fault diagnosis of visible, electroluminescence (EL),
and infrared (IR) PV images within a single pipeline, using task-aware diagnostic prompts (support binary and multiclass classification tasks), configurable inference

modes (zero-shot or few-shot), a multimodal LLM backbone, and structured output parsing.

contains IR images of healthy PV modules as well as modules with
hotspots at two severity levels: minor (a single localized thermal
anomaly) and severe (multiple distinct hot regions within the
module or array). Images are selected from [55,56].

The detailed configuration of the test dataset is presented in Table 1,
where the classes for binary and multiclass classification are also listed.
Binary classification focuses on detecting the presence of faults (e.g.,
healthy vs. faulty), serving as a fault alert mechanism. In contrast,
multiclass classification provides fine fault diagnosis by distinguishing
among specific fault types or severity. Examples of the test dataset are
shown in Fig. 2.

Notably, these test images were selected to reflect a wide range of
real-world scenarios. For example, for visible images, the test images
include variations in shooting angle, scope (single or multiple PV
modules), and presence of reflections from surrounding elements such as
people, houses, trees, and the sun (like Fig. 2 (a) — Images 3, 12, 49). For
EL images, the images exhibit variation in brightness and busbar number
(three or four), adding to the complexity of the classification task. For IR
images, the images feature wide variation in scales (from individual
modules to large PV arrays), shooting angles, and thermal palettes or
color mappings (e.g., Fig. 2 (¢) — Images 11 and 34). This diversity
makes the classification task more realistic and challenging, closely
reflecting field conditions.

Table 1
Configuration of dataset.

Task Visible images EL images IR images
Binary fault o Clean e Healthy e Healthy

classification (50 x 2 =100 (50 x 2 = (50 x 2=100
images) 100 images) images)

Faulty (contains

Crack (contains e Hotspot

images of snow, images of minor (contains
soiling, hail, bird and severe images of minor
dropping) crack) and severe
hotspot)
Multi-class e Clean e Healthy e Healthy
fault (50 x 5 =250 (50 x 3= (50 x 3 =150
classification images) 150 images) images)
e Snow e Minor crack e Minor hotspot
e Soiling (small or mild (single hotspot)
e Hail cracks) e Severe hotspot
e Bird dropping e Severe crack (multiple
(large, hotspot)

multiple, or
severe cracks)

2.2. Task-aware diagnostic prompt design

Prompt design plays an important role in the proposed framework to
perform reliable PV image diagnosis across heterogeneous PV images.
To this end, we design a task-aware prompt that explicitly guides the
LLMs through PV image identification, PV image type classification, and
task-specific fault classification. The hierarchical design of the proposed
prompt is illustrated in Fig. 3. Task routing, probabilistic constraints,
and structured JSON output are enforced at each stage. For few-shot
mode, example images (shown in Fig. 4) are encoded in Base64 format
and incorporated into the text-based prompt.

The designed prompt supports two application scenarios: binary and
multiclass PV image classification (as defined in Table 1). The difference
between the two scenarios lies in the definition of the target conditions.
Full prompt specifications, including task-specific condition de-
scriptions, are provided in the Supplementary Information (SI).

The LLM outputs an estimated confidence for each predicted class.
To ensure these estimates are methodologically sound rather than free-
form numeric values prone to hallucination, we adopt a structured four-
level rubric: Low, Moderate, High, and Very High, mapped to numeric
values of 0.25, 0.50, 0.75, and 1.00 respectively for downstream Brier
Performance Index (BPI) [57] computation (presented in Section 4.1).
This design follows the standardized severity-rating frameworks widely
used in PV module reliability assessment (e.g., the IEA PVPS Task 13
Report [58]), in which discrete assessment levels are explicitly tied to
observable evidence rather than free-form numeric scores.

The rubric is anchored to two complementary factors: (i) class
discrimination difficulty, which differs between binary and multiclass
tasks — for binary tasks, the rubric reflects the certainty of the clean/
faulty distinction, whereas for multiclass tasks, it additionally requires
the LLM to assess whether the selected class is clearly dominant relative
to other candidate classes (e.g., distinguishing soiling from bird drop-
pings, or minor from severe cracks); and (ii) image quality and feature
visibility, with modality-specific evidence descriptors covering glare, sky
reflections, viewing angle, and surface coverage for visible images; cell-
structure sharpness, busbar contrast, noise, and vignetting for EL im-
ages; and thermal contrast, and palette ambiguity for IR images. The
LLM is instructed to apply both factors jointly and to provide a 1-2
sentence rationale referencing specific visual evidence, ensuring that
confidence claims are explicitly grounded in image content. The full
rubric, modality-specific evidence criteria, and prompt template are
provided in SI Section B.
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Fig. 2. Examples of test dataset. (a) visible, (b) EL, and (c) IR images. The dataset covers PV devices captured from diverse angles and perspectives, reflecting real-

world inspection scenarios. Full dataset is
available at https://github.com/DuraMAT/PV-LLM.

2.3. Multimodal large language models

To evaluate the proposed framework for PV image diagnostic, we
select five recent multimodal vision-language models, covering three
categories: (1) closed-source proprietary models: GPT-5.1 [59], Gemini
2.5 Pro [60], and Claude-Sonnet 4 [61]; (2) an open-weight multimodal
LLM: Qwen3.5-9B [62], which supports offline deployment on consumer
hardware via 4-bit quantization; (3) a contrastive vision-language
model: CLIP ViT-L/14 [63], which can run offline and can provide
reproducible results. This selection enables a comprehensive evaluation
across different model architectures, access modes, and deployment
constraints.

All models are integrated into the proposed unified framework
through a standardized API-based interface, ensuring consistent input
formatting, prompt structure, and output parsing across different vision-
language models. The proposed framework is model-agnostic and
extensible. New vision-language models can be readily incorporated by
implementing the same interface without modifying the overall pipe-
line, prompts, or evaluation protocol.

2.4. Inference mode

The proposed unified framework supports two inference modes: (i)
zero-shot: in which the LLM performs classification without access to
labeled example images, relying solely on its pretrained knowledge and

general visual reasoning capabilities; and (ii) few-shot: where a small
number of labeled reference images are provided as in-context examples
to guide the diagnostic process. The few-shot images are shown in Fig. 4.

For the CLIP baseline, the same two inference modes are imple-
mented, but through embedding-space similarity rather than in-context
prompting. In zero-shot mode, each class prototype is obtained by
encoding a natural-language class definition with CLIP's text encoder,
and a test image is assigned to the class with the highest cosine similarity
to its visual embedding. In few-shot mode, the same labeled reference
images used for the LLMs are encoded with CLIP's vision encoder and
averaged per class to form visual prototypes, which are then combined
with the text prototypes using equal weights (0.5/0.5). All embeddings
are L2-normalized prior to similarity computation.

Under few-shot mode, for binary classification tasks, three repre-
sentative PV images are selected for each category, while for multiclass
tasks, two images are selected per category. This light-weight few-shot
setting is adopted to provide sufficient diagnostic context while con-
trolling prompt length.

2.5. Result parsing and error handling

The final step of the framework involves extracting the JSON-
formatted text from the LLM output and converting it into a dictionary
for subsequent analysis. The class associated with the highest predicted
probability is selected as the diagnosed condition of the PV image.
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“First, judge whether the input image depicts a photovoltaic (PV) cell, module, or array. If the image is not related to

PV systems, set"pv_image": false and stop further

analysis.”

“If the image is a PV image, determine its imaging modality and classify it as one of the following types: visible,
electroluminescence (EL), or infrared (IR). Return the resultas "pv_image type".”

(Binary classification)

“If the image is a visible image of a PV module or
system, assess its surface condition: clean OR dirty.”
+ Condition description (+ Few-shot images, optional)

“If the image is an EL image, evaluate the cell
condition and classify it as healthy OR cell cracks.”

+ Condition description (+ Few-shot images, optional)

“If the image is an IR image, analyze thermal patterns

OR

(Mutticlass classification)

“If the image is a visible image of a PV module or
system, assess its surface condition: clean, snow, bird
droppings, dust/soiling, and hail crack.”

+ Condition description (+ Few-shot images, optional)

“If the image is an EL image, evaluate the cell condition
and classify it as healthy, minor cell cracks or severe
cell cracks.”

+ Condition description (+ Few-shot images, optional)

(base 64 format) to classify as healthy OR hot spot.

+ Condition description (+ Few-shot images, optional)

Probability Constraints

Structured Output Enforcement

“If the image is an IR image, analyze thermal patterns to
classify as healthy, minor hot spot, or severe hot spot.
+ Condition description (+ Few-shot images, optional)

“Return the classification results as a dictionary of probabilities, with each probability constrained to the
confidence rubric block that instructs the LLM to choose one rubric level (Low/Moderate/High/Very High).”

“Only return a JSON schema including predicted_class, confidence_level, and explanation.

Fig. 3. Overview of the hierarchical design for unified PV image diagnostic prompt. The prompt decomposes the task into PV image identification, image type
classification, and task-specific fault assessment with task routing, probabilistic constraints, and structured JSON output enforced at each stage. The designed prompt

supports two application scenarios: binary and multiclass PV image classification.

Few-shot dataset

(a) Binary classification (6) Multiclass classification (10)
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Fig. 4. Few-shot learning dataset. (a) visible, (b) EL, and (c) IR images. The dataset supports both binary and multiclass PV fault diagnosis tasks and is encoded into

the prompt to guide the multimodal LLMs.

To ensure smooth and robust operation of the framework, several
preventative functions are implemented to handle unexpected or
anomalous outputs, such as malformed JSON, incorrect or missing class
labels, inconsistent probability assignments, or incomplete responses.
These safeguards improve the robustness of the pipeline, prevent run-
time interruptions, and ensure reliable deployment of the proposed
framework under a wide range of real-world conditions.

2.6. Evaluation metrics

We evaluate classification performance using three effective metrics:
Effective Accuracy, Effective Precision, and the Effective F1 Score (Equa-
tions (1)—(5). These metrics are computed from True Positives (TP), True
Negatives (TN), False Positives (FP), and False Negatives (FN), and are
scaled by the success rate (Rgyccess, Equation (6). The success rate

represents the proportion of valid and complete outputs in the correct
JSON format. Since some LLMs may fail or generate invalid outputs for
certain image analyses, scaling ensures that reported performance re-
flects both predictive quality and output validity.

EffectiveAccuracy = (TP + TN) /(TP + TN + FP + FN)*Ryyccess @
Precision = TP/ (TP + FP) (2)
Recall = TP/(TP + FN) 3)
EffectivePrecision = Precision*Rsyccess (€]
EffectiveF1 = 2(Precision*Recall)/(Precision + Recall)*Rgccess 5)
Rguccess = NumberofvalidJSONoutputs / Totaloutputs (6)
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3. PV image diagnostic results

This section evaluates the proposed framework using the PV image
test dataset presented in Section 2.1. The framework with five LLMs
under few-shot/zero-shot mode is tested for both binary and multiclass
classification tasks. A summary of the results is shown in Fig. 5 with
detailed classification metrics listed in Table 2. Detailed classification
confusion matrices are listed in SI Section C.

It is shown that the proposed framework successfully handles the
diagnostic of heterogeneous PV images within a unified pipeline. For the
classification task, the binary classification task achieves higher accu-
racy than the multiclass task, since distinguishing between clean and
faulty PV modules is inherently simpler than identifying specific fault
types. Regarding the inference mode, few-shot learning generally out-
performs zero-shot learning, as shown in Fig. 5, with an improvement of
accuracy of 2.3-13.4%. Among the evaluated models, the proprietary
online models (GPT-5.1, Gemini 2.5 Pro, and Claude-Sonnet 4) out-
performed the open-source counterparts (Qwen3.5-9B and CLIP ViT-L/
14). This performance gap is expected, as proprietary models benefit
from substantially larger parameter counts, continuous updates, and
access to broader-scale pretraining data. The open-source models ach-
ieved competitive accuracy on visible PV images, but their performance
degraded notably on EL and IR modalities. In particular, Qwen3.5-9B
exhibited the largest drop on EL imagery, while CLIP ViT-L/14 under-
performed most on IR imagery. This modality-dependent gap likely re-
flects the underrepresentation of specialized PV imagery (EL grayscale
and IR thermal) in the pretraining corpora of open-source vision-lan-
guage models, which are predominantly trained on natural visible-light
images. As for the success rate, Gemini occasionally fails to analyze the
images, with a failure rate ranging from 6% to 23%, due to output errors
or invalid responses, as shown in Table 2. Comparatively, GPT and
Claude demonstrate a more stable and high success rate (near 100%).

From the perspective of PV image type, under the zero-shot mode,
the classification accuracy for IR images is notably lower than that for
visible and EL images (Table 2), with accuracy falling below 84%. This
performance gap is likely attributable to the more complex and subtle
visual patterns present in PV IR images, as well as their relatively limited
representation in the pretraining data of current multimodal LLMs when
compared to visible images.

Among the tested models, GPT with few-shot setting performs the
best, achieving a high average classification accuracy of 97.3% under
binary classification task, and 95% under multiclass classification task
across the three types of PV images. Detailed classification result of GPT
with few-shot setting is shown in Fig. 6.

From Fig. 6, overall, GPT-few shot achieves a good diagnosis
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performance across all the three types of PV images, with accuracy from
93 to 98%. For visible images, under binary classification task, 2 images
were misclassified (faulty identified as clean), where only part of the PV
array exhibits visible soiling, which likely led GPT to consider them as
clean. As for the multiclass classification task, 19 out of 250 images were
misclassified. Among them, 9 soiling images were similarly classified as
clean, and 6 bird dropping cases were confused with soiling, which is
reasonable given that the soiling or localized bird droppings can be
visually ambiguous.

Regarding the EL images, the misclassifications of GPT-few shot fall
into two main categories: healthy cells with background noise incor-
rectly identified as cracked, and minor cracks with faint dark lines or
scratches misclassified as severe cracks.

As for the IR images, most misclassifications for GPT involve healthy
modules being incorrectly labeled as hotspots. For the multiclass task,
some images are classified as hotspots due to bright areas near the
junction box, as seen in Fig. 6 — Images 5 and 6. Additionally, there is
some confusion between minor and severe hotspots, due to ambiguous
thermal patterns.

Overall, GPT-5.1 with few-shot is the best choice under the proposed
unified PV image diagnostic framework, with an accuracy over 93%
across visible, EL, and IR images under both binary and multiclass
classification modes.

4. Reliability of the diagnostic framework

This section further examines the reliability and practical issues
when implementing the proposed framework by analyzing result con-
fidence (Section 4.1), impact of prompt design (Section 4.2), response
time (Section 4.3), reproducibility (Section 4.4), and practical deploy-
ment in PV O&M (Section 4.5).

4.1. Confidence of results

The proposed framework converts the LLM outputs into a structured
result, where each output is a dictionary containing the predicted class
label, a confidence level selected from the four-tier rubric (Low /
Moderate / High / Very High), and a short rationale referencing the
visible evidence (see Section 2.2 and SI Section B). For analysis, the
rubric levels are mapped post hoc to numeric values of 0.25, 0.50, 0.75,
and 1.00 to enable quantitative comparison across models. We then
compute the Brier Performance Index (BPI) [57] as in (7), which mea-
sures how well the model's rubric-derived confidence values match the
true class outcomes while rewarding confident correct predictions and
penalizing confident incorrect ones. A BPI close to 1 indicates more
accurate and confident predictions, while a value close to 0 indicates
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Fig. 5. Summary of results. The proposed framework successfully handles the diagnosis of heterogeneous PV images within a unified pipeline. GPT under few-shot
mode achieves the best performance, with average classification accuracy of 97.3% (binary) and 95.0% (multiclass) across all the types of PV images.
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Table 2
Classification results of PV image test dataset using 5 LLMs.

Solar Energy 315 (2026) 114801

Image Model Binary classification Multiclass classification
Accuracy F1 Precision Success Accuracy F1 Precision Success
Visible GPT (Zero-shot) 0.98 0.98 0.98 1.00 0.92 0.92 0.93 1.00
Gemini (Zero-shot) 0.90 0.90 0.91 0.98 0.66 0.66 0.68 0.72
Claude (Zero-shot) 0.91 0.91 0.91 0.95 0.76 0.75 0.82 0.98
Qwen (Zero-shot) 0.90 0.90 0.92 1.00 0.72 0.71 0.77 1.00
CLIP (Zero-shot) 0.85 0.85 0.88 1.00 0.69 0.66 0.76 1.00
GPT (Few-shot) 0.98 0.98 0.98 1.00 0.93 0.93 0.94 1.00
Gemini (Few-shot) 0.94 0.94 0.94 0.97 0.79 0.79 0.82 0.90
Claude (Few-shot) 0.95 0.95 0.95 0.99 0.80 0.79 0.86 1.00
Qwen (Few-shot) 0.92 0.92 0.93 1.00 0.74 0.74 0.78 1.00
CLIP (Few-shot) 0.93 0.93 0.94 1.00 0.73 0.71 0.78 1.00
EL GPT (Zero-shot) 0.98 0.98 0.98 1.00 0.82 0.81 0.86 1.00
Gemini (Zero-shot) 0.79 0.79 0.79 0.80 0.72 0.68 0.79 0.91
Claude (Zero-shot) 0.96 0.96 0.96 1.00 0.80 0.79 0.82 1.00
Qwen (Zero-shot) 0.55 0.45 0.69 1.00 0.61 0.55 0.81 1.00
CLIP (Zero-shot) 0.68 0.64 0.80 1.00 0.62 0.58 0.76 1.00
GPT (Few-shot) 0.99 0.99 0.99 1.00 0.95 0.95 0.96 1.00
Gemini (Few-shot) 0.95 0.95 0.95 0.95 0.59 0.59 0.59 0.59
Claude (Few-shot) 0.96 0.96 0.96 1.00 0.91 0.91 0.92 1.00
Qwen (Few-shot) 0.56 0.47 0.66 1.00 0.63 0.59 0.82 1.00
CLIP (Few-shot) 0.86 0.86 0.89 1.00 0.75 0.72 0.82 1.00
IR GPT (Zero-shot) 0.84 0.84 0.88 1.00 0.84 0.84 0.87 1.00
Gemini (Zero-shot) 0.77 0.76 0.82 1.00 0.69 0.68 0.75 1.00
Claude (Zero-shot) 0.63 0.58 0.73 1.00 0.60 0.58 0.66 1.00
Qwen (Zero-shot) 0.74 0.72 0.83 1.00 0.81 0.79 0.85 1.00
CLIP (Zero-shot) 0.47 0.45 0.47 1.00 0.39 0.37 0.38 1.00
GPT (Few-shot) 0.95 0.95 0.95 1.00 0.97 0.97 0.97 1.00
Gemini (Few-shot) 0.84 0.84 0.85 0.94 0.83 0.83 0.85 0.97
Claude (Few-shot) 0.78 0.77 0.83 1.00 0.68 0.68 0.80 1.00
Qwen (Few-shot) 0.82 0.81 0.87 1.00 0.82 0.82 0.85 1.00
CLIP (Few-shot) 0.51 0.37 0.59 1.00 0.45 0.42 0.49 1.00

poor predictive performance. CLIP ViT-L/14 model is excluded from this
analysis as it does not generate rubric-based confidence but relies on
embedding-space similarity scores. The results for the four LLMs under
the few-shot setting across three PV image classification tasks are pre-
sented in Fig. 7.

1
BPI=1— NZL i —y.)? @

where, p; is the model's rubric-derived confidence; y; is the output status
(1 if output is correct, 0 if wrong); N is the number of images.

From the model perspective, GPT consistently attains the highest BPI
(> 0.97) across all three tasks, reflecting both strong classification ac-
curacy and well-calibrated confidence. Gemini performs comparably on
visible (0.98) and EL (0.98) but declines on IR (0.93), likely due to the
greater variability in thermal scale and color palettes within the IR test
set, which makes interpretation more challenging for current LLMs.
Claude follows a similar trend, remaining strong on visible (0.98) and EL
(0.98) with a modest decline on IR (0.95). Qwen, the open-weight model
evaluated, records consistently lower BPI across all tasks (0.89 on
visible, 0.73 on EL, 0.72 on IR), with the largest gaps emerging on EL and
IR imagery. This performance gap is consistent with the limited capacity
of open-weight multimodal LLMs on specialized imagery such as EL
grayscale and IR thermal images, which are underrepresented in their
pretraining corpora.

From the task perspective, the framework yields higher-confidence
outputs on visible and EL tasks across the proprietary models (GPT,
Gemini, and Claude), likely because EL cell images exhibit clear, local-
ized crack patterns and visible PV imagery is well represented in pre-
training data. The IR task is the most difficult for all proprietary models,
as reflected by the slight BPI drops in Gemini, Claude, and Qwen. In
contrast, Qwen shows comparably low BPI on both EL and IR, further
illustrating the modality-specific limitations of open-weight LLMs in PV
diagnostics.

To verify that the reported BPI values reflect genuinely informative

confidence rather than artifacts of high accuracy alone, we further
benchmark each model's rubric-derived BPI against three constant-
confidence baselines (c = 0.5, ¢ = 1.0, and ¢ = accuracy). The latter
constitutes the theoretical ceiling achievable by any uniform confidence
assignment under the Brier-based BPI formulation. Across all three
modalities and both GPT and Claude, the rubric-based BPI exceeds the ¢
= accuracy ceiling, with the most pronounced improvement observed on
Claude's IR predictions (A = +11.7%). This confirms that the rubric
mechanism produces per-sample confidence signal that cannot be
replicated by any constant assignment, validating the use of BPI as a
meaningful evaluation metric in this study. Detailed baseline compari-
sons are provided in SI Section D.

4.2. Impact of prompt design

To assess the value of the structured task-aware prompt, we con-
ducted a targeted ablation study comparing three prompt variants across
all models under zero-shot multiclass classification: (A) the full prompt
(proposed), incorporating both task routing and condition instruction;
(B) a partial prompt without condition instruction; and (C) a partial
prompt without task routing. The average multiclass classification ac-
curacies are reported in Table 3. CLIP is excluded from this ablation as
its embedding-based classification mechanism does not support analo-
gous prompt variants.

The results show that the proposed Prompt A consistently achieves
the highest accuracy across all four models, outperforming Prompt B by
3-6% and Prompt C by 14-19%. Removing task routing (Prompt C)
causes the largest degradation across all models, where GPT drops from
0.86 to 0.72, Gemini from 0.78 to 0.60, Claude from 0.80 to 0.61, and
Qwen from 0.67 to 0.51. This indicates that task routing is the more
critical component. Removing the condition instruction (Prompt B)
yields a smaller but consistent decline, confirming that explicit condi-
tion definitions further sharpen class discrimination. Notably, Qwen
exhibits the same degradation pattern as the proprietary models, sug-
gesting that structured task-aware prompting benefits open-weight
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Fig. 6. Diagnosis results using GPT-few shot under the unified diagnosis framework (a) binary classification results with confusion matrix and examples of mis-
classified images; (b) multiclass classification with confusion matrix and examples of misclassified images. GPT under few-shot mode achieves a high accuracy

(93-98%) across heterogeneous PV images.

multimodal LLMs as well, although its overall accuracy remains lower
due to model scale. Together, these findings demonstrate the comple-
mentary benefit of structured task-aware prompting.

4.3. Response time

Response time is an important factor when implementing the LLM-
based PV image diagnostic framework, especially in real-world appli-
cations where latency matters. Fig. 8 presents the distribution of infer-
ence times for five models: GPT, Gemini, Claude, Qwen, and CLIP, under
zero-shot and few-shot settings across three binary classification tasks
(visible, EL, and IR).

To ensure transparency and fair interpretation, we note the following
context: (1) GPT-5.1 and Claude-Sonnet 4 were accessed via their
standard developer API tiers; latency depends on API tier, geographic
region, server load, and input/output token count. Our queries used
approximately 1,500-2,200 input tokens (including Base64-encoded
images) and 80-150 output tokens per request. (2) Gemini 2.5 Pro
uses an extended reasoning (thinking) mode by default, which will in-
crease response time. (3) Qwen3.5-9B and CLIP ViT-L/14 were

evaluated locally as open-weight models on a MacBook Pro (2023, M3
Pro, 32 GB) using the integrated GPU. (4) Specialized inference pro-
viders (e.g., Groq [64], Together AI [65]) can deliver sub-second latency
for compatible open-source models such as CLIP, and commercial API
latency will vary across plans, providers, and time.

From the model aspect, CLIP, as a deterministic model, is much faster
than all other models, with an average response time within 0.4 s per
image. Among LLMs, Claude and GPT demonstrate the fastest perfor-
mance in the zero-shot setting, taking around 2-3 s per image. Gemini,
due to its default reasoning mode', takes an average inference time of
7-10 s per image with a notably wider distribution. Qwen exhibits high
variability across tasks: while its zero-shot inference is comparable to
GPT and Claude (~3-5 s), its few-shot inference is the slowest among all
evaluated models, reaching 12-17 s per image, particularly on the IR
task. This reflects the increased computational cost of processing mul-
tiple in-context image examples on the local hardware used for the open-
weight model.

From the task perspective, the EL task requires the least inference
time across most models. This is likely because the test EL images are
simpler in nature, being grayscale, smaller in size (20-50 kB), and more
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Fig. 7. Brier Performance Index (BPI) of four LLMs across three binary classi-
fication tasks. Proprietary models (GPT, Gemini, Claude) achieve high BPI on
visible and EL imagery (>0.98) but lower confidence on IR, indicating that
thermal imagery is more challenging due to greater variability in color palettes
and less distinctive defect patterns. GPT attains the highest BPI across all tasks
(>0.97), while the open-weight Qwen records consistently lower values, with
pronounced drops on EL (0.73) and IR (0.72), reflecting the limited capacity of
open-weight multimodal LLMs on specialized PV imagery underrepresented in
their pretraining data.

Table 3
Comparison of average multiclass classification accuracy using 3 types of
prompts.

Model Prompt A Prompt B Prompt C
(Full prompt, (No condition (No task
proposed) instruction) routing)

GPT 0.86 0.83 0.72

Gemini  0.78 0.72 0.60

Claude  0.80 0.74 0.61

Qwen 0.67 0.62 0.51

uniform with fewer complex visual patterns, which allows for faster
processing. The IR task tends to incur the longest inference time, espe-
cially in few-shot settings, due to its richer color information and the
additional reasoning required to interpret thermal patterns.

As for the few-shot setting, which yields better classification per-
formance (as presented in Section 3), the inference time increases by
approximately 67% compared to zero-shot on average, reflecting the
added computational overhead introduced by in-context examples. This
trade-off is most pronounced for Qwen3.5-9B, where few-shot latency
increases by 3—4 times over zero-shot. These observations emphasize the
trade-offs between accuracy and latency when choosing between zero-
shot and few-shot settings for time-sensitive applications and suggest
that proprietary API-based models currently offer a more favorable
balance for deployment scenarios where both accuracy and latency are
critical.

Note that the latencies reported here should be interpreted as
indicative benchmarks for the specific API configurations and hardware
used, not as absolute performance figures.

4.4. Reproducibility

For the LLM-based PV image diagnostic framework, considering the
non-deterministic nature of LLMs, the reproducibility becomes one
important factor. To assess the reproducibility, we conducted three
repeated runs for each binary classification task, Visible, EL, and IR,
using the same set of 100 images. In each prompt, we explicitly set the
‘temperature’ parameter to 0. For LLMs, ‘temperature’ controls output
randomness, where 0 makes responses deterministic, while higher
values increase variability. To maximize reproducibility, we document
the following for each model: exact model version identifier (GPT-5.1,
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Fig. 8. Distribution of inference time for five models (GPT, Gemini, Claude,
Qwen, and CLIP) under the proposed framework with zero-shot and few-shot
settings across three binary classification tasks (visible, EL, IR). Overall, the
few-shot setting increases inference time. CLIP, as a local deterministic model,
is the fastest, with an average response time under 0.4 s per image. Among
LLMs, Claude and GPT in zero-shot mode are the fastest, with a mean inference
time of approximately 2-3 s per image, while Gemini exhibits a slower and
wider response distribution (~7-10 s) due to its default reasoning mode. Qwen,
evaluated locally as an open-weight model, shows the largest few-shot over-
head, reaching 12-17 s per image on the IR task.

Gemini-2.5-Pro, Claude-Sonnet-4), API access date range, and approxi-
mate input/output token counts per query. This will allow the evalua-
tion conditions to be reproduced as closely as possible.

We visualize these results in Fig. 9, where the reproducibility pat-
terns of each model are shown across the 100 test samples for all three
tasks. We define a ‘Match’ as a case where all three outputs are identical,
indicating perfect reproducibility. A ‘Partial match’ occurs when at least
one of the three outputs differs. An ‘Invalid’ result is recorded when at
least one of the outputs is unrecognizable or cannot be interpreted.

As shown in Fig. 9, the framework with GPT or Claude exhibits high
reproducibility, with over 96% of samples yielding consistent pre-
dictions across all three runs. In contrast, Gemini displays a substantially
higher rate of invalid outputs (18-29%) and partial matches (4-6%).
Notably, most of Gemini’s invalid results occur when classifying clean or
healthy PV images, corresponding to the first 50 samples in Fig. 9 (a—c).

Despite the deterministic setting (temperature = 0), all tested
frameworks with different multimodal LLMs still exhibit a degree of
variability in their outputs. Nevertheless, GPT and Claude demonstrate
considerably greater stability compared to Gemini in the proposed
diagnostic framework.

4.5. Practical deployment in PV O&M

From a practical O&M standpoint, the proposed framework is well
suited as a rapid first-pass screening tool within existing drone-based
inspection pipelines. Its structured JSON output — containing the
class label, per-class confidence scores, and a natural-language rationale
— can be directly ingested by asset management systems (e.g., to flag
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Fig. 9. Reproducibility results of three LLMs (zero-shot) across three binary classification tasks: (a) Visible, (b) EL, and (c) IR. Each model was evaluated three times
on the same 100 images. Both GPT and Claude demonstrate high reproducibility, with the percentage of all-three-test matches exceeding 96%, highlighting their

stability of output under the proposed framework.

modules for follow-up inspection) without additional post-processing.
The zero-shot capability is particularly valuable for new plant types or
emerging fault signatures for which labeled training data are not yet
available. The main constraints for field deployment are API latency
(2-8 s per image for online models, see Section 4.3) and dependence on
internet connectivity; for sites with limited connectivity, the local CLIP
model provides offline operation at the cost of lower accuracy.

A promising direction for future investigation is a hybrid architec-
ture, in which the LLM-based framework performs initial screening and
confidence-weighted routing, while specialized deep learning models (e.
g., SegFormer [66] for hotspot localization, YOLO for crack extraction
[31]) handle precision-critical downstream tasks.

5. Discussion

Multimodal LLMs serve as the core of the proposed framework,
which brings a major advantage compared to image-trained deep
learning models (e.g., CNNs, YOLO, U-Net), including free of requiring
large-scale data, no tedious and task-specific training, and strong
generalization across PV image types. As evaluated in Section 3, the test
dataset reflects a wide range of real-world scenarios, including large
variations in image size, image format, shooting angle, brightness, scope
(from single PV module to entire array), presence of reflections from
surrounding, number of busbars (for EL cell image), and even thermal
palettes or color mappings (for IR images). Despite this high degree of
heterogeneity, the great majority of cases were correctly handled by the
LLM-based framework, achieving an overall accuracy of 97.3%. These
results highlight the robustness and practical applicability of multi-
modal LLMs applied in the framework.

Reproducibility is an inherent limitation when proprietary multi-
modal LLMs are used, since these models are continuously updated by
their providers and their internal weights are not publicly accessible. For
applications requiring fully reproducible results, open-source models
such as Qwen3.5-9B and pretrained deterministic models such as CLIP
can be employed. However, the performance of open-source models
remains inferior to that of state-of-the-art proprietary multimodal LLMs.
In this study, CLIP ViT-L/14 achieved an overall binary classification
accuracy of 66.7% in the zero-shot setting and 76.7% in the few-shot
setting, while Qwen3.5-9B reached 73.0% (zero-shot) and 76.7% (few-
shot), compared to 97.3% achieved by GPT-5.1 under few-shot condi-
tions. These results indicate that, while open-source and pretrained ViT-
based models offer reproducibility and the advantage of offline
deployment, state-of-the-art proprietary MLLMs demonstrate substan-
tially stronger performance on heterogeneous PV images.

To enhance reproducibility for LLM-based applications, as adopted
in this study, several practical strategies are recommended: (i) explicitly
reporting the exact model versions and API access dates, and fixing
decoding parameters (e.g., temperature = 0) to minimize stochastic
variation; (ii) including open-source offline models (such as CLIP and
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Qwen) as a reproducible baseline alongside proprietary models; (iii)
applying ensemble-based strategies such as repeated inference with
majority voting or confidence-based aggregation to stabilize outputs;
and (iv) releasing benchmark datasets, prompts, and inference scripts so
that the pipeline can be re-evaluated with any current or future LLM.

Although no traditional CNN model can operate across all three PV
image modalities, we compared the proposed framework against a task-
specific supervised CNN baseline [27] on the ELPV dataset as a repre-
sentative benchmark. The framework with GPT-5.1 achieves 83.5%
accuracy zero-shot, 2.8% lower than the proposed supervised CNN
model (86.3%), despite requiring no task-specific training. Moreover,
unlike the CNN baseline, which is restricted to a single modality and
task, the proposed framework operates uniformly across visible, EL, and
IR imagery, offering cross-modal generalization that single-modality
supervised models cannot provide.

The proposed framework is designed for classification of PV images,
where multimodal LLMs under this framework demonstrate strong
performance (like GPT-5.1). However, for more advanced and precision-
critical tasks, such as hotspot area localization, cell crack extraction, and
power loss quantification, their performance remains limited (see SI
Section E for details). Some pretrained computer vision models available
on Hugging Face, such as SegFormer [66] and RMBG [67], show po-
tential for specific image preprocessing tasks, including image seg-
mentation and object detection. These models could be further explored
or integrated with the proposed framework for future applications in the
PV domain. While the LLMs-based framework cannot yet fully replace
image-trained deep learning models, they are promising for pre-analysis
and classification, supporting downstream deep learning models in
delivering detailed diagnostics.

A potential limitation of evaluating commercial multimodal LLMs is
that the publicly available PV image datasets used in this study may
overlap with the models' training set, which cannot be fully verified for
closed-source models. Several observations, however, suggest that this
concern has limited impact on our findings. To directly test for potential
memorization, we evaluated the framework on a held-out subset of EL
images from the DuraMAT project (n = 32) [52], publicly released in
August 2025 — after the September 2024 knowledge cutoff of GPT-5.1.
The framework achieved 97% accuracy on this held-out set, consistent
with the 98% overall benchmark accuracy, providing direct evidence
that performance reflects genuine visual reasoning rather than memo-
rization. In addition, the relative performance trends across models,
modalities, and inference modes are consistent and interpretable, and
few-shot prompting yields a consistent 2.3-13.4% improvement over
zero-shot. Both observations are inconsistent with memorization-driven
results. Future evaluations on additional newly collected, non-public PV
image datasets will further help isolate any potential training-data
overlap.

The major contribution of this work lies in the systematic evaluation
and unified deployment of multimodal LLMs for heterogeneous PV
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image analysis, rather than in proposing a new model architecture or
learning algorithm. The underlying LLMs are used unmodified, with the
value coming from the unified prompting design, structured-output
handling, robustness safeguards, and benchmarking under realistic
diagnostic scenarios. Building on this foundation, a particularly prom-
ising direction enabled by this framework is to move beyond reliance on
a single PV image modality for diagnostics and instead integrate mul-
tiple complementary data sources to achieve a more comprehensive
assessment of PV module health. Such cross-modality inputs may
include combinations of visible, EL, and IR images, as well as the fusion
of 2-D images with 1-D production data such as power output and I-V
curves. This multimodal diagnostic setting is well suited to multimodal
LLMs, which naturally leverage cross-modal reasoning, enabling flexible
integration of heterogeneous inputs. Such capabilities of LLMs position
the proposed framework as a promising foundation for future Al
agent-based, expert-level diagnostic systems for large-scale PV
installations.

While the present study evaluates five representative models span-
ning closed-source frontier multimodal LLMs and open-source baselines
(Qwen3.5-9B and CLIP ViT-L/14), the proposed framework is model-
agnostic and can be readily extended to other multimodal LLMs as the
field evolves. In addition, future online proprietary models, such as
upcoming versions of the GPT, Gemini, and Claude series, can be
seamlessly integrated through standard API interfaces to deliver
improved performance.

Given the rapid release cadence and frequent deprecation of MLLMs,
we have released the benchmark PV image dataset publicly at
https://github.com/DuraMAT/PV-LLM to support continuous evalua-
tion of emerging models within the proposed framework. An interactive
web interface is also available for intuitive exploration of this LLM-based
framework for PV image diagnosis at https://pvtools.Ibl.gov/pv-image,
where users can upload images and view both the predicted class
probabilities and the accompanying natural-language explanations
generated by the LLM.

Key directions for future work include: (i) extending the framework
to fine-grained tasks such as defect localization, severity grading, and
degradation tracking by integrating specialized deep learning models,
where the LLM performs cross-modality screening and the specialized
models handle precision-critical tasks; (ii) integrating 2D PV images
with 1D operational data (e.g., I-V curves, power output, weather
conditions) within a single LLM-based reasoning pipeline to enable
advanced fault diagnosis and root-cause analysis at the system level; (iii)
validating the framework on larger, geographically diverse field datasets
covering a wider range of module technologies, mounting configura-
tions, and environmental conditions; and (iv) deploying the framework
as part of an Al-agent-level health monitoring system with closed-loop
feedback to inspection scheduling and asset management.

6. Conclusion

This work proposes a unified framework for heterogeneous PV image
analysis based on multimodal large language models (LLMs). By
leveraging task-aware diagnostic prompting, the framework enables
diagnosis of PV visible, electroluminescence (EL), and infrared (IR)
images within a single pipeline. Both binary and multiclass classification
and inference modes are supported. The proposed framework can
effectively accommodate diverse model types, including online LLMs
(GPT-5.1, Gemini 2.5 Pro, and Claude Sonnet 4) and local open-source
model (CLIP ViT-L14). Among these models, GPT-5.1 with few-shot
learning demonstrates outstanding performance, achieving average ac-
curacy of 97.3% across all image types. This framework leverages the
strengths of multimodal LLMs, including strong adaptability to diverse
input PV images in terms of image size, spatial scope, and viewing angle,
while avoiding modality-specific and task-specific training processes. It
is well suited as a rapid pre-screening tool for PV image analysis to
support detailed diagnostics. Moreover, this framework can seamlessly
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accommodate future LLMs and provide a promising foundation for
cross-modality PV diagnostics—such as the joint integration of 2D PV
images with 1D PV data (e.g., power data and [-V curves), toward Al
agent-level comprehensive health monitoring of PV systems.
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