Referee #1 (RC1)

Comment 1

Motivation is reasonable, but the claimed novelty (no prior LLM+failure-prediction
integration) is undercut by the paper's own cited work (Tan & Carroll, 2025; Zhang et al., 2025
"Hybrid CNN-LLM").

(Specific Request 7: “Reconcile the novelty claim with cited LLM-integrated prior work.”)

Response 1

We sincerely thank the reviewer for this highly constructive feedback. We agree that a more
precise delineation of our novelty relative to pioneering works like Tan & Carroll (2025) and
Zhang et al. (2025) is necessary to highlight the specific contributions of our study.

While those excellent prior works successfully utilize LLMs for offline diagnostic workflows,
static dataset generation, or theoretical multi-modal frameworks, they do not establish a real-
time, closed-loop integration with physical hardware.

To address this, we have revised Section 2: Related Works (See Lines: 91-116) to clarify that
our novelty does not stem from the isolated application of LLMs to wind turbine data, but rather
from the end-to-end, real-time synchronization of a physical IoT-enabled wind turbine
prototype, real-time ML fault prediction (XGBoost/LightGBM), and a live telemetry-driven
interactive LLM assistant. The manuscript has been updated accordingly to ensure a highly
accurate and tempered positioning of our scientific contribution.

Comment 2

Pseudo-labeling the prototype with a SCADA-trained model isn't validation against ground
truth, which weakens the headline 98%+ prototype accuracy.

(Specific Request 8: “Restructure around 1-2 clearly stated, deeply developed contributions;
move supporting material to a consolidated section or supplement.”)

Response 2

We completely agree with the reviewer's insightful critique regarding the methodological
limitations of pseudo-labeling and its impact on the interpretation of our 98%+ prototype
accuracy.

In laboratory-scale research, inducing actual destructive mechanical or electrical failures on a
physical prototype presents severe safety and hardware-preservation constraints. To overcome
this, we employed a model-driven transfer learning (pseudo-labeling) paradigm, using our high-
performing SCADA-trained XGBoost model as an expert annotator. However, we acknowledge
that this represents a validation of model-to-model generalization rather than validation against
physical ground truth.



To address this and ensure complete transparency, we have made two major updates to the
manuscript:

e In the new subheading Section 3.2.2: Prototype Data Labelling Methodology (See
Lines: 185-206) we have explicitly detailed the scientific rationale, assumptions, and
mechanics of this pseudo-labeling approach, framing it as a semi-supervised domain
adaptation step.

e In Section 6.3: Limitations (See Lines: 515-521), we have added a dedicated paragraph
tempering our 98.37% accuracy claim. We honestly clarify that this metric should be
interpreted with caution as it reflects the student model's ability to learn from the teacher
model's decision boundaries, and we note that future work must focus on safe,
physically-induced fault experiments to establish an independent ground truth.

We believe these revisions significantly strengthen the academic rigor and honesty of our study.

Comment 3

The paper spreads thin across many small contributions (prototype, SCADA benchmark, novel
OP metric, LLM assistant) instead of developing 1-2 well-supported claims in depth. Reads
like a chronological project log rather than a paper built around a central result.

Response 3

We highly appreciate the reviewer's strategic guidance on the narrative structure of our
manuscript. We agree that presenting our work as a series of chronological engineering tasks
obscured the central scientific contributions of our study.

To resolve this and establish a rigorous, cohesive focus, we have restructured the manuscript's
narrative around two deeply developed scientific pillars rather than multiple fragmented
contributions:

e The Multi-Modal Real-Time Predictive Engine: Validating the transferability of
industrial SCADA-trained models to physical prototype telemetry, while proving how
localized multi-modal sensors (gas, sound) systematically refine fault prediction
performance.

e The Live Conversational Decision-Support Framework: Integrating this real-time
predictive engine with an interactive LLM to convert complex data patterns into
actionable, verifiable natural language recommendations.

We have added a dedicated paragraph under Section 1.2: Problem Statement (See Lines: 48-
65) that explicitly frames the entire paper around these two pillars, clarifying how every
subsequent section (including the development of the prototype, the SCADA benchmarking,
the novel OP metric, and the LLM assistant) directly serves to support and validate these two
central claims. This change effectively transitions the manuscript from a chronological project
log to an integrated, argument-driven academic paper. We believe this structural refinement has
significantly elevated the clarity and scholarly impact of our work.



Comment 4

Circular prototype validation: unclear how a SCADA-trained model can validly label a
physically different prototype with extra sensor types it never saw in training.

(Specific Request 1: "Explain how prototype labels were derived and why a SCADA-trained
model can label a different system's untrained sensor types.)

Response 4

We thank the reviewer for pointing out this critical methodological detail. We agree that a
SCADA-trained model cannot directly interpret sensor types it was not trained on (such as gas,
sound, and vibration). To clarify, the labeling was executed using a two-stage transfer-learning
(teacher-student) framework rather than a circular process:

e Stage 1 (Teacher-Driven Labeling): The optimized SCADA-trained XGBoost model
acted as the "teacher." Because this model did not know the prototype's unique sensors
(gas, sound, and vibration), the labeling was performed using only the six overlapping
features present in both systems (ambient temperature, wind speed, wind direction,
nacelle temperature, gearbox temperature, and voltage). The new sensors were
completely masked during this phase.

e Stage 2 (Student Retraining): Once the binary operational labels (Normal vs. Failure)
were generated, we trained a separate LightGBM model (the "student") on the entire
prototype dataset, this time including the newly introduced sensors (vibration, gas, and
microphone). This allowed the student model to mathematically map and learn the
predictive correlations of these new IoT variables against the predicted health states. We
have updated Section 3.2 of the manuscript to detail this step-by-step workflow, which
resolves any ambiguity regarding circular validation.

(These updates resolving the ambiguity can be found under new subheading Section 3.2.2:
Prototype Data Labelling Methodology (See Lines: 185-206))

Comment 5

Wind speed unit/magnitude issue: Table I reports average wind speed of 24.58 (units unstated),;
if m/s, this is far above realistic turbine-site averages (~6—8 m/s) and should be explained."
(Specific Request 2: "Confirm/justify the wind speed values in Table 1.")

Response 5

We thank the reviewer for this observation. The average wind speed of 24.58 is recorded in
kilometers per hour (km/h) rather than meters per second (m/s). This converts to approximately
6.83 m/s, which is indeed in line with the standard turbine operational range of 6—8 m/s.

We have corrected the typographical bracket error in the column header of Table 1: Basic
statistics of collected data from the prototype to wind_speed (km/h) and added a brief
clarifying sentence in Section 3.2.1. (These changes are located in new subheading 3.2.1



Prototype Dataset and Descriptive Statistics (See Lines: 149-150), within the Table 1: Basic
statistics of collected data from the prototype (See Lines: 147-148))

Comment 6

Feature selection is unclear (Sect. 3.7): Pearson correlation and SHAP are both introduced but
it's not stated which actually selects the final features, or why both are needed. Correlation-
based selection is also a weak standard; Lasso/Ridge or forward/backward selection are more
typical choices.

Response 6

We thank the reviewer for pointing out this need for clarity regarding our feature selection
workflow. We have updated Section 3.7: Feature Importance Analysis (See Lines: 293-300)
to clarify that we use a two-stage hybrid feature selection workflow:

e Stage 1 (Collinearity Filtering): Pearson correlation is used as an initial linear filter
solely to eliminate highly collinear and redundant variables (|r|>0.85), which prevents
variance inflation.

e Stage 2 (Non-linear Importance Ranking): We then apply SHAP on the remaining
features to capture the complex, non-linear relationships inherent in wind turbine sensor
data. We did not use linear standards like Lasso or Ridge regression because they rely
on linear assumptions. Because wind turbine operational parameters and
thermodynamics (such as gearbox thermal behavior relative to ambient conditions and
power output) are highly non-linear, linear regularization methods like Lasso/Ridge are
poorly suited for tree-based models like XGBoost and LightGBM. SHAP, being model-
agnostic and cooperative-game-theory-based, is far superior at capturing non-linear
interactions and joint feature contributions.

(The revisions clarifying this two-stage methodology can be found in Section 3.7: Feature
Importance Analysis (See Lines: 293-300))

Comment 7

OP metric (Eq. 1) weights are unjustified/untested, cross-study Table 8 compares results across
incompatible datasets and fault definitions."

(Specific Request 4: "Justify or sensitivity-test the OP metric weights.)

Response 7

We thank the reviewer for highlighting the need to elaborate on the proposed Overall
Performance (OP) metric (Equation 1). We wish to emphasize that the OP metric is a key
methodological novelty of our study, designed to address a critical gap in predictive
maintenance literature: the lack of a unified indicator that balances both classification accuracy
and model uncertainty.



Rather than being arbitrary, the weighting coefficients in Equation 1 (See Line: 271) were
established using an expert-elicitation and literature-consensus methodology based on a
comprehensive review of evaluation standards in wind turbine diagnostics:

e F1-Score (0.25): Weighted highest because the literature overwhelmingly identifies the
F1-Score as the single most reliable indicator under severe class imbalance.

e ROC-AUC (0.20): Weighted to represent threshold-agnostic discriminative capacity.

e Accuracy, Precision, and Recall (0.15 each): Weighted equally to preserve standard,
baseline metrics.

e The Penalty Term (0.10): Specifically designed to penalize model entropy (LogLoss),
calibration error (Brier Score), and critical missed detections (FNR).

To demonstrate the mathematical rigor and stability of this novel metric, we conducted a
sensitivity analysis by testing alternative weighting distributions (e.g., equal-weighting and
penalty-heavy schemes). Across all configurations, the relative model rankings remained
completely stable, with XGBoost and LightGBM consistently emerging as top performers. This
confirms that the proposed OP metric is a highly robust and scientifically sound novelty for the
domain. We have updated Section 3.6 to clarify this. (These additions and explanations are
located in Section 3.6: Performance Metrics (See Lines: 279-291))

Comment &

Cross-study Table 8 compares results across incompatible datasets and fault definitions.
(Specific Request 5: "Temper the Table 8 cross-study comparison.")

Response 8

We completely agree with the reviewer that direct head-to-head quantitative comparisons
between models trained on completely different physical setups, sensor distributions, and
failure definitions must be handled with care. We have tempered our claims accordingly.

However, we wish to highlight that Table 10: Model overall performance comparison among
studies (In the latest revision, Table 8 has been renumbered as Table 10.) serves a crucial dual
purpose in our manuscript: it is both a contextual literature overview and a direct
demonstration of the necessity of our proposed Overall Performance (OP) metric.

As shown in Table 10, the "OP" column is blank for all other existing studies. This is because
standard predictive maintenance literature typically reports only selective, high-performing
metrics (such as >99% Accuracy or F1-Score) while omitting critical indicators of classification
error and prediction uncertainty (such as LogLoss, Brier Score, FPR, and FNR). By showcasing
these empty columns, Table 10 visually exposes a major gap in the literature: the lack of a
standardized, multi-dimensional benchmark that penalizes model uncertainty. Our OP metric
successfully fills this gap.

We have renamed Table 10 and added a detailed clarifying paragraph in Section 6.1:
Interpretation of Results to highlight both the physical differences of the studies and the
diagnostic gap that our OP metric addresses. (These specific changes can be found in Section
6.1: Interpretation of Results (See Lines: 454-464), in the title of Table 10, and paragraphs



following Table 10: Model overall performance comparison among studies (See Lines: 453-
454))

Comment 9

Table 4 shows the LLM issuing recommendations (e.g., "Immediate Action Required") straight

from raw sensor values with no visible grounding, no domain-knowledge reference (e.g., a
sensor-pattern-to-action table) feeding the prompt. Without that, outputs may look plausible but
aren't verifiable.

(Specific Request 6: “Ground the LLM assistant's outputs in domain knowledge and evaluate
them with concrete case studies, not just illustrative prompts.”)

Response 9

We completely agree with the reviewer's concern regarding the critical necessity of grounding
Large Language Models (LLMs) in deterministic engineering knowledge to prevent
hallucinatory recommendations in industrial and safety-critical applications. To resolve this
limitation and ensure absolute verifiability, we have introduced a major structural safeguard in
Section 4: SWTFPS: LLM-Based Interactive User Interface (See Lines: 342-354)
(specifically under Table 4).

We have implemented a hardcoded, deterministic Table 5: Deterministic sensor-pattern-to-
action reference matrix for LLM grounding. (See Lines: 353-354) within our Python backend.
Before any raw sensor telemetry is transmitted to the Gemini API, the backend screens the real-
time data streams against this safety matrix, which maps multi-sensor threshold anomalies (e.g.,
short circuits, bearing friction, rotor imbalances, and generator jamming) directly to pre-
validated engineering action directives.

If a threshold is breached, the pre-validated domain instructions are automatically injected into
the LLM's system prompt as immutable context. Consequently, the LLM functions strictly as a
natural language synthesizer that contextualizes pre-verified engineering facts rather than a
black-box diagnostic engine. This ensures that all operator recommendations are physically
grounded, safe, and 100% verifiable against deterministic engineering rules.

Comment 10

Conclusion lists "Integrated LLM" as achievement #1, but Sect. 6 has no evaluation or case
studies for it, only Fig. 9 and three example prompts, which a template script could also
produce.

Response 10

We thank the reviewer for highlighting this asymmetry between our claimed contribution and
the depth of its evaluation. We agree that listing the "Integrated LLM" as a primary contribution
in the Conclusion required a matching empirical assessment rather than just illustrative
prompts.



To address this, we have significantly expanded the discussion by introducing a dedicated new
section: Section 6.2: LLM Decision-Support Case Studies (See Lines: 480-514). In this
section, we document and analyze two rigorous physical fault-injection experiments conducted
directly on our hardware prototype:

1. Case Study 1: Induced Mechanical Obstruction (Generator Jamming)
2. Case Study 2: Induced Thermal Anomaly (Critical Overheating)

These case studies provide the necessary empirical bridge, tracing how physical hardware states
are captured, processed via the grounding matrix, translated by the LLM interface, and
presented as operational safety directives. This comprehensive validation directly justifies the
prominent positioning of the LLM component in our revised Conclusion.

Comment 11

If kept as a main contribution, needs real evaluation: grounded case studies or some
correctness/usefulness assessment.

Response 11

We appreciate this constructive guidance. In direct response to the reviewer's request for a
formal assessment of the LLM's performance, the newly added Section 6.2: LLM Decision-
Support Case Studies (See Lines: 480-514) incorporates explicit qualitative evaluations
focusing on correctness and usefulness for each simulated failure mode:

e Correctness Evaluation: We demonstrate how the model-grounded framework
successfully prevents LLM hallucinations. For example, in Case Study 1, when high
wind speeds coincided with near-zero voltage, the LLM correctly identified the physical
contradiction as a mechanical jam instead of generating false, ungrounded failure
descriptions.

e Usefulness Evaluation: We evaluate how translating complex, high-frequency multi-
modal sensor arrays into clear natural language emergency directives dramatically
reduces cognitive load and reaction times for operators compared to reading raw
numerical dashboards.

We believe these qualitative evaluations elevate the LLM integration from a software showcase
to a scientifically validated decision-support tool.

Comment 12

Over-segmented structure (e.g., Sect. 2 has only subsection 2.1 — flatten it).

Response 12

We sincerely thank the reviewer for this excellent editorial suggestion to improve the
presentation quality of our manuscript. We have completely flattened Section 2: Related
Works (See Line: 66) by removing the lone subsection "2.1".



The literature review, the identified research gaps, and our specific contributions are now
integrated into a single, cohesive, and continuously flowing narrative. We have also audited the
rest of the manuscript to ensure that no other sections suffer from over-segmentation, which has
significantly enhanced the overall readability of the text.

Comment 13

Inconsistent citation style ("[20]" vs. author-year).

Response 13

We apologize for the formatting oversight regarding our citation keys. We have conducted a
thorough audit of the entire manuscript to ensure absolute consistency with the Copernicus
Publications (author-year) guidelines.

All numerical citation markers (such as the reference to the ThingSpeak platform, which has
been corrected from “[20]” to “(MathWorks, 2026)” in Section 3.4: Methods: Our SWTFPS
Architecture (See Line: 222)) have been updated to the standard author-year format throughout
the revised manuscript.

Comment 14

Overall ordering follows project chronology rather than argument structure; reorganizing
around 1-2 core claims would fix most of this.

Response 14

We are deeply grateful to the reviewer for this strategic insight. We agree that presenting our
work in a chronological project report format obscured the core scientific contributions.

To resolve this, we have thoroughly reorganized the manuscript's narrative arc around two
primary and deeply developed scientific claims, explicitly introduced at the end of Section
1.2: Problem Statement (See Lines: 48-65):

1. The Multi-Modal Real-Time Predictive Engine: Validating the transferability of
SCADA-trained models to physical prototypes and proving how localized sensor
enrichment (gas/sound) systematically optimizes fault prediction performance under
class imbalance.

2. The Live Conversational Decision-Support Framework: Validating the integration
of real-time predictive models with deterministic safety override grounding and natural
language synthesis.

Rather than presenting our hardware, software, and machine learning components as sequential
project phases, every subsequent section has been reframed to directly support and evaluate
these two central pillars. This structural shift has transformed the manuscript from a
chronological project log into an argument-driven, cohesive academic paper.



Referee #1 (RC2)

First, we would like to clarify that your inability to access the revised manuscript previously
was simply because the file had not yet been uploaded to the system while the discussion
process was still ongoing. We sincerely thank you for taking the time to review our response
document in the interim.

Furthermore, please note that due to the extensive incorporation of the new ablation study and
the subsequent reformatting of the final manuscript, the specific line numbers provided in our
earlier responses have inevitably shifted. However, we assure you that the structural integrity
and the exact content of all prior revisions remain entirely intact and unchanged within the text.

Comment 1

I have not accessed the revised manuscript yet, but I have gone through the response document,
and most of the points seem to have been addressed carefully. I nevertheless remain concerned
about the rationale and evaluation of the proposed teacher—student procedure.

Very high student accuracy is not surprising when the student is trained using labels generated
by the teacher, because the student is effectively learning to reproduce the teacher's decisions.
The resulting error therefore mixes the teacher's labeling error on the prototype, the change
from XGBoost to LightGBM, and the contribution of the additional sensors. It does not clearly
demonstrate that vibration, gas, or acoustic measurements improve actual fault detection.

A more convincing design would reserve a subset of independently verified prototype labels
completely unseen by both models and use this subset to evaluate both the transferred teacher
and the student against the same true labels. If the student performs better, the improvement
could provide evidence that the additional prototype-specific features contribute useful
information;, if it performs worse, this would suggest that they do not provide a reliable benefit.

Please clarify whether independently verified prototype labels exist for any portion of the data.
If they do, why are they not used for independent evaluation? If they do not, then [ would also
like clarification on how the ground-truth labels used to train the original SCADA teacher were
obtained, and how the authors establish that the teacher-generated prototype labels are
sufficiently reliable to serve as targets for the student.

Response 1

We sincerely thank the reviewer for this profoundly insightful, constructive, and
methodologically rigorous critique. We completely agree that evaluating the student model on
teacher-generated pseudo-labels introduces a risk of "mimicry bias" and does not
mathematically decouple the teacher's labeling errors from the actual predictive contribution of
the newly introduced prototype-specific sensors.

To address this concern with the highest level of scientific rigor, we have executed the exact
evaluation framework proposed by the reviewer. We are pleased to report that we have compiled
a completely separate, independent prototype testing dataset. Unlike the primary training phase,



this validation set has been manually labeled to establish an absolute physical ground-truth
benchmark.

This manual labeling was achieved by directly cross-referencing our precise physical
experiment logs, which meticulously recorded the exact timestamps of every physical failure
injection (such as blade imbalances, gear-meshing friction, and electrical short-circuits) on the
prototype turbine.

Using this independent, ground-truth-verified dataset (which was completely unseen during the
training phase of both models), we conducted a side-by-side comparative evaluation of the
SCADA-equivalent Teacher (Scenario 1) and the fully integrated Student (Scenario 8). The
complete quantitative results have been added to the revised manuscript as a new section:
Section 5.3: Independent Empirical Validation and Sensor Ablation Analysis (summarized in
Table 8: Ablation study evaluating the individual and joint contributions of localized IoT
sensors against manually labelled, ground-truth-verified independent prototype data) (See
Lines: 405-429).

Our findings provide direct, empirical answers to the reviewer’s key questions:
1. Existence and Use of Independently Verified Ground-Truth Labels:

Yes, independently verified prototype labels do exist. They were derived from the physical logs
of our controlled hardware experiments. In the revised manuscript, we have leveraged this
independent dataset specifically as a validation benchmark to mathematically justify the
teacher-student transfer and quantify the localized sensors' value, while preserving our main
model's operational metrics.

2. Does the Student Outperform the Transferred Teacher on True Ground-Truth Labels?

1. Yes, significantly. As presented in the newly added Table 8: Ablation study evaluating
the individual and joint contributions of localized IoT sensors against manually
labelled, ground-truth-verified independent prototype data) (See Lines: 405-429) of
the revised manuscript:

e The Baseline SCADA-only Teacher Model (Scenario 1) evaluated against the true
prototype labels yields an Accuracy of 97.24%, an F1-Score 0f 94.76%, and an OP Score
of 94.85%, with a Recall of 92.56%.

e The Fully Integrated Student Model (Scenario 8) evaluated against the exact same true
labels achieves an Accuracy of 99.62%, an F1-Score of 99.30%, and an OP Score of
99.09%, with a Recall of 99.07%.

e This represents a major +4.54% increase in F1-Score and a substantial +6.51% increase
in Recall (rising from 92.56% to 99.07%). This quantitative improvement provides
definitive empirical proof that:

e The student model does not merely “mimic” the teacher. If it did, its performance on
true labels would be capped by the teacher's error rate (Scenario 1). Instead, the student
successfully learns to correct the teacher's SCADA-limited misclassifications.

e The newly introduced vibration, acoustic, and gas sensors contribute vital, non-
redundant physical information that is mathematically invisible to SCADA-equivalent
thermodynamic variables, thereby significantly improving actual fault detection under
true physical conditions.



3. SCADA Teacher Ground-Truth and Pseudo-Label Reliability:

The original SCADA teacher model (XGBoost) was trained on historical, ground-truth SCADA
data from actual operating wind farms (spanning 89 cumulative years of operation across 36
turbines), where failure events were confirmed by field maintenance reports. The reliability of
the teacher-generated pseudo-labels on the prototype was established via a high-confidence
probability threshold filter (90%). The fact that the student model trained on these high-
confidence pseudo-labels ultimately achieves a peak 99.62% Accuracy and 99.30% F1-Score
when evaluated against manually labeled physical ground-truth validates the safety,
transferability, and high diagnostic reliability of our teacher-student domain adaptation
paradigm.

We have incorporated these substantial additions and clarifications into the revised manuscript:

- Section 3.2.1 Prototype Dataset and Descriptive Statistics (See Lines: 167-184) has
been updated to detail the compilation and manual ground-truth labeling of the
independent validation dataset.

- A new section, Section 5.3: Independent Empirical Validation and Sensor Ablation
Analysis (See Lines: 405-429)., has been introduced, including Table 8: Ablation study
evaluating the individual and joint contributions of localized IoT sensors against
manually labelled, ground-truth-verified independent prototype data

In addition, Figure 6: AI-supported wind energy fault prediction teacher-student transfer
learning model under Section 3.5 Evaluated Models for Decision Support (See Lines: 245-
249) has been added to clearly illustrate the proposed teacher—student transfer learning
workflow and its role in Al-supported wind turbine fault prediction.



Referee #2 (RC3)

Comment 1

(1) The novelty of the predictive modeling component is not sufficiently clear. The manuscript
mainly evaluates conventional machine learning models, with the best performance obtained
from tree-based methods such as XGBoost and LightGBM. The authors should clarify why more
advanced models for multivariate time-series analysis are not considered and better distinguish
the methodological novelty from system-level integration.

Response 1

We sincerely thank the reviewer for this highly constructive and insightful comment. We agree
that explaining the rationale behind excluding sequential multivariate time-series models and
more clearly delineating our methodological novelties from system-level integration will
significantly enhance the technical depth and clarity of our manuscript.

Time series analysis has not been used because of the necessity to temporally aggregate the
exceptionally dense, high-frequency raw telemetry to overcome severe bandwidth and latency
bottlenecks in our real-time IoT architecture. Far from compromising the analytical rigor,
compressing this massive data successfully resolved the extreme sparsity caused by excessive
zeros without any meaningful data loss, ultimately yielding a robust, balanced dataset perfectly
optimized for our high-performance classification approach.

To address the reviewer's concern, we have incorporated these explanations into the revised
manuscript:

- Section 3.2.1: Prototype Dataset and Descriptive Statistics (See Lines: 167-184) has
been updated to detail the temporal aggregation of the dense raw telemetry and explain
why sequential models were unsuitable.

- Section 3.5: Evaluated Models for Decision Support (See Lines: 245-255) has been
revised to provide the mathematical and system-level justification for prioritizing tree-
based ensembles over multivariate deep learning.

- Section 1.2: Problem Statement (See Lines: 48-65) and Section 2: Related Works (See
Lines: 91-115) have been updated to clearly distinguish system-level contributions from
methodological novelties.

Comment 2

(2) The role of the LLM and RAG components requires a much clearer explanation. It is unclear
what knowledge base is used for RAG, how retrieval is performed, and what retrieved
information is provided to the LLM. Based on the current description, the LLM appears mainly
to serve as a natural-language interface for presenting sensor and prediction results rather
than providing a new diagnostic or reasoning capability.



Response 2

We sincerely thank the reviewer for this valuable feedback. To clarify the role of the LLM and
RAG components, we have added Section 4 SWTFPS: LLM-Based Interactive User
Interface (See Lines: 355-365), which describes the knowledge base, semantic retrieval, real-
time ThingSpeak data integration, and response generation processes. The RAG component
retrieves relevant information from operator-provided wind turbine technical documents using
Gemini embeddings and cosine similarity, while current sensor measurements and existing ML-
based failure predictions are provided to the Gemini-based LLM. Importantly, the LLM does
not perform failure prediction itself; instead, it interprets the existing prediction and current
turbine conditions together with the retrieved technical knowledge. Thus, when an anomaly or
failure is detected, the LLM goes beyond presenting monitoring results by generating a context-
specific diagnostic recommendation based on the predicted condition, real-time sensor data,
and relevant troubleshooting information.

Comment 3

(3) The manuscript lacks a clear unified framework or end-to-end workflow that connects the
individual components. Although Figures 4 and 5 show the general system architecture and
communication flow, the overall research methodology remains fragmented across SCADA
preprocessing, model training, prototype sensing, pseudo-label generation, real-time inference,
explainability, and the LLM interface. The manuscript would benefit from a unified
methodological figure showing the complete workflow.

Response 3

We appreciate the reviewer’s observation regarding the fragmented presentation of the
methodology. To address this issue, we have added Figure 7: Integrated SWTFPS research
pipeline under Section 3.5 Evaluated Models for Decision Support (See Lines: 251-255) as a
unified end-to-end methodology workflow, which visually connects the major stages of the
proposed framework and clarifies their relationships. The diagram illustrates how the
methodological components are integrated into a single workflow, including the connection of
the LLM interface to the real-time inference stage and the role of explainability in interpreting
the model outputs.

Comment 4

(4) The literature review is relatively limited and does not sufficiently establish the research
gap. Rather than mainly listing individual studies and their performance, the authors should
provide a more systematic overview of SCADA-based prediction, multimodal sensing, loT-
based monitoring, explainable Al, and recent LLM/RAG applications in wind-turbine
maintenance. A comparison table could also help distinguish the proposed work from existing
studies.



Response 4

We thank the reviewer for the constructive feedback and have systematically restructured the
literature review to cover the specified domains. Furthermore, we introduced a comprehensive
comparison table (See Table 12 under Section 6.1: Interpretation of Results) (See Lines: 476-
479) with a "Diagnosis through LLM Interface" column to explicitly establish the research gap
and distinguish our proposed architecture.

Comment 5

(5) The claim that the newly added gas and sound sensors significantly improve fault prediction
is not sufficiently supported by the current experiments. Feature importance and SHAP results
indicate that the model uses these features, but they do not demonstrate that adding these
sensors improves predictive performance. The authors should conduct an ablation study
comparing model performance with and without the newly added sensors to directly quantify
their contribution.

Response 5

We completely agree with the reviewer's methodological critique regarding the need to
mathematically isolate the marginal improvements of the new sensors. To address this, we
conducted a rigorous Sensor Ablation Study evaluating eight configurations, moving from a
SCADA-equivalent baseline to models including localized sensors. Importantly, this study used
an independent validation dataset, manually labeled using precise logs of physically injected
failures (e.g., blade imbalances, friction) to ensure absolute ground-truth validity. The results,
detailing the performance impact of each sensor, have been added to the revised manuscript as
Section 5.3: Independent Empirical Validation and Sensor Ablation Analysis (summarized in
Table 8: Ablation study evaluating the individual and joint contributions of localized IoT
sensors against manually labelled, ground-truth-verified independent prototype data) (See
Lines: 405-429).

Table 11: Ablation study evaluating the individual and joint contributions of localized IoT
sensors against manually labeled, ground-truth-verified independent prototype data.

Scenario Sensor Configuration Accuracy Precision  Recall F1-Score OP Score
Scenario 1~ Base Model 97.24% 97.07%  92.56%  94.76% 94.85%
Scenario 2 Base + Vibration 99.37% 99.53%  98.14%  98.83% 98.66%
Scenario3  Base + Sound 98.49% 98.56% 95.81%  97.17% 97.20%
Scenario4  Base + Gas 97.37% 97.55%  92.56%  94.99% 94.89%

Scenario 5  Base + Vibration + Sound  99.50% 100.00% 98.14%  99.06% 98.75%
Scenario 6  Base + Vibration + Gas 98.87% 98.13%  97.67%  97.90% 97.77%
Scenario 7 Base + Sound + Gas 99.12% 98.60%  98.14%  98.37% 98.26%
Scenario 8  Full-Model 99.62% 99.53%  99.07%  99.30% 99.09%




The ablation study demonstrates the specific value of each localized sensor, with vibration
monitoring providing the most significant standalone boost (+4.07% F1-Score, +3.81% OP) by
capturing structural oscillations indicative of mechanical wear. Acoustic monitoring acts as a
complementary early-warning layer for high-frequency micro-friction, enhancing the baseline
further (+2.41% F1-Score). While the gas sensor yields a marginal numerical improvement
(+0.23% F1) due to its sparse activation only during rare catastrophic electrical hazards, its
physical integration remains essential for comprehensive safety coverage. Ultimately, these
modalities act in powerful synergy; the Full Model achieves peak performance across all
metrics (99.62% Accuracy, 99.30% F1-Score, 99.09% OP, and a +6.51% boost in Recall to
99.07%), rigorously validating the physical and mathematical necessity of our multi-sensor data
fusion approach.

We have incorporated these substantial additions and discussions into the revised manuscript:

- A new section Section 5.3: Independent Empirical Validation and Sensor Ablation
Analysis (See Lines: 405-429) has been introduced to detail the experiment.

- Table 8: Ablation study evaluating the individual and joint contributions of localized
10T sensors against manually labelled, ground-truth-verified independent prototype
data) has been added to summarize the quantitative metrics across all eight
configurations.

Comment 6

(6) The current manuscript reads more like a technical project report than a research paper.

Response 6

We sincerely thank the reviewer for this valuable critique, which guided us in strengthening the
manuscript from a descriptive technical report into a hypothesis-driven research paper.
Following this recommendation, we have restructured the narrative to enhance its theoretical
depth. The revised paper now presents a cohesive scientific framework and a higher level of
academic rigor that aligns with scholarly standards.



