
Author’s Response 

Dear Editors and Reviewers, 

Thank you for your valuable comments on our manuscript entitled “MIPV-NWP-PINNs V1.0: Development of a Multi-

scale Photovoltaic Power Forecasting Framework Integrating Numerical Weather Prediction with Physics-Informed 

Neural Networks” (MS No.: EGUSPHERE-2025-4439). Those comments are greatly helpful for improving our 

manuscript. We provided point-by point replies to your comments and revised the manuscript accordingly (in blue). 

The comments (in blue) are copied here and responses to the comments (in black) are as follows: 

Response to Editor:  

Comment1: The Zenodo repository that you have provided does not seem to contain the WRF model used for your 

work. Also, I have not found in it model output files for the simulations that you mention in your manuscript.  Therefore, 

the current situation with your manuscript is irregular. Please, publish your the WRF code and data in one of the 

appropriate repositories according to our policy and reply to this comment with the relevant information (link and a 

permanent identifier for it (e.g. DOI)) as soon as possible, as we can not accept manuscripts in Discussions that do not 

comply with our policy. 

Also, you must include a modified 'Code and Data Availability' section in a potentially reviewed manuscript, containing 

the information of the new repositories. 

Response: Thank you for your detailed assessment of our manuscript and for bringing the non-compliance with the 

‘Code and Data Policy’ to our attention. We sincerely apologize for this oversight in our initial submission. We fully 

appreciate the critical importance of reproducibility and transparency in Geoscientific Model Development. 

We have taken immediate steps to address your concerns and have significantly updated our repository to ensure full 

compliance with the journal's policy. Specifically, we have implemented the following updates: 

1. WRF Model Code and Configuration 

As requested, we have archived the exact source code of the WRF model used in our study. To further ensure the 

reproducibility of our operational forecasting workflow, we have also included: 

(a) The forecasting scripts (namelist.wps and namelist.input). 

(b) FNL reanalysis data used for initial and boundary conditions. 

2. Model Output Data 

We have uploaded the specific model output files required to reproduce the results presented in the manuscript. This 

includes: 

(a) The output data following GHI correction. 



(b) The PV power output comparison data across different prediction scales. 

3. Enhanced Documentation 

To assist users, we have added detailed README files for the datasets and code components. These documents provide 

comprehensive data descriptions and step-by-step workflow instructions. 

4. New Repository and DOI 

All updated code, scripts, and data are now available on Zenodo under the following permanent 

identifier: DOI: https://doi.org/10.5281/zenodo.17850993. We confirm that the ‘Code and Data Availability’ section in 

the revised manuscript will be updated to cite this new DOI and describe the available resources. 

We believe these additions satisfy the GMD Code and Data Policy. We remain committed to open science and hope these 

materials will be valuable to the community. 

For the Editor:  

According to the referee’s comments, the figures have been modified as required:  

1. We have included nine figures in the Supplementary Material. Figure S1 corresponds to the original Figure 11(c), 

providing a clearer comparison between GHI and 𝑮𝑷𝑶𝑨. Figure S2 presents the newly added sensitivity analysis for 

parameters 𝝀 and 𝒌. Figures S3–S9 illustrate the comparative evaluation of GHI before and after correction for the 

year 2025 across six different stations. 

2. Due to the relocation of the GHI discussion to an earlier section, the current Figure 3 now corresponds to the original 

Figure 11(a) and (b). Additionally, other figure numbers have been adjusted as follows: the original Figure 3 has been 

renumbered as Figure 4, and the original Figures 4 and 5 have been merged into the current Figure 5. Consequently, the 

original Figures 12–15 have been renumbered as Figures 11–14, respectively. Finally, a new figure illustrating the SHAP 

analysis has been added as Figure 15. 

3.We have refined the discussion regarding future research directions in the Conclusions section. Please refer to Page 23, 

Lines 482–484. 

Response to Referee #1:  

The manuscript argues that better forecasting of solar PV generation at a higher temporal resolution is necessary for solar 

PV infrastructure analysis. This becomes even more important because large overestimation of solar PV generation is 

observed in the authoritative datasets. The authors propose to correct for this bias by introducing a Physics informed 

itransformer model. The authors also take us through the full forecast pipeline all the way from GNI forecasting to 

comparative PV power forecasting results. The authors claim that their PINN-itransformer model provides higher fidelity 

and better accuracy in very short-term PV power forecasting, but may still lack in relatively long term forecasting tasks.  

https://doi.org/10.5281/zenodo.17850993


While the manuscript is surprisingly well written and concise, I do have some general comments to help communicate 

the manuscript better. 

Response: We sincerely thank you for reviewing our manuscript. We appreciate your positive comments regarding the clarity 

and significance of our work, as well as the detailed and constructive feedback you provided. We have carefully considered 

each point and revised the manuscript accordingly. 

Reviewer comment 1: “A) Why ‘The initial 12 hours of each simulation run were discarded’. Add more context here on 

why only 12 and what happens when you discard this initial forecast?” 

Response: We appreciate the reviewer’s request for clarification on this critical detail. We have implemented the following 

revisions in the manuscript to clarify this question:  

In the WRF model, the atmospheric state at the initial time is typically imbalanced. The ‘spin-up’ period is employed to allow 

the model’s internal physical variables (such as soil moisture and cloud microphysics) to reach thermodynamic equilibrium. If 

this period is not discarded, the pronounced fluctuations present at the beginning may contaminate the subsequent weather 

prediction results (Mallard et al., 2026). We have added the revised text to Page 5, Lines 113-116. 

Reviewer comment 2: B) Clarity is required on what is meant by - itransformer, physics-itransformer, PC-itransformer, 

PINN-itransformer. These terminologies are used further in the results section. What I find is that the writeup for these models 

in data and section seems to look OK, but it is confusing due to cross referencing with previous published work. I suggest that 

more details and fundamental information be added in the 4 models to make it accessible for readers. 

Response: We appreciate the comment regarding the clarity of our model terminology. To address this, we have expanded 

Section 2 to provide a more self-contained explanation of each model variant. We have also clarified the hierarchy of these 

models to show how each adds a specific layer of physical constraint or architectural refinement. To further improve 

accessibility, we have added a Summary Table (Table 1) in Section 2 that compares these four models. This allows readers to 

quickly identify the novelty of the PINNs-iTransformer relative to the other variants. All changes are highlighted in blue in the 

revised manuscript (Page 10, Lines 241-264) for the reviewer’s convenience.  

Reviewer comment 3: “C) GPOA is used here, but defined only in the results section. I suggest rewriting the description of 

models from scratch, do not assume that the readers would have read the referenced work by Fan, Sun et al. etc. before. I 

would suggest that the authors follow this pattern: § Describe the model in plain English by adding what the model can do and 

give an application example § Describe the core functioning of the model, its equations and layer description § Describe in 

detail how this model will be used in the subsequent steps/validation studies. eg. 𝒅𝑷(𝒕)/𝒅𝒕 = −𝒌·(𝑷̂(𝒕)−𝑷𝒆𝒒(𝒕)) this equation 

just comes from nowhere and we do not get a context on why this is important. The only pointer is that some components eg. 



equilibrium is defined from Fan et al. paper.” 

Response: We are grateful for the comments on improving the clarity and organization of our methodological description. In 

line with the reviewer’s suggested presentation, we have revised the descriptions of the 𝑮𝑷𝑶𝑨 calculation and the PINNs-

iTransformer framework as follows: 

1.The definition and physical significance of 𝑮𝑷𝑶𝑨 are now introduced at its first occurrence in Section 2.4, ensuring readers 

understand its role as the primary driver for PV power before reaching the results. 

2. In Section 2.5.2, we have restructured the description of the PINNs component to improve readability and physical 

interpretability:  

(1). We state explicitly, in plain language, that the PINNs term serves as a mathematical regulator that discourages physically 

inconsistent predictions. 

(2). We introduce and define the equilibrium power (𝑷𝒆𝒒 ) and the learnable relaxation coefficient (𝒌 ), and clarify 

that 𝑷𝒆𝒒 denotes the theoretical steady-state power implied by the instantaneous meteorological conditions.  

(3). We describe the discretization procedure (forward difference) and explain how the physics-informed loss (𝓛𝒑𝒊𝒏𝒏 ) is 

incorporated into the total loss to guide the optimization.  

(4). We add an explicit rationale for adopting the relaxation-ODE formulation: it provides a restoration mechanism that drives 

the predictions back toward physical consistency when they deviate from the theoretical equilibrium. 

All changes are highlighted in blue in the revised manuscript (Pages 6-7, Lines 143-180 and Page 9, Lines 214-240) for 

the reviewer’s convenience. We believe these revisions have substantially improved the clarity of our description. 

Reviewer comment 4: A) GHI correction: the 400/100/400 split is counterintuitive, Here you are loosing nearly 50% of 

your data points. I would suggest using stratified sampling and doing 10 fold cross validation technique to use all data for 

training and prediction. e.g. in the 10 fold cross validation 90% of the samples are used for training and 10% for validation, 

this is then used in conjunction with rolling window approach to use all data for training. If this is unsuitable then do 

700/100/100 split. 

Response: We fully agree with the reviewer’s assertion that the data should be used in a reasonable and comprehensive manner. 

We recognize that our original description was insufficiently clear and may have led to a misunderstanding. We would like to 

clarify the methodology’s actual meaning and provide our rationale below. 

1. Clarification of Data Usage and the Rolling Prediction Mechanism 

The “400/100/400” split denotes three consecutive temporal phases within a continuous time series, rather than a random 

partition of the dataset. In fact, no data are discarded throughout the evaluation process. Specifically, the training phase (Steps 

1–400) is used to initially optimize model parameters. The validation phase (Steps 401–500) is used for hyperparameter tuning 

and for implementing early stopping strategies to prevent overfitting. Finally, the test phase (Steps 501–900) is reserved for an 



independent and unbiased assessment of the model’s predictive performance. 

Crucially, we employ a non-overlapping rolling-window mechanism during the test phase. For a forecast horizon H, the model 

uses the preceding historical window to predict the next H steps, then advances to the next time step. This process iterates until 

the entire test period (400 steps) is covered. This ensures that 100% of the test data is used for evaluation, effectively addressing 

concerns about data loss. 

2. Rationale for Adopting ‘Walk-Forward Validation’ over Cross-Validation 

We agree that k-fold cross-validation is robust for static datasets. However, it is generally unsuitable for operational time-series 

forecasting because it violates temporal causality. 

(1). Prevention of Look-Ahead Bias: Standard or stratified cross-validation involves random shuffling, which would allow the 

model to train on future data to predict past events (data leakage). This yields overly optimistic error metrics that do not reflect 

real-world performance. 

(2). Simulation of Operational Conditions: Our study aims to simulate the real-world workflow of the WRF operational 

forecasting system. In this context, predictions must be made strictly sequentially, using only information that is historically 

available. 

(3). Adherence to Best Practices: Our approach aligns with the ‘Walk-Forward Validation’ (or rolling-origin) method, which is 

the standard for time-series evaluation (Bergmeir and Benítez, 2012; Tashman, 2000). This ensures our results represent a 

realistic assessment of the model’s operational capability. 

All changes are highlighted in blue in the revised manuscript (Pages 12-13, Lines 300-319) for the reviewer’s convenience. 

We believe these revisions have substantially improved the clarity and rigor of our methodology description. 

Reviewer comment 5: “B) Why use only RMSE/MAE as the metric for evaluation, why not other error metics. What I 

mean is that define the rational for RMSE/MAE.” 

Response: We thank the reviewer for this pertinent question regarding our selection of evaluation metrics. RMSE and MAE 

are widely used in forecasting studies and offer complementary perspectives: MAE provides an easily interpretable measure 

of the average error magnitude, treating all deviations equally and being robust to outliers; RMSE gives greater weight to 

larger errors, which is critical in solar PV forecasting where substantial deviations can impact grid stability and operational 

planning. Together, RMSE and MAE offer a balanced assessment of forecast performance, which is essential for our 

application.  According to the reviewer’s suggestion, we have added a subsection that clarifies the rationale for our choice of 

RMSE and MAE as primary evaluation metrics in the revised manuscript. 

Revised Text (Pages 10-11, Lines 265-271): To quantify the predictive accuracy of the models, this study employs two widely 

recognized error metrics: the RMSE and the MAE. RMSE is particularly sensitive to large errors, effectively penalizing 

significant deviations or peak-prediction inaccuracies. In contrast, MAE provides a more straightforward measure of the 



average magnitude of prediction errors, reflecting the overall level of predictive performance (Jannah et al., 2024). The 

prevalence of these metrics in the field is underscored by a comprehensive review (Al-Dahidi et al., 2024; Pandžić and Capuder, 

2024), which indicates that over half of the surveyed literature utilizes both RMSE and MAE for model evaluation. 

Reviewer comment 6: “C) Why is this logical? "the inherent challenge for neural networks to model long-range temporal 

dependencies". what are the inherent challenges? why not use RNN/LSTM for long term forecast? How long is the long term 

forecast? I am assuming here that the forecast cycle can have seasonal and repetitive behaviour after 365 days?” 

Response: We sincerely thank the reviewer for raising this question regarding the challenges of long-range temporal 

dependency modeling. We clarify the specific definitions and constraints within the context of our study. 

1. Clarification of ‘Inherent Challenges’ 

The term ‘inherent challenges’ refers to well-documented limitations of recurrent neural networks in capturing long-range 

dependencies: (1). Gradient propagation constraints: Although LSTM’s gating mechanisms alleviate the vanishing gradient 

problem, gradient signals still attenuate over extended sequences during backpropagation through time (Hochreiter and 

Schmidhuber, 1997). In our study, the 75-step forecast horizon requires 225 steps of historical input, which places substantial 

demands on the network’s memory capacity. (2). Information bottleneck: The fixed-dimensional hidden state must compress 

all historical information, inevitably leading to information loss as sequence length increases. (3). Attention dilution: In our 

TPA-LSTM model, attention weights become increasingly dispersed over longer sequences, reducing the model’s ability to 

focus on critical historical patterns. 

2. Response to ‘ How long is the long term forecast? Why Not Use RNN/LSTM for Long-Term Forecasting?’ 

Following the widely-accepted taxonomy from (Zhou et al., 2020), long-term forecasting is defined as prediction horizons of 

48 steps or longer for hourly data. Our maximum forecast horizon of 75 hours clearly satisfies this criterion. We acknowledge 

that this extended horizon poses significant challenges for solar irradiance prediction, primarily due to cumulative atmospheric 

uncertainties and the progressive propagation of model errors over time. 

We would like to clarify that our model is based on LSTM architecture (TPA-LSTM). The reviewer's question addresses an 

important point: even LSTM, which was specifically designed for long-term dependency modeling, exhibits performance 

degradation with extended sequences. This is a fundamental characteristic of sequence-to-sequence modeling, not a limitation 

unique to our implementation. 

3. Discussion on Seasonal and Cyclical Behavior 

We acknowledge that solar irradiance has a strong annual periodicity. However, our study focuses on bias correction in the 

WRF rather than stand-alone long-range climate forecasting. Due to the limited dataset duration (60 days), our model is trained 

to capture synoptic-scale variability and diurnal patterns rather than full seasonal cycles. 

Revised Text (Page 14, Lines 333-340): The 6-step forecast horizon (6-hour lead time) yielded optimal correction 



performance, with RMSE and MAE reductions of 33% and 36%, respectively. However, correction performance declined as 

the forecast horizon extended to 75 steps (5-day lead time). This degradation is attributable to: (1) the inherent difficulty of 

LSTM networks in maintaining effective memory over extended sequences (Hochreiter and Schmidhuber, 1997), as the 225-

step historical input required for 75-step predictions approaches practical memory limits; (2) the chaotic nature of atmospheric 

dynamics, which causes forecast errors to accumulate nonlinearly with increasing lead time; and (3) the limited temporal 

coverage of the current dataset (60 days), which constrains the model’s capacity to learn high-frequency meteorological 

fluctuations. Future work will address these limitations by expanding dataset coverage and incorporating explicit periodic 

encoding mechanisms. 

Reviewer comment 7: “D) Please define in detail what the residuals are in different models. I assume that in the physics-

itransformer, the physics model is predicting the PV output and you compare that with actual observations to generate the 

residuals?” 

Response: The reviewer’s statement is correct. The Physics-iTransformer utilizes a physical model to generate an initial 

theoretical PV power estimate, with the residual defined as the difference between the observed ground truth and this physical 

baseline. 

We have also introduced a new subsection (Section 2.5.3) to rigorously define all baseline models and their integration 

strategies. The detailed revised text for this section is presented in our response to Comment 2. Please check the revised text 

to Page 10, Lines 241-265. 

Reviewer comment 8: “3) For figure number 15 comparisons, I think it would be beneficial if the authors can provide the 

ranking of the different comparative models to understand how accurate the PINN-itransformer is from the current state of art.” 

Response: We sincerely thank the reviewer for this valuable comment. Accordingly, we have revised Figures 13 and 14 

(formerly Figure 15) to include new subplots at the bottom. These subplots show the rankings of all models based on MAE 

and RMSE. This quantitative ranking clearly demonstrates the performance advantage of PINNs-iTransformer over baseline 

models. You can check the revised figure below. 



 
Figure 13: Multi-step PV power forecasting performance using a 5-day WRF forecast.  



 

Figure 14: Performance comparison of different models for multi-step forecasting.  

Reviewer comment 9: 4) Code-> I went through the Zenodo repository, here my recommendation would be to revoke 

hardcoded file paths from the python files. Additionally, please add some user manual here e.g. steps/order in which the files 

would be run. 

Response: We thank the reviewer for their careful examination of our code repository and for their constructive suggestions 

to improve reproducibility. We have addressed both points as follows: (1) Hardcoded file paths: All hardcoded absolute paths 

have been removed from the Python scripts. The code now employs relative paths and configurable variables, ensuring 

portability across different computing environments. (2) User documentation: A comprehensive README.pdf has been added 

to the repository, which includes: (a) a description of the dataset structure, (b) step-by-step instructions for script execution 

order, and (c) configuration details for the WRF model setup. The revised code and documentation are available at the updated 

Zenodo repository: New DOI: https://doi.org/10.5281/zenodo.17850993 

https://doi.org/10.5281/zenodo.17850993


Reviewer comment 10: 5) Limitations -> Add limitations of the model eg. this model is only training on the historical data 

or very short term real data. Would this model break if we do the forecasting for 1 year/5 year/20 years? What is the result of 

validation with SolarGIS data at monthly level? What will happen when we forecast for regions that are in gobi desert etc. 

where there is not much cloud based variability. Have you tested for 2025 time series as the model was trained for 2020 timer 

series. Add additional limitations that the authors seems necessary. 

Response: We sincerely thank the reviewer for these insightful questions regarding the model's robustness and generalizability. 

We have addressed these points by adding a dedicated ‘Key factors and uncertainties in forecasting’ section (Section 5, 

Pages 20-22, Lines 421-468). 

Regarding the specific concerns: 

1.Temporal Robustness (1/5/20 years): Our model is designed for short-to-medium-term forecasting (up to 5 days) to support 

grid dispatch. For decadal forecasting (1-20 years), the model would indeed face challenges due to climate drift and sensor 

degradation. We have clarified that the model’s current scope is operational forecasting rather than long-term climate projection. 

2.Geographical and Climatic Generalizability: The study site is located in a semi-arid region, which shares characteristics with 

Gobi-like environments (e.g., high solar resource, low cloud frequency). To address the ‘breakdown’ concern, we conducted a 

SHAP analysis. The results (Figure 15) demonstrate that the model strategically shifts its reliance from temporal persistence 

(dominant at 1h) to physical meteorological signals (increasingly important at 5 days). This transition suggests that the model 

captures intrinsic physical couplings rather than just ‘memorizing’ historical patterns, supporting its potential for cross-regional 

application. 

3.Data Constraints: We acknowledge the limitations of using a single-site dataset. Due to data privacy and the operational 

status of the sensors, 2025 time-series and SolarGIS monthly validation were not available during this study. However, the 

high stability of the SHAP values (Bootstrap R = 0.9992) confirms that the learned logic is statistically robust. 

4.Although observational photovoltaic power data were unavailable due to experimental constraints, we validated our approach 

using NASA POWER data to correct solar irradiance forecasts at multiple stations for 2025. The proposed model can slso 

significantly reduce both RMSE and MAE for GHI predictions (Figure S3-S9). We believe these additions directly address 

the reviewer’s concerns regarding robustness, generalizability, and model limitations. 

We hope that the revisions and explanations provided adequately address the reviewer’s concerns. We believe that these 

improvements have significantly strengthened the manuscript, making it suitable for publication. 

Thank you once again for your time and effort in reviewing our work. 

Sincerely, 

The Authors 
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Response to Referee #2:  

This manuscript presents a multi-scale photovoltaic (PV) power forecasting framework (MIPV-NWP-PINN) integrating 

WRF-based numerical weather prediction, a hybrid GHI bias correction model (QM-TPA-LSTM), and a physics-

informed deep learning architecture (PINN-iTransformer). The topic is timely and relevant, and the proposed framework 

is technically sound. The combination of NWP, statistical correction, and PINN-based forecasting represents a novel and 

valuable contribution to PV power prediction. Nevertheless, several issues related to clarity, methodological justification, 

generalizability, and interpretability should be addressed. 

Response: We sincerely thank the reviewer for the comprehensive evaluation and the encouraging comments regarding the 

novelty and technical soundness of our proposed MIPV-NWP-PINNs framework. We carefully considered all the comments 

and made detailed revisions to improve the manuscript in its scientific rigor and readability. 

Reviewer Major Comment 1: In the abstract, the statement “raw Numerical Weather Prediction (NWP) outputs often fail 

https://doi.org/10.1016/j.ins.2011.12.028
https://doi.org/10.1016/0038-092X(82)90302-4
https://doi.org/10.1016/0038-092X(79)90123-3
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to provide reliable forecasts because PV power is influenced by multiple coupled factors, including meteorological factors and 

photovoltaic modules” may be misleading. As currently written in the abstract, it may give the impression that PV power is 

directly predicted from NWP outputs. The authors are encouraged to clarify that NWP provides meteorological inputs, and 

that uncertainties arise from both atmospheric forecast errors and the subsequent PV power conversion process. 

Response: We thank the reviewer for this comment. We have revised the abstract to explicitly clarify that NWP provides 

meteorological inputs and that uncertainties arise from two distinct sources: (1) inherent errors in NWP-derived meteorological 

variables (particularly solar irradiance), and (2) the complex nonlinear conversion process from meteorological inputs to PV 

power output.  

Revised Text (Page 1, Lines 12-15): However, achieving reliable PV power forecasts remains challenging due to two primary 

sources of uncertainty: inherent errors in Numerical Weather Prediction (NWP)-derived meteorological variables, particularly 

solar irradiance, and the complex nonlinear conversion process from meteorological inputs to PV power output, which is 

influenced by both atmospheric conditions and PV module characteristics. 

Reviewer Major Comment 2: The literature review presented in the Introduction is relatively lengthy and could be 

streamlined. In Section 1, it is suggested to reorganize this part around the core research problems by clearly summarizing: (1) 

the limited accuracy of NWP-derived GHI; (2) the “black-box” nature and lack of physical consistency in many PV power 

forecasting models; and (3) the potential of Physics-Informed Neural Networks (PINNs) to embed physical laws into the loss 

function and improve physical consistency. A more concise, problem-oriented review would improve readability and 

strengthen the overall motivation. 

Response: We sincerely thank the reviewer for the constructive suggestion to streamline and reorganize the Introduction. In 

the revised manuscript, we have restructured Section 1 to center around the core research problems as suggested:  

1. Limited accuracy of NWP-derived GHI: We highlighted the systematic overestimation issues in NWP models (e.g., WRF) 

due to cloud and aerosol misrepresentation, and the necessity of statistical post-processing. 

2.‘Black-box’ nature of data-driven models: We explicitly discussed the limitations of pure deep learning approaches, 

emphasizing their lack of physical consistency despite their high accuracy. 

3. Potential of Physics-Informed Neural Networks (PINNs): We introduced PINNs as a solution to bridge the gap between 

physical laws and data-driven efficiency, establishing the motivation for our proposed MIPV-NWP-PINNs framework. 

We believe this problem-oriented restructuring significantly improves the readability and clearly articulates the motivation 

behind our work. We have added the revised introduction to Pages 1-3, Lines 31-90. 

Reviewer Major Comment 3: While multi-site validation is conducted for GHI correction, the PV power forecasting 

results presented in Section 4 (e.g., the multi-horizon comparisons in Figures 12–15) are mainly based on a single station. The 



applicability of the proposed PINN-iTransformer to other regions, climatic conditions, and PV configurations should therefore 

be discussed more explicitly, or additional validation should be provided. 

Response: We thank the reviewer for this constructive comment. To address this concern within available data constraints, we 

provide both theoretical justification and empirical supporting evidence. In addition, the uncertainties and limitations are 

explicitly discussed. 

First, we validated the GHI correction model using 2025 data from the NASA POWER database. Application to WRF 

simulations at six different sites revealed that the proposed GHI correction model maintains its efficacy across independent 

spatial and temporal test cases. 

Second, the physics-informed architecture embeds fundamental PV relationships (temperature-dependent efficiency, 

irradiance-power conversion) into the loss function, restricting the solution space to physically consistent predictions. This 

inductive bias is expected to enhance transferability, as the learned relationships reflect universal principles rather than site-

specific correlations. 

Finally, we conducted SHAP analysis to examine whether the model captures physically meaningful patterns (Figure 15). The 

results demonstrate: (i) an appropriate transition from temporal persistence at short horizons to meteorological dependence at 

longer horizons, and (ii) physically interpretable feature interactions consistent with PV thermodynamics. 

We emphasize that interpretability analysis provides supporting evidence of physical consistency but does not substitute for 

direct multi-site validation. This limitation is now explicitly stated in Section 5, with multi-site evaluation identified as a 

priority for future work. All changes are highlighted in blue in the revised manuscript (Pages 21-22, Lines 437-467) for the 

reviewer’s convenience. 



 

Figure 15:  Left panels (top to bottom): distributions of feature importance at forecast horizons of 1, 5, and 15 h; right panels (top 

to bottom): SHAP beeswarm plots at forecast horizons of 1, 5, and 15 h. 

Reviewer Major Comment 4: In the description of the PINN-iTransformer framework, particularly in the subsection 

introducing the physics-informed loss and the first-order relaxation ODE, the physical meaning of the relaxation coefficient k 

is not sufficiently explained. In addition, the role of the physics-informed loss weight (λ) is introduced without further 

discussion. Clarifying whether k is constant or learnable, and providing a brief sensitivity or ablation analysis for λ, would 

strengthen the physical interpretability and robustness of the proposed approach. 

Response: We thank the reviewer for these valuable suggestions and we have revised the methodology and results sections to 

provide a deeper explanation of 𝒌  and 𝝀 . As suggested, we have also added a comprehensive sensitivity analysis (now 

presented in the new Figure S2) to evaluate the impact of 𝝀 on model performance. 

1. Clarification of the Relaxation Coefficient 𝒌: We have revised Section 2 to explicitly state that 𝒌 is a learnable parameter, 

not a fixed constant. Physically, it represents the adaptive coupling strength (or restoration rate) between the theoretical 

equilibrium (𝑷𝒆𝒒 ) and the predicted power. As shown in the Figure S2(e), during training, does not fluctuate randomly 

but converges to a stable range of approximately 0.90–0.96. This indicates that the model successfully learns an intrinsic 

restoration rate, balancing the simplified physical theory with complex observed data patterns. 



2. Sensitivity Analysis of the Physics-Informed Loss Weight 𝝀: We conducted a sensitivity analysis for 𝝀 ranging from 10⁻⁴ 

to 10⁰ to evaluate the trade-off between data fidelity and physical constraints. Based on the sensitivity analysis, the key findings 

are integrated into the manuscript: 

(1). Optimal Regime (𝝀 < 𝟎. 𝟎𝟏): In this range, the physical loss acts as a soft regularizer. Both RMSE and MAE remain 

consistently below the baseline iTransformer (dashed lines in Figure S2), demonstrating that appropriate physical constraints 

improve generalization without overriding data-driven features. 

(2). Over-Constraint Regime (𝝀 > 𝟎. 𝟎𝟓): Performance degrades significantly (underfitting) when 𝝀 exceeds 0.05. This 

confirms that excessive weighting forces the model to adhere too strictly to the simplified first-order ODE, which cannot fully 

capture the stochastic fluctuations inherent in real-world weather data. 

All changes, including the detailed discussion of these results, are highlighted in blue in the revised manuscript (Page 9, Lines 

220-229 and Pages 20-21, Lines 425-436) for the reviewer’s convenience. We believe these revisions have substantially 

improved the clarity of our description. 

 

Figure S2: (a)–(d) Variation curves of RMSE and MAE with the physical constraint parameter 𝜆  at forecast horizons of 1, 5, 15, 

and 30 h, respectively; (e) variation curve of the relaxation coefficient 𝑘 with 𝜆. 

Minor Comment 1: Although the manuscript emphasizes the importance of aerosol and cloud effects on GHI in the 

Introduction, the QM-TPA-LSTM model described in the GHI correction section remains purely statistical. This limitation 



should be more clearly acknowledged and discussed, particularly in relation to physical interpretability. 

Response: We thank the reviewer for this insightful observation. We have added a new paragraph at the end of Section 3 that 

clearly states that the current QM-TPA-LSTM model is a purely statistical approach that does not explicitly incorporate 

physical variables, such as aerosol optical depth or cloud properties. We discuss that while the model effectively reduces NWP 

biases, it lacks direct physical interpretability, and we outline potential future improvements, including the integration of 

satellite-derived aerosol and cloud products. 

Revised Text (Page 16, Lines 362-369): It should be acknowledged that the current QM-TPA-LSTM model operates as a 

purely statistical post-processing approach without explicitly incorporating physical variables such as aerosol optical depth, 

cloud fraction, or cloud optical thickness. While this statistical framework effectively reduces systematic NWP biases and 

captures temporal patterns in GHI errors, it lacks direct physical interpretability regarding the underlying atmospheric 

processes. The model learns implicit relationships between NWP outputs and observed GHI, but cannot explicitly attribute 

correction magnitudes to specific physical factors such as aerosol scattering or cloud attenuation. Future work could enhance 

physical interpretability by integrating satellite-derived aerosol and cloud products as additional input features, or by 

developing physics-guided correction schemes that explicitly model the radiative transfer processes affected by atmospheric 

constituents. 

Minor Comment 2: While improved PV power forecasting accuracy is demonstrated in the results section, the manuscript 

does not discuss how these forecasts could be used in downstream applications such as grid operation or energy management. 

A brief discussion in the concluding section would enhance the applied value of the study. 

Response: We appreciate this valuable suggestion. We have added a new paragraph in the Conclusions section discussing the 

practical implications of improved PV forecasting for downstream applications. Specifically, we discuss how forecasts at 

different time scales support various grid operation tasks: day-ahead forecasts for unit commitment and market participation, 

intra-day forecasts for energy storage scheduling, and ultra-short-term forecasts for automatic generation control. We also note 

the potential for uncertainty quantification to support risk-aware decision-making. 

Revised Text (Page 19, Lines 412-418): Furthermore, the improved multi-scale PV power forecasting demonstrated in 

this study has significant implications for power system operations. As emphasized in previous reviews (Antonanzas et 

al., 2016; Iheanetu, 2022), forecasts at different time scales serve distinct operational purposes: day-ahead forecasts (24-

120 h) support unit commitment decisions and electricity market participation; intra-day forecasts (6-24 h) facilitate 

energy storage scheduling and real-time balancing; and ultra-short-term forecasts (1-6 h) are critical for automatic 

generation control and frequency regulation. These operational benefits underscore the practical value of integrating 

physics-informed approaches into PV forecasting systems. 



Minor Comment 3: In the PV power forecasting analysis, additional investigation of prediction errors—such as SHAP 

analysis or other interpretability methods—would be beneficial for understanding the sources of model error and the relative 

importance of input variables. 

Response: We thank the reviewer for this insightful suggestion. Following your recommendation, we have integrated a SHAP 

analysis into our revised manuscript. This analysis quantifies the contribution of each input variable across different forecast 

horizons (1h, 5h, and 15h) and provides a deeper look into the model’s internal logic. 

Summary of changes in the manuscript: 

1. We added a detailed discussion in Section 5 exploring how the model transitions from relying on temporal persistence to 

physical meteorological signals as the forecast horizon increases. 

2. We included a SHAP summary plot and a feature importance transition diagram to visually demonstrate these findings. 

More detailed revision can refer to the response to major Comment 3. 

Minor Comment 4: Throughout the manuscript, please ensure consistent terminology, particularly for forecasting horizons 

(e.g., “6 h” vs. “6-hour” vs. “6 hours”) and model names (e.g., PINN-iTransformer vs. PINN–iTransformer)." 

Response: We sincerely apologize for the inconsistencies in terminology and formatting in the original manuscript. We have 

conducted a thorough, line-by-line review of the entire manuscript to ensure consistency. Specifically, we have implemented 

the following standardizations: 

1.We have standardized the usage of time units.  

2.We have also checked other units and abbreviations to ensure they adhere to a uniform style throughout the paper. 

All changes have been highlighted in the revised manuscript (or tracked via the new version). 

Minor Comment 5: In the methodological sections and equations, several symbols (e.g., 𝑘, 𝜆, and variables related to PV 

power and irradiance) are introduced without being clearly defined at first occurrence. Providing clearer definitions or a concise 

summary of symbols would improve readability." 

Response: We appreciate the reviewer’s comment regarding the clarity of our mathematical notation. We have thoroughly 

revised Section 2 (Methodology) to ensure that every symbol—including the physical parameters (𝑘, 𝜆) and the variables for 

PV power and solar irradiance—is explicitly defined upon its first appearance in the equations. Specific improvements made: 

In-text Definitions: We have added immediate definitions following each equation. We believe these changes significantly 

improve the clarity of the technical framework. 

Minor Comment 6: In the multi-panel figures presenting PV forecasting results, some fonts and legends are relatively small. 

Improving font size and legend placement would enhance clarity. 



Response: We thank the reviewer for this practical suggestion. In response, we have systematically optimized all figures in 

the manuscript (especially the multi-panel plots in the Results and Discussion sections) to ensure high clarity and professional 

presentation. The following specific improvements have been made: 

1. The font sizes for all axis labels, tick marks, and subplot titles have been increased to ensure they remain legible when scaled 

to the journal's column width. 

2. Legends have been resized and strategically repositioned to avoid overlapping with data curves, and in some multi-panel 

figures, we have used unified legends to reduce visual clutter and maximize the plotting area. 

3. We also adjusted the line widths and marker sizes in the forecasting plots to ensure distinct visibility between the observed 

power and the predicted results from different models. 

These updates have been applied to Figures 13-14. We believe the revised figures now meet the high standards for publication 

in GMD. 

 
Figure 13: Multi-step PV power forecasting performance using a 5-day WRF forecast.  



 

Figure 14: Performance comparison of different models for multi-step forecasting.  

Minor Comment 7: Please ensure that physical units (e.g., W/m2, kW, MW) are consistently formatted throughout the 

manuscript and that spacing between numbers and units follows journal conventions. 

Response: We thank the reviewer for pointing out these formatting details. We have conducted a comprehensive audit of the 

entire manuscript to ensure that all physical units and their spacing adhere to the Copernicus Publications and GMD journal 

guidelines. 

We hope that the revisions and explanations provided adequately address the reviewer’s concerns. We believe that these 

improvements have significantly strengthened the manuscript, making it suitable for publication. 

Thank you once again for your time and effort in reviewing our work. 

Sincerely, 

The Authors 

 


