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Response to comments by referees to ''Data-driven rolling model for global wave height"

We thank the reviewers for reviewing our manuscript and providing supportive comments during their busy schedules.

Below is our response to the reviewers, which is based on the author comments posted in our interactive open discussion.

Response to Reviewer 1:

Dear Reviewer:

We would like to thank you for dedicating time to carefully read our manuscript and provide feedback. We sincerely think
their detailed comments have helped us to improve the manuscript. Below is our point-by-point response to your comments
(text in blue denotes our response).

Comments 1: I just wonder if the RMSEs in Figure 2c and Figure 4d are smaller than that of climatology.

Response 1: We appreciate your comment on the comparison between the RMSEs in Figures 2¢ and 4d and the climatological
values. While we understand the importance of such comparisons, it is essential to highlight that wave modeling differs
fundamentally from atmospheric modeling in terms of the underlying processes and the challenges involved.

We implemented a climatology-based model as per your suggestion. The results are shown in the figures below.
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As expected, the performance of the climatology model was poor, with RMSEs significantly higher than those from our model.
The RMSE of the climatology model remains consistently above 0.9 throughout the error curve, which is significantly higher

than that of the Al model proposed in this study. Additionally, in the spatial distribution of RMSE errors for the climatology
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model, it is evident that errors in high-latitude regions exceed 1.5, further highlighting that a climatology-based approach,
which relies on the average state, is unable to accurately model wave dynamics. In contrast, the Al model shown in Figure 4d
performs well, with its RMSE significantly smaller than that of the climatology.

In atmospheric models, the problem is typically one of initial value, meaning that the model’s output is highly sensitive to the
initial conditions. This sensitivity allows for relatively accurate forecasting, provided that the initial conditions are well
represented. However, wave modeling in a phase-averaged numerical wave model is a forcing problem rather than an initial
value problem. Specifically, accurate wave simulation requires external forcing factors, particularly wind fields, which drive
wave generation and propagation. Without these external forcings, the model cannot simulate wave dynamics accurately based
solely on past wave evolution.

This distinction is crucial because climatology, which represents the long-term average or expected state, does not account for
the complex dynamics of wave formation driven by time-varying forces like wind. Therefore, a climatological model of wave
height (such as one based purely on historical average wave conditions) is inherently limited and will not provide accurate
forecasts. For example, without wind input, the climatology model cannot capture the variability in wave heights caused by
transient atmospheric conditions, which is essential for reliable forecasting.

Furthermore, some studies have explored approaches that utilize Al methods to predict wave heights from historical SWH
fields. These Al-based models, relying solely on historical data without considering dynamic forcings, have been shown to
perform poorly compared to models that include the necessary environmental driving forces (Zhou et al.,2020, Ouyang et
al.,2023). It also underscores the importance of incorporating dynamic forcing factors into wave models to achieve more
accurate forecasts.

We hope this response has addressed your concerns regarding this comment.

References:

Zhou, S., Xie, W., Lu, Y., Wang, Y., Zhou, Y., Hui, N., and Dong, C.: ConvLSTM-Based Wave Forecasts in the South and
East China Seas, Front. Mar. Sci., 8, 680079, https://doi.org/10.3389/fmars.2021.680079, 2021.

Ouyang, L., Ling, F., Li, Y., Bai, L., and Luo, J.-J.: Wave forecast in the Atlantic Ocean using a double-stage ConvLSTM
network, Atmospheric and Oceanic Science Letters, 16, 100347, https://doi.org/10.1016/j.20s1.2023.100347, 2023.

Comments 2: For the sake of comparison, the color bar scales in Figures 6-7 should be the same as those used in Figures 4-5.
Response 2: We thank your suggestion to unify the color bar scales for better comparison. we have adjusted the color bar
scales in Figures 6 and 7 to match those used in Figures 4 and 5. This ensures consistency and facilitates a clearer visual

comparison across the figures. Updated figures will be incorporated in the revised manuscript.
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Figure 6: The same as Fig. 4, but the Al model has assimilated the data from CCI-Sea State every six hours.
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Figure 7: The same as Fig. 6, but the comparison is with the CCI-Sea State dataset.

70  Comments 3: The units of variables on the vertical axis are missing in (b) and (c) in Figures 2-3.
Response 3: We thank you for pointing out the missing units on the vertical axis in panels (b) and (c) of Figures 2 and 3. We

have added the appropriate units to the vertical axes of these panels to ensure clarity and completeness. Thank you for



highlighting this oversight, as it has helped improve the accuracy and presentation of the figures. Updated figures will be

incorporated in the revised manuscript.
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Figure 2: The variation of global overall error metrics between the Al SWH model outputs and ERAS with simulation
time: (a) CC, (b) bias, (¢) RMSE, and (d) SI. The orange and blue lines represent the mean values of the error metrics
for the 236 experiments starting from different initial SWH fields, before and after assimilation, respectively. The shaded

areas around the lines indicate the range of error metrics across different experiments with varying initial SWH fields.

(@) 1000 - : (b)
g ~—— Al Model without Data Assimilation ~—— Al Model without Data Assimilation
2 —— Al Model with Data Assimilation 0.08 —— Al Model with Data Assimilation
-£0.996 i
2
9 £ 0.06
EO.
§0.992 £
c ]
S o 0.04
20.988 =
£ 0.02
S0.984
0.00
6 24 48 72 96 120 150 180 210 240 270 300 6 24 48 72 96 120 150 180 210 240 270 300
Simulation Time (h) Simulation Time (h)
(c) ()
0.24 0.10
020 3008
E - A AMaan
w 0.16 ~ 0.06
) 5 0.
s b1
Z0.12 S
©0.04
0.08"__ Al Model without Data Assimilation ~—— Al Model without Data Assimilation
—— Al Model with Data Assimilation 0.02 — Al Model with Data Assimilation
0.04 6 24 48 72 96 120 150 180 210 240 270 300 6 24 48 72 96 120 150 180 210 240 270 300
Simulation Time (h) Simulation Time (h)

Figure 3: The variation of global overall error metrics between the Al SWH model outputs and ERAS with simulation
time: (a) CC, (b) bias, (c) RMSE, and (d) SI. The orange lines and shaded areas are the same as those in Fig. 2, but no
epoch ensemble is used. The blue lines and shaded area are the corresponding results for the cold start with an initial
field of zero SWH.
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Response to Reviewer 2:

Dear Reviewer:

We would like to thank you for your patience in reading the paper in detail and your valuable comments. We sincerely think
their detailed comments have helped us to improve the manuscript. Below, we present our point-by-point response (text in
blue denotes our replies). We hope the manuscript is now acceptable following our revisions and explanations.

Major comments:

Comments 1: It is not clear what goal this Al SWH model would like to achieve. Is it to make good 0-10 days SWH predictions
similar to traditional numerical wave models? If yes, we should use predicted wind fields from GFS (or IFS) as the forcing
instead of the ERAS reanalysis wind fields. In the current manuscript, one year of SWH series was generated by the Al SWH
model. But it essentially functions like post-processing the ERAS wind analysis to 0-6h short-term SWH forecasts. This is not
the regular 0-10-day SWH forecasts we normally expect.

Response 1: Thank you for your comments. Regarding the question of whether our model is solely designed for wave
prediction, the answer is "No. " While one application of our Al SWH model is wave prediction, it is essential to emphasize
that wave models—whether numerical or statistical—are not limited to forecasting wave conditions over a few days. Wave
models and weather forecasting models fundamentally differ in purpose and methodology. Weather forecasting is a typical
initial value problem, focusing on accurate predictions of atmospheric conditions over short periods, with outputs highly
sensitive to initial conditions. In contrast, phase-averaged wave models, such as Numerical Wave Models (NWMs), address a
forcing problem where wave evolution is primarily driven by external forcings, such as wind fields. These wave models are
used not only for forecasts but also for hindcasts and projections.

A robust wave model should perform well when driven by high-quality forcing fields and exhibit errors proportional to the
quality of those fields. Therefore, wave models are typically evaluated using high-quality reanalysis forcing fields to isolate
errors originating from the model itself rather than from the forcing fields. For this reason, we did not use forecasted wind
fields (e.g., GFS or IFS forecasts) as forcing inputs for our model, as their larger errors could compromise the training and
calibration of the wave model.

The primary goal of our study was to develop an Al-based SWH model that mirrors the input-output structure of NWMs but
excludes wave spectra to reduce computational complexity. We anticipated that the absence of directional wave spectra might
lead to error divergence in rolling predictions, even during hindcasts. However, the rate of divergence was unclear. Our
findings demonstrate that the error stabilizes after approximately 200 hours, with stabilized errors comparable to those of state-
of-the-art NWMs, particularly in wind-sea-dominated regions. This highlights the potential effectiveness of our Al-based wave
model surrogate.

Traditional NWMs often downplay data assimilation's importance due to the forcing-driven nature of directional wave spectra
evolution. However, the observed error divergence in our AI SWH model underscores the significance of initial conditions.
Thus, the second focus of our study was to assess whether direct data assimilation of altimeter-derived SWH (bypassing wave
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spectra) could mitigate error divergence. Our results confirm that assimilating altimeter data effectively reduces error
divergence and enhances the model's reliability.

Furthermore, the error divergence of our Al SWH model, even during hindcasts, highlights its resemblance to an initial value
problem, unlike traditional NWMs. Consequently, data assimilation becomes particularly beneficial, especially in swell-
dominated regions. Without data assimilation, as shown in Figure 4, the model exhibits poorer performance in "swell pools."
To our knowledge, this study is the first to address error divergence in Al-based SWH rolling models and propose altimeter
data assimilation as a solution. Additionally, the absence of directional wave spectra simplifies SWH assimilation by
eliminating the need for spectral adjustments—an advantage not previously reported in the literature.

Comments 2: Section 2.4 and other relevant parts: (1) data assimilation will improve initial conditions, but it is not related to
the establishment of this Al SWH model and it is suggested to remove this part from this manuscript; (2) the data assimilation
method here is too simple. Nowadays, we would expect at least a 2DVAR method that considers the uncertainties of the
background and the observations.

Response 2: We appreciate the concerns raised by the reviewers in the data assimilation section.

For comment (1), As previously mentioned, the Al SWH model developed in this study exhibits error divergence, even
during hindcasts, due to the absence of directional wave spectra. This error divergence suggests that the Al SWH model
shares more characteristics with an initial value problem than traditional NWMs. Consequently, data assimilation
becomes an essential component of the Al model, particularly in swell-dominated regions. Without data assimilation, as
demonstrated in Figure 4, the model performs poorly in "swell pools. " This represents a significant limitation. To our
knowledge, this study is the first to identify and address error divergence in Al-based SWH rolling models by proposing
the assimilation of altimeter data as a solution. Additionally, the absence of directional wave spectra simplifies the
assimilation of SWH, eliminating the need for spectral adjustments. To the best of our knowledge, this straightforward
assimilation capability of the Al SWH model has not been reported in previous studies.

For comments (2), there are two primary practical and computational reasons for our preference for objective analysis

(OA)—a form of optimum interpolation (OI)—over variational methods:

1. OA is significantly less computationally demanding than variational methods. One of the Al model’s greatest
advantages is its efficiency and lightweight nature. Introducing variational methods for assimilation would increase
computational demands by several orders of magnitude, rendering the Al model inefficient and impractical. Furthermore,
OI enables incremental assimilation of observations, allowing for continuous updates as new data becomes available. In
contrast, variational methods typically require a complete assimilation cycle, which may not be feasible for fast-paced
Al applications.

2. To our knowledge, there is no clear evidence that variational methods outperform OI in wave modeling. For instance,
major operational centers such as ECMWF continue to use OI for wave modeling (IFS DOCUMENTATION — Cy43rl
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~PART VII: ECMWF WAVE MODEL, available at: https://www.ecmwf.int/sites/default/files/elibrary/2016/79992-ifs-
documentation-cy43rl-part-vii-ecmwf-wave-model_1.pdf), although there is still debate on whether NWMs need data

assimilation. Therefore, our lightweight assimilation scheme is sufficient for the Al SWH model, as supported by our
results. :

We have also added some of the above explanation to our revised manuscript:

"Here the simple OA method is used instead of the more complex variational methods primarily because OA is
significantly less computationally demanding than variational methods. One of the advantages of the Al model is its
efficiency and lightweight nature. Introducing variational methods for assimilation would increase computational
demands by several orders of magnitude, rendering the Al model inefficient and impractical. Furthermore, OI enables
incremental assimilation of observations, allowing for continuous updates as new data becomes available. In contrast,
variational methods typically require a complete assimilation cycle, which may not be feasible for fast-paced Al
applications. Besides, it is noted that there is no clear evidence that variational methods outperform OI in wave
modeling."

Specific comments:

Lines 48-49: "However, ..." The statement is not accurate. The SWH prediction is both a forcing and an initial value
problem. When focusing on the short-term (a few hours to a day) forecasts, the initial value will have a large impact.
Zhou et al., 2021 and Ouyang et al., 2023 targeted 24h and 3 days forecasts respectively.

Thank you for pointing out this issue. We acknowledge that SWH prediction involves both a forcing and an initial value
problem, especially when focusing on short-term forecasts. We will revise the manuscript to clarify this distinction. We
will make the following changes in the revised manuscript:

"Consequently, some studies have already explored Al applications in wave modeling. Some have attempted to replicate
the Al weather forecasting approach by treating wave modeling as a purely nonlinear auto-regression problem of spatio-
temporal series (e.g., Zhou et al., 2021; Ouyang et al., 2023). However, this approach overlooks the fact that phase-
averaged wave modeling should not be treated as an initial value problem. Without a wind field driving the model, it is
physically impossible to accurately simulate waves directly from past wave evolution alone. While initial conditions do
play a role in short-term prediction, these auto-regression models cannot even run without the initial conditions provided
by an NWM. "

Additionally, we emphasize that while initial values are essential for short-term wave forecasts, they can be readily
derived from past forcing fields. This characteristic underscores why wave modeling is often viewed more as a forcing
problem rather than an initial value problem.

Line 124-125: "Particularly, if a long series..." Could you clarify which part of Song and Jiang, 2023 drew this
conclusion?


https://www.ecmwf.int/sites/default/files/elibrary/2016/79992-ifs-documentation-cy43r1-part-vii-ecmwf-wave-model_1.pdf
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205

210

215

220

225

230

235

240

Song and Jiang (2023) successfully modeled the directional wave spectrum at a single point using only historical wind
field data, without relying on any initial wave field conditions. Their approach was based on the premise that waves are
either generated by local winds or influenced by remote historical winds. In their models, the only inputs were wind
fields from the preceding 240 hours, with no wave data used as inputs, yet they achieved good results. This conclusion
is further supported by a recent study by Wang and Jiang (2024) (Physics-guided deep learning for skillful wind-wave
modeling, Science Advances, https://www.science.org/doi/10.1126/sciadv.adr3559). In this study, global SWH was
modeled using only wind fields from the past 240 hours, without incorporating initial SWH field data, also yielding good

results.

Lines 133-134: "We believe...": Evidence, instead of a subjective "belief", is expected here to demonstrate why U-Net
is suited for this work.

While there may be various reasons for selecting a specific AI model architecture, determining whether a model is
genuinely well-suited to a particular problem requires thorough testing. The rationale for choosing U-Net is briefly
outlined in the manuscript: "The encoder progressively extracts features from the input through convolution and pooling,
while the decoder reconstructs spatial resolution using de-convolution and up-sampling. Skip connections link
corresponding layers of the encoder and decoder, preserving high-resolution details". Admittedly, this initial selection
was based on a subjective belief regarding the model’s suitability. However, our results provide strong evidence that U-
Net is indeed well-suited for this task.

To present this explanation more objectively, we have revised the text as follows: "Such a CNN-based deep learning
model is well-suited for wave statistical modeling using our input-output structure, and the effectiveness of U-Net in in
wave modelling has been shown in previous studies (e.g., Gao and Jiang, 2023, Wang and Jiang, 2024). "

Lines 135-136: "The processes of both...": In Al for NWP practices, lots of literature has demonstrated that Al struggles
to resolve different scales at the same time (for example, smoothing to get better medium-range forecasts and hence not
able to resolve smaller scales features). So how can it be assured that "The processes of both local wave generation by
wind and wave propagation in space can be captured by convolutional kernels at different scales? More discussions on
this are needed.

The "smoothing problem" observed in Al weather models is not an issue for Al wave models. The wave response to wind
inherently acts as a low-pass filter for wind fields, as waves are essentially the integral of wind forces. This "smoothing effect"
aligns well with the requirements for modeling wave generation, particularly for SWH. While for wave propagation, the
propagation of swells can be regarded as a linear progress, which can also be captured be convolutional kernels at different
scales. In addition, in Al weather models, the "smoothing effect" poses a significant challenge as it inhibits the model's ability
to run independently without initialization from numerical models. However, this "smoothing effect" does not impact the
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rolling modeling of waves, as wave models, being forcing-driven, can even operate in a "cold start" mode without relying on

any initial conditions.

Lines 139-142: It looks like there is a problem with the "-190 degree to 190 degree" trick: How do waves at 180 degrees
propagate to -179 degrees in this method?

The method is indeed feasible, although it may not have been clearly described in the manuscript. In the revised version,
we will clarify this implementation to enhance understanding: "To handle the wraparound at the -180° and 180° longitude
boundary, we employed an engineering trick of extending the input fields from -180° to 180° (720 longitudes) to -190°
to 190° (760 longitudes). Specifically, the data from -180° to -170° were duplicated and appended to 180° to 190°, and
a similar treatment was applied to the opposite boundary. This effectively connecting the two boundaries and avoiding
discontinuities during the modeling process." This approach ensures that waves can propagate seamlessly from 180° (-
180° during computation) to -179°.

Line 161-168: (1) How does the epoch ensemble method work? Need more theoretical discussions here. Generally, we
would like to use all available data to train the best Al model (instead of splitting them into different epochs). (2) We
can add different perturbations to generate ensembles or use ensemble wind forcings (such as from GEFS) (3) The
reduction of RMSE from the 4 ensembles shown in the manuscript may come from the smoothing effect.

Thank you for your thoughtful comment. The epoch ensemble method is a commonly used engineering trick in deep
learning, distinct from the concept of ensemble forecasting in NWP. Specifically, during model training, multiple models
that have already converged on the validation set are saved, and their mean output is taken as the final result. Ideally,
obtaining the best Al model would be preferable. However, practical limitations, such as insufficient training data,
constraints in time and cost, model hyper-parameter tuning, and model complexity, often make it challenging to achieve
the optimal model. This challenge is further compounded when the loss function represents the (weighted) sum of
multiple components. During training, some regions may be overestimated while others are underestimated; in
subsequent iterations, these regions may reverse. Achieving convergence across all locations without over-fitting can be
particularly difficult. In such cases, the epoch ensemble method can provide a straightforward solution to balance these

loss discrepancies.

For Comment (2), we agree that ensemble wave outputs can be generated by using ensemble wind forcings. This
represents a significant potential application of our wave model surrogate. The Al model’s computational efficiency
allows it to process more ensemble members of wind forcing compared to NWMs, reducing time and computational
costs. However, this application is beyond the scope of the discussion in this section.

Regarding Comment (3), again, we need to mention that smoothing effect is not an issue for wave modelling.
Additionally, it is important to note that the epoch ensemble method involves "smoothing" across ensemble members
rather than spatial or temporal smoothing of the data itself.

9



285

290

295

300

305

310

315

Fig 2: It looks like the "AI model with data assimilation" results are NOT free forecasts but analyses performed every 6
hours along with short-term (0-6h) forecasts.

Yes, the assimilation is performed every 6 hours, and the results are not forecasts but hindcasts (with ERAS wind as
inputs). Also, the time interval for assimilation can be freely configured in the provided python codes.

Line 220: "This suggests that the simple Al model can function independently, at least, in certain scenarios." What does
this mean and what scenarios it refers to? Need clarifications.

Many previous Al SWH models, such as Zhou et al. (2021) and Ouyang et al. (2023), have to be used with the help of
NWMs (providing the initial field), so that they cannot be used independently. While this model does not need any
information from a NWM so we call it "function independently". After realizing that this might be a bit confusing, this
sentence is revised to: "This suggests that the simple Al model can work without the assimilation of observation and the
information from NWMs, at least, in some applications such as modelling the SWH in wind-sea dominated regions"

Fig. 3,4, 5: Are the results in these figures from the Al model with or without data assimilation?

The results shown in Figs. 3, 4, and 5 are from the AI model without data assimilation. It is worth noting that even
without assimilation, the proposed Al rolling model achieves accuracy comparable to numerical models when evaluated
against the CCI altimeter dataset in wind-sea-dominated regions. To avoid potential misunderstandings, we will revise
the figure captions in the revised manuscript as follows:

Figure 3: The variation of global overall error metrics between the Al SWH model outputs and ERAS with simulation
time: (a) CC, (b) bias, (¢) RMSE, and (d) SI. The orange lines and shaded areas are the same as those in Fig. 2, but no
epoch ensemble is used. The blue lines and shaded area are the corresponding results for the cold start with an initial
field of zero SWH. These results do not use data assimilation.

Figure 4: Comparison of SWHs from the Al model (without data assimilation) at 240-h hindcast time (when the errors
are stable) with ERAS for the year 2020. (a) Scatter plot between the SWHs from the two datasets. (b-¢) Global spatial
distributions of CC, bias, RMSE, and SI, respectively.

Figure 5: The same as Fig. 4, but the comparison is between the 240-h SWH hindcasts of the Al model and the CCI-
Sea State dataset.

Line 378-379: "why the Al model can slightly outperform the NWM in these areas." If we want to draw this conclusion,
we will need to run both the NWM and Al models with the same settings and compare them directly.

10
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We have to admit that it is difficult for the NWM and Al models to have the same setting because they are fundamentally
different approaches. The settings used for Al models cannot be directly implemented in NWMs, and vice versa.
However, we have provided a comparison between a state-of-the-art NWM hindcast dataset, WW3-ST6, and altimeter
observations in Figure S4 of the Supplementary Materials. We put this figure in the Supplementary Materials to save
space, because it is only used as a reference. This figure can be directly compared with Figure 5 in the main text. The
results indicate that the Al model slightly outperforms the NWMs in certain regions, such as the westerlies in the

Southern Hemisphere.

Lines 386-390: The initial value problem has a predictability limit (around 10 days for the wave forecasts). So one would
not expect the impact of initial SWH will last beyond ~10 days.

We agree with the reviewer's observation, but it appears we may not have fully grasped the main point of this comment.
Wave modeling, fundamentally, is not an initial value problem. The 10-day limit of wave forecasts primarily stems from
the 10-day predictability limit of weather (wind) forecasts. If high-quality wind data are available, such as in hindcast
scenarios, it is feasible to model waves over longer periods for both our Al model and NWMs.

Line 423: "An important advantage of the Al SWH model proposed here is its low computational cost compared to
traditional NWMSs.": It will be good if we can give concrete examples of the computational resources needed by the Al
SWH model and the traditional NWM:s.

We have incorporated the corresponding description into the revised manuscript according to your comment: " For
example, on a personal laptop equipped with a single GTX 3080 GPU, the Al model can perform a 1-year global SWH
rolling simulation at a resolution of 0.5° x 0.5° x 1h in just 10 minutes. In contrast, traditional NWMs, such as the
WAVEWATCH III model, typically require several days to complete a simulation with the same output, even on
supercomputing facilities."

Lines 445-446: "While training such a model would be challenging, it is not an impossible task, and the rapid
advancements in Al may make this goal more achievable in the future": This sentence is too subjective, Consider revising.

We will revise the sentence to make it more objective:
"Training such a model would be challenging due to the complexity of the task, but ongoing advancements in Al
methodologies, particularly in deep learning, are continuously improving the possibility of achieving this goal."

Edit:

Line 304: "clearly evident" -> "evident"

11



360

365

370

375

380

385

390

Revised.

Thank you again for your comments and suggestions. We will update the manuscript accordingly.

Response to Chief Editor:

Dear Chief Editor:
Thank you for your detailed feedback and for providing clear guidance on ensuring our manuscript complies with the journal's

"Code and Data Policy." We have carefully addressed the issues raised. First, we have archived our code and data in the Zenodo
and assigned it and the GitHub repository an appropriate open-source license (Apache License 2.0), ensuring long-term
accessibility and usability. The DOI for the Zenodo archive is 10.5281/zenodo.14244062 and can be accessed via
https://zenodo.org/records/14244062.

Regarding the WW3-ST6 dataset, it is already a well-known and widely-used dataset in the wave community and is readily
accessible by contacting the authors via email. However, we understand the journal's requirement for open access. To address
this, we have uploaded the subset of WW3-ST6 used in this study to the Zenodo repository (10.5281/zenodo.14244062),
allowing readers to reproduce the comparisons presented in the manuscript.

Our training data consists of 18 years of ERAS reanalysis data of global wind speed and significant wave height, totaling
approximately 150 GB, which is too large for most data repositories. As this dataset is publicly available through the
Copernicus Climate Data Store (CDS), we provided the scripts in the aforementioned repository to assist readers in efficiently
and accurately downloading the data required for the model, which should be sufficient to replicate the outputs. Besides, in
the Data and Method Section, we have stated clearly that "we utilized the global SWH and 10-meter longitudinal and latitudinal
components of neutral wind (U10 and V10) from the ERAS dataset for the period 2000-2017 to train the global AI SWH model.
The corresponding data in the year 2022 was used for validation to prevent over-fitting, while the model testing was conducted
with data in the year 2020. Both the wind and wave data used here are at a 0.5° x 0.5° x 1h spatio-temporal resolution". Any
readers who have experience downloading data from CDS should be able to download the data mentioned above. Regarding
the output, the outputs generated by our rolling model are derived from over 200 different initial conditions on the test sets,
exceeding 100 GB in size, which is also too large for most data repositories. To facilitate reproducibility, we have uploaded
all the required test data to the Zenodo repository (10.5281/zenodo.14244062). Readers can easily reproduce the outputs by
running the code provided in the repository without the need to download any additional data themselves.

Furthermore, we have included additional data in the Zenodo repository (10.5281/zenodo.14244062) to support validation
and further analysis. These include the original data files used for the performance evaluation of the models based on altimeter
data and the movies provided in the manuscript’s supplementary materials.

We have updated the manuscript's "Open Research" section and these modifications will be reflected in the revised manuscript.

It now states:
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The ERAS data is downloaded from Copernicus Climate Data (https://cds.climate.copernicus.cu/). The CCI-Sea State dataset
is downloaded from the Centre for Environmental Data Analysis (https://archive.ceda.ac.uk/). The WW3-ST6 dataset is
available from Liu et al. (2021), and the subset used in this study is available in the Zenodo repository
(https://zenodo.org/records/14244062). The Al models established in this study and relevant test data have also been archived
in the Zenodo repository (https://zenodo.org/records/14244062).

We believe these updates address the issues raised and ensure compliance with the journal's policy. Please let us know if there

are any additional concerns or further clarifications required. Thank you for your time and assistance.
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