
Responses to the Comments and Suggestions 1 

Editor’s comments  2 

After reading the reviewer comments and considering the concerns raised by reviewers, 3 

I am inviting the authors to post their reply. However, based on the reviewer's concerns, 4 

I would like to inform the authors that unless there is a compelling case that dispels 5 

these concerns, a re-submission of the manuscript would likely lead to a rejection of 6 

the manuscript. 7 

Re: We appreciate the opportunity to revise our manuscript and address the reviewer 8 

comments in detail. We acknowledge the editor’s concern that a compelling case is 9 

needed to justify resubmission. In response, we have carefully considered all major and 10 

minor comments, substantially revised the manuscript to improve clarity and accuracy, 11 

and strengthened the scientific basis of our methodology and conclusions. We hope that 12 

our point-by-point replies and the revised manuscript sufficiently address the concerns 13 

raised. 14 

 15 

Reviewer 1:  16 

Summary and Merit: 17 

Global air-sea flux estimates are useful for understanding the transport of heat and water 18 

throughout the globe. With this dataset, the authors use a physics-constrained data-19 

driven method to generate a dataset at moderate resolution (0.25 degrees) from 1993-20 

2017. A key improvement is realistic representation of the ratio of SHF to LHF. While 21 

I think the work itself is a very interesting exercise and think this has strong potential 22 

to be a useful dataset, I do have a significant concern that I would like to see discussed. 23 

Re: Thank you for your commonts. We have carefully considered all your comments 24 

and suggestions and made corresponding point-by-point responses and revisions. 25 

Specifically, reviewer comments are shown in black, our responses in blue, and the 26 



corresponding revisions in the manuscript are highlighted in red. We hope that our 27 

responses and the revised manuscript would be satisfactory. 28 

 29 

Main comment: 30 

I am not entirely convinced that the training dataset has large enough spatial and 31 

temporal coverage for the neural network to accurately generalize and produce a 32 

product with global-scale coverage. In particular, from Figure 2, it looks like the 33 

training observations are disproportionately from the tropical ocean. Outside of the 34 

tropics, only the northeast Pacific and North Atlantic appear to have (visually) 35 

reasonable coverage. To evaluate performance on “unseen” locations, the authors 36 

employ spatial-informed cross validation. While this procedure demonstrates that 37 

predictions are reasonably accurate at the different spatial domains that are part of the 38 

training set, this does not indicate that predictions will be accurate in regions where 39 

there are not any existing data. For instance, there are many locations in the southern 40 

hemisphere presumably characterized by different dynamics than the locations in 41 

training dataset. The comparisons between basins presented later are also only 42 

reflective of the locations in Fig 2, I think. Of additional concern is that there are many 43 

variables used in training which likely have a relationship with air-sea fluxes that is 44 

very location-specific. 45 

I do appreciate that the authors attempt to address this issue with the above, but I don’t 46 

think this goes far enough. I also acknowledge that this is not an easy comment to 47 

address (i.e., more buoy measurements cannot be used if the buoys do not exist). But, I 48 

still think the discussion of this could be improved. One idea might be to perform an 49 

even more targeted form of cross-validation, e.g., removing one of the isolated locations 50 

from training to see how well the neural network performs— and use this to quantify 51 

uncertainty. E.g., Remove the single location south of Australia from training, and see 52 

how the NN performs for predictions of that location when only the others are used in 53 

training. The current Figures 3-5 lump data together from different regions, so it is not 54 



possible to determine how well performance is for the isolated locations. Such an 55 

approach could be repeated for other single isolated locations to get a generalized idea 56 

of uncertainty at several of the remote locations not included in training. There probably 57 

could be other ways to address it as well. But in any case, there needs to be some manner 58 

of disclaimer- the R values and RMSE shown represent performance at the locations 59 

used in training and do not necessarily indicate the same performance in a generalized 60 

global sense. 61 

Re: We appreciate the reviewer’s thoughtful and constructive comments regarding the 62 

limitations in spatial coverage of the training dataset and agree that, despite our use of 63 

spatial-informed cross validation, the current approach does not fully quantify 64 

performance in truly unseen regions. Additionally, we fully agree with the reviewer’s 65 

concern that the relationships between air-sea fluxes and the selected input variables 66 

may be location-specific due to regional dynamics. 67 

In response to the reviewer’s suggestion, we conducted an additional targeted cross-68 

validation focusing on isolated locations in the high-latitude Southern Hemisphere. 69 

Specifically, we selected two buoy sites [Southern Ocean Flux buoy from the Upper 70 

Ocean Processes Group (UOP) and Global Southern Ocean Station buoy from the 71 

Ocean Observatories Initiative (OOI)], which are geographically isolated from the rest 72 

of the training dataset. We removed the data from each of these locations from the 73 

training dataset in turn and evaluated the neural network’s performance at those sites. 74 

In addition, we calculated the model’s statistical metrics at the two sites under spatially-75 

informed cross-validation and made comparison with the performance under the 76 

targeted cross-validation. The resulting metrics help assess the model’s extrapolation 77 

capability in underrepresented regions. In the revised manuscript, details of this analysis 78 

have been added as follows in the sixth paragraph of Section 3.5 and presented in Tables 79 

S4–S7. 80 

“We applied a spatial 10-fold cross-validation, which provides a more generalized 81 

assessment than traditional random cross-validation, to evaluate the BrTHF model. 82 



However, it is important to acknowledge that the spatial distribution of the training 83 

dataset is inherently imbalanced, with a heavy concentration of observations in the 84 

Tropics and the Northern Hemisphere. In contrast, the Southern Hemisphere—85 

particularly the Southern Ocean—suffers from sparse or even missing observational 86 

coverage. Given that the environmental conditions in these underrepresented or data-87 

sparse regions may differ significantly from those captured in the training dataset, the 88 

selected input variables for the observations may lead to large uncertainty in the model's 89 

performance in these areas. To further assess the model’s ability to extrapolate to such 90 

regions, we conducted an additional targeted cross-validation. Specifically, we 91 

excluded stations from the Southern Ocean [i.e., Southern Ocean Flux Station (SOFS) 92 

and Global Southern Ocean Station (GSOS)] from the training dataset and used them 93 

solely for validation. Results presented in Tables S4 and S5 show that the BrTHF model 94 

achieved the best performance in terms of LHF and β at the SOFS with lower RMSE 95 

of 15.6 W/m2 and 0.73 and higher values of r of 0.96 and 0.34, respectively, while its 96 

SHF was slightly outperformed by ERA5 and the physics-free NN model. At the GSOS, 97 

BrTHF yielded more accurate estimates for SHF and β with RMSEs of 6.38 W/m2 and 98 

0.74 and values of r of 0.95 and 0.16, respectively, compared to other products, while 99 

its LHF was marginally less accurate than that of SeaFlux and the physics-free NN 100 

model. Moreover, under both spatially-informed cross-validation and targeted cross-101 

validation, the model demonstrates comparable accuracy at the two sites, as shown in 102 

Figures S4–S7. These findings suggest that BrTHF retains competitive accuracy of SHF, 103 

LHF and β even in regions entirely excluded from training, reflecting promising 104 

generalization.” 105 

Furthermore, we now include a disclaimer in the revised manuscript emphasizing that 106 

the reported R values and RMSE reflect model performance only at locations with 107 

available observation at the end of the sixth paragraph of Section 3.5. We hope these 108 

additions address the reviewer’s concerns and improve the clarity of model 109 

generalization. 110 



“While these results are encouraging, it is important to note that the validation remains 111 

limited to a small number of sites with available observations. Therefore, the reported 112 

r values and RMSE reflect model performance in these specific locations and do not 113 

necessarily guarantee similar accuracy in broader, unobserved ocean regions.” 114 

 115 

Line-by-line comments and suggestions: 116 

Title/abstract – It might be helpful to explicitly mention that these are bulk flux 117 

predictions 118 

Re: Thank you for your suggestion. We have revised the title (Bowen ratio-constrained 119 

global dataset of bulk air-sea turbulent heat fluxes from 1993 to 2017) and abstract to 120 

explicitly mention that the products are bulk flux predictions. 121 

 122 

L66 – typo seriously “imped” 123 

Re: Thank you for your comment. We have revised “imped” to “impeded”. 124 

 125 

L68 – change “ascribed” to “attributed” 126 

Re: Revised as suggested. 127 

 128 

L70-77 – I think this section should be more explicit on what the problems are with 129 

existing parameterizations 130 

Re: Thank you for your comment. We have revised and expanded the second paragraph 131 

of Section 1 to more explicitly highlight the deficiencies in existing parameterizations. 132 

The revised text is as follows: 133 

“More explicitly, existing parameterizations often rely on simplified assumptions about 134 

atmospheric stability and boundary layer dynamics, which may not hold under diverse 135 

environmental conditions. For instance, most bulk algorithms are optimized for 136 

moderate wind regimes, resulting in degraded performance and increased uncertainty 137 

when applied under weak wind regimes (Brunke, 2002; Jiang et al., 2024). At very high 138 



wind speeds, however, observations show that the drag coefficient can decrease due to 139 

sea spray and whitecap formation, reducing effective surface roughness and potentially 140 

biasing flux estimates (Cai et al., 2025). In addition, simplifications in the treatment of 141 

sea surface skin temperature, saturation humidity, and air density in the 142 

parameterizations can also introduce substantial uncertainty (Brodeau et al., 2017). 143 

Together, these limitations can contribute a lot to the biases in the SHF and LHF 144 

estimates and can even lead to the unphysical estimations of β, as Wang et al. (2025) 145 

reported.” 146 

 147 

L78 – clarify what upscaling means in this context 148 

Re: Thank you for your valuable comment. In the revised manuscript, we have clarified 149 

what upscaling means in the third paragraph of Section 1 as follows: 150 

“Machine learning techniques have been extensively applied to upscale point-scale in-151 

situ measurements of a single variable (such as soil moisture, roughness, or temperature) 152 

into grid-scale global datasets (Wang et al., 2023; Peng et al., 2022; O and Orth, 2021; 153 

Nelson et al., 2024; Fu et al., 2023).” 154 

 155 

L93 – “patterns” 156 

Re: Thank you for pointing out our typo. We have revised “pattern” to “patterns”. 157 

 158 

L103 – I don’t understand what “their synergistic changes” refers to 159 

Re: Thank you for your comment. We apologize for the lack of clarity in the original 160 

manuscript and have revised the sentence as follows: 161 

“To improve the estimation of SHF, LHF, and β in a coordinative framework, we 162 

recently proposed an innovative Bowen ratio-informed data-driven model by 163 

considering the synergistic changes [on the one hand, ensuring physical consistency 164 

(i.e., SHF/LHF = β); on the other hand, achieving high-accuracy estimations of SHF, 165 

LHF, and β simultaneously] using a Random Forest (RF) technique (Wang et al., 2024).” 166 



 167 

L107 – ambiguous whether “this work” refers to the 2024 work or the present paper 168 

Re: Thank you for your comment. In the revised manuscript, we have specified that 169 

“this work” refers to Wang et al. (2024). 170 

 171 

L118 – “three fold” 172 

Re: Thank you for your comments. We have revised “three-folds” to “three fold”. 173 

 174 

L146-161 – I think these datasets should be listed in table form, not as a long paragraph. 175 

It would make this much easier to read. 176 

Re: Thank you for your suggestion. In the revised manuscript, we have reorganized 177 

those datasets into Table 1 to improve clarity and readability.  178 

 179 

L202 – By forcing variables, it might be helpful to clarify that this means variables used 180 

in training the neural network 181 

Re: Thank you for your valuable comment. By following the suggestions from you and 182 

reviewer 2, we have revised the title of Section 2.2.1 from “Forcing datasets” to 183 

“Learning datasets for training the neural network”. 184 

 185 

L214 – not sure it’s necessary to list these out in paragraph form. To be concise it might 186 

be better to simply refer to the relevant table. 187 

Re: Thank you for your suggestion. We would like to clarify that the information has 188 

already been summaried in the Table 1 in the original manuscript. Following your 189 

suggestion, we have removed the detailed dataset descriptions for conciseness. 190 

 191 

L276 – I am concerned that the relationships between air sea fluxes and these 11 192 

variables are not globally generalizable. 193 



Re: Thank you for your comment. Please refer to our comprehensive and detailed 194 

response to your Main Comment.  195 

 196 

L316 – Might be helpful to add a short explanation on why you chose these metrics 197 

Re: Thank you for your suggestion. In the revised manuscript, we have added a brief 198 

explanation in the fourth paragraph of Section 2.4 as follows: 199 

“These metrics—BIAS, RMSE, and r—comprehensively evaluate model performance, 200 

representing systematic deviation, dispersion between observations and estimates, and 201 

the strength and direction of the linear relationship, respectively.” 202 

 203 

L363-383, Fig 5 – While performance in terms of RMSE is clearly improved as 204 

explained, depending on the application it might be considered a deficiency that BrTHF 205 

does not reproduce extreme values of Bowen ratio that we know exist from the 206 

observations (i.e. the distribution is not necessarily better represented than the other 207 

models). I think this needs to be explicitly discussed. 208 

Re: Thank you for your comment. We acknowledge that our model does not fully 209 

capture the extreme values of β, which is a deficiency to be addressed in future work. 210 

However, from Figure 5, we would like to clarify that, although our model predicts β 211 

within ±2—slightly narrower than the observed range of ±5, other models and products, 212 

while capable of reaching ±5, generate numerous β values far beyond the observed 213 

range (e.g., 5 to 500 or –5 to –500). The distribution of β predicted by the BrTHF model 214 

is overall relatively better aligned with the observations compared to other products and 215 

models. 216 

In short, although the BrTHF model slightly underestimates the extreme values of β, it 217 

avoids the occurrence of unrealistic outliers seen in other products, making it overall 218 

better aligned with observations. 219 

In the revised manuscript, we have now explicitly discussed this limitation of β in the 220 

eighth paragraph of Section 3.5 as follows:  221 



“While incorporating the constraint of β into the model effectively suppresses outliers, 222 

it also compresses the physically plausible range of β. As a result, the distribution of β 223 

shown in Figure 5(i) differs notably from other products and models, which may limit 224 

the product’s applicability for users interested in extreme β values. It is highlighted that 225 

although the BrTHF model slightly underestimates the extreme values of β, it avoids 226 

the occurrence of unrealistic outliers (e.g., 5 to 500 or –5 to –500) seen in other products, 227 

making it overall better aligned with observations. Moving forward, we aim to enhance 228 

the model’s ability to preserve physically plausible extremes while maintaining 229 

robustness against outliers in future updates. 230 

 231 

L400+ - I think it might be useful to compare the performance by basin to the amount 232 

of data coverage between basins. This might help explain why the model performed the 233 

way it did. 234 

Re: Thank you for your suggestion. As recommended, we evaluated several indicators 235 

of the data coverage across ocean basins, including number of buoys, number of 236 

samples, buoy density, sample desity, nearest neighbor distance (NND, the distance 237 

between a given point and its closest neighboring point) and standard deviation of NND 238 

in Table S6. By computing NND for all sample points and then calculating the mean 239 

and standard deviation, we can characterize the density and spatial uniformity of the 240 

point distribution. In general, a higher mean indicates a sparser distribution, whereas a 241 

higher standard deviation reflects greater spatial heterogeneity. 242 

These indicators were then used to represent data coverage across basins and, in 243 

combination, to compare model performance among different ocean basins. In the 244 

revised manuscript, the relevant findings have been incorporated into the fifth 245 

paragraph of Section 3.5 as follows: 246 

“Based on Figure 2 and Table S8, we observe that the spatial coverage of observations 247 

varies across different ocean regions: the Northern Hemisphere generally has higher 248 

coverage than the Southern Hemisphere, with the Northern Pacific Ocean exhibiting 249 



the highest coverage, while the Arctic Ocean shows the lowest. Comparing spatial 250 

coverage with accuracy metrics reveals a more complex relationship between model 251 

performance and data coverage. Specifically, the values of r tend to be lower in regions 252 

with lower coverage — a pattern consistent across SHF, LHF, and β. However, RMSE 253 

does not follow this trend. For SHF and β, RMSEs in the Northern Hemisphere are 254 

generally higher than those in the Southern Hemisphere. Similarly, for LHF, RMSEs 255 

are higher in the Northern Hemisphere except in the Indian Ocean, where the pattern 256 

differs.” 257 

 258 

Fig 7 – I would recommend to use a color other than blue for the second and third 259 

columns. As is, it is confusing that dark blue = poor performance in column 1, but dark 260 

blue = good performance in columns 2 and 3. 261 

I also think it should be very clear that the basins here just represent the buoy locations 262 

that are available in those basins; not uniform coverage in them. 263 

Re: Thank you for your suggestion. In the revised manuscript, we updated the color 264 

schemes in the second and third columns to a diverging colormap for more consistent 265 

interpretation. We also clarified in the caption of the Figure 7 that the displayed ocean 266 

basins only reflect the locations of available buoy observations rather than uniform 267 

coverage as follows: 268 

“It should be noted that the statistical metrics for each ocean basin were calculated using 269 

observations from the available buoys within the corresponding basin.” 270 



 271 

Figure 7. Heatmaps of BIAS, RMSE and r metrics for the validation of estimated daily SHF 272 

(a - c), LHF (b - e), β (f - i) and β (-5 ≤ β ≤ 5, j - l) from the BrTHF model, the physics-free NN 273 

models and the seven products against the in-situ observations across different ocean basins. 274 

It should be noted that the statistical metrics for each ocean basin were calculated using 275 

observations from the available buoys within the corresponding basin  276 

 277 

L448-449 – That looks true for all datasets, not just BrTHF from Figure 8. I would 278 

recommend to clarify.  279 



Re: Thank you for your comment. We agree that the less pronounced peak in SHF and 280 

β compared to LHF is observed across all products in Figure 8, not just BrTHF. The 281 

sentence has been revised to clarify this seasonal pattern. 282 

 283 

Fig 8-9 – Is there a measure of uncertainty in these long-term averages that could be 284 

included on the plots? 285 

Re: Thank you for your suggestion. We chose the commonly used standard deviation 286 

to represent uncertainty of the long-term averages and have added it to Figures 8 and 9 287 

as follows: 288 

 289 

Figure 8. Intra-annual cycles of area-weighted global monthly mean of SHF (a), LHF (b) and 290 

β (c) from the eight products from 1993 to 2017. The shaded areas indicate ±1 standard 291 

deviation around the mean. 292 



 293 

Figure 9. Inter-annual evolution of area-weighted global mean SHF (a - b), LHF (c - d) and β 294 

(e - f) from 1993 to 2017. The trends were calculated based on the Sen’s slope method. The * 295 

in the sub-figures (b, d and f) represent the trend passed the Mann-Kendall significant test (p 296 

< 0.05). The shaded areas indicate ±1 standard deviation around the mean. 297 

 298 

L472 – “rest of the products” 299 

Re: Thank you for your suggestion. We have revised “the rest five products” to “rest of 300 

the products”. 301 

 302 

L482-483 – I would recommend to speculate on what regions/mechanism may have 303 

caused this positive trend, as it differs from the other products. 304 

Re: Thank you for your comment. As shown in Figure 9, the differences between trends 305 

in SHF and LHF from BrTHF product were relatively lower than those from other 306 

products. In contrast, except for MERRA2, other products show a stronger increasing 307 

trend in LHF than in SHF (e.g., IFREMER, SeaFlux, and ERA5), or an increasing trend 308 



in LHF accompanied by a decreasing trend in SHF (e.g., JOFURO3, OAFlux, and 309 

OHF). This is likely the cause of the different β trend in BrTHF (weakly positive, close 310 

to zero, and not statistically significant), and such differences can be further attributed 311 

to disparities in the accuracy of SHF, LHF, and β among the products. Considering that 312 

our validation results indicate higher overall accuracy of BrTHF product, the β trend in 313 

our product may be reasonable. Nevertheless, the reliability of long-term trends 314 

ultimately requires further observational data to determine which product provides the 315 

most accurate representation. 316 

In the revised manuscript, we have clarified the possible reason in the third paragraph 317 

of Section 3.2 as follows: 318 

“However, the BrTHF product exhibited a weak positive trend, which may be attributed 319 

to the relatively smaller differences between the SHF and LHF trends in BrTHF 320 

compared to those in other products.” 321 

 322 

Sec 3.3 – This section implies that performance between BrTHF and Seaflux-ERA5 is 323 

similar, even in regard to Bowen ratio which earlier seemed to be the point of significant 324 

improvement for BrTHF. Please comment on this. 325 

Re: Thank you for your comment. We would like to clarify that the large-scale spatial 326 

patterns of air-sea turbulent heat fluxes are primarily shaped by atmospheric circulation 327 

and sea surface properties (e.g., sea surface temperature, and salinity), which result in 328 

broadly similar spatial structures across different products as the reviewer pointed out. 329 

However, notable differences remain as shown in the difference maps (first and second 330 

rows, fourth column) and scatter plots (fourth row, first and second columns) of Figures 331 

10-12. For instance, BrTHF shows significantly higher SHF values in the high-latitude 332 

Northern Hemisphere compared to SeaFlux, with greater dispersion in the scatter plots. 333 

These spatial and statistical differences reflect the improvements achieved by our model 334 

and have been described in Section 3.3 of the original manuscript. 335 



In the revised manuscript, we have added a discussion in Section 3.3, third paragraph, 336 

to clarify the potential explanation as follows: 337 

“In addition, the OHF product did not reproduce similar large-scale spatial patterns of 338 

air–sea turbulent heat fluxes observed in BrTHF, ERA5, and SeaFlux, which are 339 

primarily shaped by atmospheric circulation and sea surface properties (e.g., sea surface 340 

temperature and salinity).” 341 

 342 

Fig 13 – It’s a bit confusing that the labels on the color bar are below the plots on the 343 

left. It might be more intuitive to add a title above each subplot rather than a colorbar 344 

label. 345 

Re: Thank you for your suggestion. In the revised manuscript, we have moved the labels 346 

to the top-left corner of each subplot in Figure 13 to improve readability and make the 347 

figure more intuitive. 348 

 349 

Figure 13. Spatial maps of inter-annual trends for SHF (a), LHF (c), and β (e) from the BrTHF 350 

product for the period 1993 to 2017. The trends were calculated using the Sen’s slope method. 351 

Dotted areas indicate oceans where the p-value of the Mann-Kendall significance test is less 352 



than 0.05. Panels (b), (d) and (f) represent the inter-annual trends of zonal annual averages 353 

for SHF, LHF and β, respectively. 354 

 355 

L553-555 – Do we trust these results, considering that there was significant uncertainty 356 

at high latitudes (and the NN was trained on few observations from high latitudes)? 357 

Could this be an artifact of the training data/procedure? 358 

Re: Thank you for your comment. Due to the scarcity of long-term observations in high-359 

latitude oceans, we assessed the reliability of simulated trends of BrTHF in these 360 

regions by comparing them with the corresponding trends from seven widely used 361 

products. As shown in Figures S2–S4, in these high-latitude regions, the trends 362 

simulated by the BrTHF are largely consistent with those of most other products—for 363 

example, SHF exhibits a pronounced increase in the Kara Sea, Gulf Stream, Baffin Bay, 364 

Brazil Current, Sea of Okhotsk, and Sea of Japan, with differences mainly in magnitude. 365 

Given that these products are developed based on physically well-founded models, we 366 

consider the trends simulated by our product to be reliable.  367 

In the revised manuscript, we have added a discussion about the reliability of simulated 368 

trends in the fourth paragraph of Section 3.5 as follows: 369 

“The generalization capability of the model can also affect the accuracy of simulated 370 

long-term trends. In Figure 13, we present the spatial distributions of long-term trends 371 

for SHF, LHF, and β simulated by the BrTHF product. Considering the scarcity of 372 

training data in high-latitude oceans, the simulated long-term trends in these regions 373 

may be associated with larger uncertainties. However, due to the lack of long-term 374 

observations in high-latitude oceans, we cannot validate the simulated trends using 375 

observational records as done in previous studies for mid- and low-latitude regions 376 

(Tang et al., 2024; Weller et al., 2022). To address this, we examined the spatial 377 

distribution of long-term trends from the other seven widely used products. Specifically, 378 

in these high-latitude regions, the trends simulated by the BrTHF are largely consistent 379 

with those of most other products—for example, SHF exhibits a pronounced increase 380 



in the Kara Sea, Gulf Stream, Baffin Bay, Brazil Current, Sea of Okhotsk, and Sea of 381 

Japan, with differences mainly in magnitude.” 382 

 383 

L588 – “custom” 384 

Re: Thank you for your comment. We have revised “customed” to “custom”. 385 

 386 

L590 – I’m unconvinced that the absence of outliers is an improvement, since outliers 387 

exist in the observations. Please comment on this. 388 

Re: Thank you for your comment. We acknowledge that outliers do exist in 389 

observations; however, many of the outliers are likely caused by measurement errors. 390 

Considering that such outliers can severely impede model training and evaluation, we 391 

deemed it necessary to constrain the β in a reasonable range to enable simultaneous 392 

high-accuracy estimation of SHF, LHF, and β.  393 

Specifically, we calculated the cumulative distribution of daily β for each product and 394 

their ensemble (across all products). The medians of the 1st and 99th percentiles, 395 

approximately -5 and 5, respectively, were selected as the minimum and maximum of 396 

valid daily β, as shown in Figure S1. We did not derive the constraints of β directly from 397 

observations, primarily because the limited spatial coverage of observations may not 398 

provide a range that is generally applicable across all ocean basins. While simulated 399 

data offer global representativeness, they may also contain outliers. Therefore, we 400 

manually set a reasonable β range based on the 1st -99th percentiles (in ascending order), 401 

as already presented in the fifth paragraph of Section 2.1. This range provides a robust 402 

basis for model development, ensuring that SHF, LHF, and β can be jointly estimated 403 

with high accuracy. 404 

In the revised manuscript, we have clarified the importance of absence of β outliers in 405 

the fifth paragraph of Section 2.1 as follows: 406 

“Although outliers exist in observations, some are likely caused by measurement errors. 407 

Considering that such outliers can severely impede model training and evaluation, it 408 



was necessary to constrain β within a reasonable range to enable simultaneous high-409 

accuracy estimation of SHF, LHF, and β.” 410 

 411 

L609-618 – I’m not sure that this isn’t also true for the present dataset based on looking 412 

at Figure 2 413 

Re: Thank you for your comment. This issue appears closely related to model 414 

generalization and has been discussed in detail in the Main Comment. 415 

 416 

L666 – Performance in terms of SHF/LHF did not clearly look superior based on the 417 

plots. Please clarify that the largest improvement is in Bowen ratio. 418 

Re: Thank you for your comment. In the revised manuscript, we have clarified that the 419 

most significant improvement achieved by the BrTHF model is in the estimation of the 420 

β, while its performance in estimating SHF and LHF is generally comparable to or 421 

slightly better than other models and products in the second paragraph of Section 5 as 422 

follows: 423 

“The BrTHF model demonstrated the most significant improvement in estimating the 424 

β, while its performance in estimating SHF and LHF was generally comparable to or 425 

slightly better than that of the physics-free NN models and the seven widely used air-426 

sea turbulent heat products (including the JOFURO3, IFREMER, SeaFlux, ERA5, 427 

MERRA2, OAFlux and OHF products).” 428 

 429 

Reviewer 2:  430 

The authors produced a heat flux dataset based on a statistical neural network trained 431 

over model reanalyses and / or buoy data (I am not sure, it is not so clear to me after 432 

reading their manuscript). They compare their product to other products, and mostly 433 

find that their product performs better.  434 

Re: Thank you for your comments. We have carefully considered all your comments 435 

and suggestions and made corresponding point-by-point responses and revisions. 436 



Specifically, reviewer comments are shown in black, our responses in blue, and the 437 

corresponding revisions in the manuscript are highlighted in red. We hope that our 438 

responses and the revised manuscript would be satisfactory. 439 

 440 

There are strong chances that conceptually, this whole work would be no use, since the 441 

reanalyses used to train their network already provide the surface fluxes. Therefore, I 442 

really don’t see the point in producing what I would call a ‘statistical shortcut’ of an 443 

existing model.  444 

Re: Thank you for your comment. We would like to clarify that the target variables in 445 

our study are sourced from in-situ buoy observations, rather than from outputs provided 446 

by reanalysis products. Although the input features for our model include variables 447 

from reanalysis, the neural network is trained to reproduce observed air-sea turbulent 448 

heat fluxes, rather than merely replicating outputs of reanalysis. Accordingly, our 449 

approach should not be considered a “statistical shortcut” of existing models, but rather 450 

a methodology aimed at improving air-sea turbulent heat fluxes estimation by 451 

integrating observations with machine learning techniques. 452 

 453 

My interpretation of the context is that historically, global surface flux datasets were 454 

developed at a time when model reanalyses were not accurate enough. In this context, 455 

independent blended-analyses gathering various satellite sensor fields and sometimes 456 

model forecasts (for stability and / or near surface air temperature) could be helpful for 457 

documenting the heat budget and it is spatial variability. Nowadays, satellite sensor data 458 

as well as in situ observations are widely assimilated in models, which results -in my 459 

opinion- in an optimum mix between physics (equations in the models) and 460 

observations, in terms of surface heat fluxes. Therefore, I don’t see why independent 461 

flux products (which are not even an ounce independent from models, since they are 462 

trained on them) should be developed any longer, the reason for which I left this field. 463 

Re: Thank you for your comment. We respectfully note that we do not fully agree with 464 



the reviewer’s perspective. Currently, multiple global reanalysis products exist, and 465 

these products are still under development and not fully mature, which contrasts with 466 

the implication that additional independent flux products are unnecessary and that 467 

reanalysis represents an optimal mix between physics and observations. While we 468 

acknowledge that assimilating satellite data and in-situ observations into process-based 469 

models can improve the accuracy of air–sea turbulent heat fluxes simulations, it should 470 

be recognized that the accuracy of flux estimates is significantly influenced by the 471 

physical representation of air–sea exchange processes, model parameterizations, and 472 

biases in inputs. Therefore, assimilation alone does not necessarily guarantee high-473 

accuracy flux estimates, which partially explains the continued need for model 474 

development and optimization. 475 

With the rapid growth in the availability of flux observations, integrating machine 476 

learning models while fully accounting for the key physical and environmental factors 477 

influencing air–sea turbulent heat exchange has become an important approach for 478 

improving the accuracy and reliability of air–sea turbulent heat fluxes estimations. 479 

Indeed, in recent years, global estimations of carbon, water, and energy fluxes, ocean 480 

currents, and temperature/salinity fields using machine learning trained on in situ 481 

observations have become increasingly common (Chen et al., 2019; Cummins et al., 482 

2023; Cutolo et al., 2024; Ge et al.; Zhou et al., 2024). Moreover, AI-driven models 483 

such as AlphaFold have achieved breakthrough progress in protein structure prediction, 484 

illustrating the substantial potential of artificial intelligence (Jumper et al., 2021). Other 485 

notable examples include OpenAI’s GPT series in natural language understanding and 486 

generation, DeepMind’s AlphaZero in surpassing human performance in complex 487 

strategy games, and deep-learning–based climate model parameterization and Earth 488 

system prediction (Brown et al., 2020; Rasp et al., 2018; Silver et al., 2018). 489 

Collectively, these successes demonstrate that scientific research is increasingly 490 

embracing a “data-driven + AI-assisted”. In our view, flux estimation should be 491 

continuously improved by integrating emerging technologies in order to provide more 492 



accurate and reliable results. 493 

 494 

At best, the authors’ product will perform the same as model fields, which is obvious 495 

according to Figure 3 and 4 (compare ERA in panels d, to ‘BrTHF’ in panel i). Worse, 496 

there is one risk when aiming at getting the highest accuracy with artificial neural 497 

networks: overtraining. This could have been discussed in the manuscript. Please note 498 

that the proposed BrTHF product does not account for negative LHF values (Figure 4i).  499 

Re: Thank you for your comment. With regard to the concern that our product may not 500 

outperform reanalysis, Figures 3 and 4 show that BrTHF achieves substantial 501 

improvements over ERA5, with RMSE reductions of ~1 W/m2 (14%) for SHF and ~5 502 

W/m2 (16%) for LHF.  503 

To address the reviewer’s concern about potential overfitting, we implemented two 504 

measures to ensure the robustness and generalizability of our model. First, we employed 505 

a spatial 10-fold cross-validation, which provides a rigorous evaluation of model 506 

performance. Second, following the suggestions of another reviewer, we conducted 507 

targeted cross-validation by withholding two high-latitude buoy sites in the Southern 508 

Hemisphere, largely independent from the training dataset, as a validation set. As shown 509 

in Tables S4 and S5, BrTHF maintained higher accuracy than the other products and 510 

models, demonstrating its reliable generalization ability. 511 

Regarding negative LHF values, we note that small negative values remain in Figure 4 512 

(i), but their magnitudes are close to zero. This is mainly due to the uneven distribution 513 

of observations and the constraints applied to the BrTHF model, which prioritizes 514 

simultaneous high-accuracy estimation of SHF, LHF, and β. Consequently, the 515 

predicted range is compressed. We acknowledge this limitation and have discussed it 516 

in Section 3.5 of the original manuscript. 517 

 518 

The authors focus on the Bowen ratio, which is supposed to give more ‘consistency in 519 

physics’, I don’t even know how to define/name it as they do… I am not convinced at 520 



all. Technically, I think it is just a matter of optimizing their neural network 521 

configuration. 522 

Re: Thank you for your comment. Regarding “consistency in physics,” we would like 523 

to clarify that our main goal is to ensure that model outputs satisfy the physical 524 

relationship SHF/LHF = β. While this relationship can indeed be maintained in the 525 

reanalysis products highlighted by the reviewer, as shown in Figures 3–6, these 526 

reanalysis models cannot simultaneously provide SHF, LHF, and β with high accuracy. 527 

Conversely, using machine learning to model SHF, LHF, and β separately can achieve 528 

high accuracy for each variable individually, but such predictions do not necessarily 529 

preserve the physical relationship SHF/LHF = β. Therefore, our work emphasizes 530 

achieving both physical consistency (SHF/LHF = β) and high-accuracy estimation of 531 

all three variables, which demonstrates that our approach is not merely an optimization 532 

of the neural network configuration. 533 

 534 

To me, it seems that the authors have downloaded a lot of data and model fields, and 535 

that they desperately look for a way to add some value using these datasets. If so, I 536 

would rather encourage the authors to analyze what is inside and produce case analyses, 537 

statistical analyses. 538 

Re: Thank you for your comment. We would like to clarify that our study is not a simple 539 

aggregation of existing data. Instead, it aims to improve simultaneous estimation of 540 

SHF, LHF, and β through a physically-informed neural network—a novel approach 541 

beyond existing case studies or statistical analyses. The results demonstrate that BrTHF 542 

reduces both RMSE and bias of SHF and LHF compared to the existing state-of-the-art 543 

products. We believe this constitutes a meaningful contribution to the ongoing efforts 544 

in improving air–sea turbulent heat fluxes estimation. 545 

 546 



In this manuscript, the principal publications are not even cited, which I consider to be 547 

a lack of respect to authors that did a pioneering work more than twenty years before 548 

them!  549 

 Bourras, D., L. Eymard, & Liu, W. T. (2002). A neural network to estimate the 550 

latent heat flux over oceans from satellite observations, International Journal of 551 

Remote Sensing, 23(12), 2405-2423. doi: 552 

http://doi.org/10.1080/01431160110070825 553 

 Bourras, D., Liu, W. T., Eymard, L., & Tang, W. (2003). Evaluation of Latent Heat 554 

Flux Fields from Satellites and Models during SEMAPHORE, Journal of Applied 555 

Meteorology, 42(2), 227-239. doi: https://doi.org/10.1175/1520-556 

0450(2003)0422.0.CO;2 557 

 Bourras, D. (2006). Comparison of Five Satellite-Derived Latent Heat Flux 558 

Products to Moored Buoy Data, Journal of Climate, 19(24), 6291-6313. doi: 559 

https://doi.org/10.1175/JCLI3977.1 560 

 Bourras, D., Reverdin, G., Caniaux, G., & Belamari, S. (2007). A Nonlinear 561 

Statistical Model of Turbulent Fluxes, Monthly Weather Review, 135(3), 1077-562 

1089. doi: https://doi.org/10.1175/MWR3335.1 563 

Re: Thank you for your comment. We fully acknowledge and respect the contributions 564 

of the pioneering studies, and in the revised manuscript, we have now carefully revised 565 

the manuscript to include appropriate citations to these important references. We thank 566 

the reviewer for pointing this out. 567 

 568 

Some comments for the introduction:  569 

-L46 ‘the evaporative latent heat flux’: the term ‘evaporative’ is not appropriate in this 570 

sentence  571 

Re: Thank you for your comment. We have removed the redundant term “evaporative” 572 

and now simply use “latent heat flux” for clarity. 573 

 574 



-L47 ‘the conductive sensible heat flux’: wrong, it is convection, not conduction, except 575 

in the first microns above the water surface  576 

Re: Thank you for your comment. We sincerely apologize for the typo and have 577 

corrected the relevant description accordingly. 578 

 579 

-L51 ‘the Bowen ratio…revealing the partitioning of water and energy over the ocean 580 

and atmosphere’: this sentence does not make any sense, and it is not helpful, in addition 581 

to what the definition of the Bowen ratio is common knowledge in this field  582 

Re: Thank you for your comment. In the revised manuscript, we have removed the 583 

related description and now provide the definition of the β upon its first appearance. 584 

 585 

-L52-L54: ‘Accurate estimation of these three parameters is an essential prerequisite 586 

for advancing our understanding of atmosphere-sea interaction’… I don’t see why the 587 

Bowen ratio would be key, and the fluxes as well as the Bowen ratio are not ‘parameters’ 588 

but ‘variables’, in this context  589 

Re: Thank you for your comment. We agree that the use of the term “parameters” in 590 

this context could be misleading, and we have revised it to “SHF, LHF and their ratio—591 

the Bowen ratio (β = SHF/LHF)”. We also acknowledge the reviewer’s concern 592 

regarding the role of β. We would like to clarify that while SHF and LHF individually 593 

describe the components of turbulent heat fluxes, β provides additional insight into their 594 

relative partitioning at the air–sea interface. This ratio not only captures differences in 595 

climate regimes (e.g., large β in cold and dry regions such as the subpolar North Atlantic, 596 

and small β in tropical and subtropical oceans), but also reflects the synergistic 597 

variations between SHF and LHF (e.g., both SHF and LHF may increase while β 598 

remains unchanged), which cannot be inferred from either flux alone. Therefore, we 599 

consider β to be an essential variable for advancing the understanding of atmosphere–600 

ocean interactions. 601 

 602 



-L57-L61: ‘To map global air-sea... as developed and widely adopted as a primary 603 

approach’. This sentence is nonsense. The Monin-Obukhov (1954) similarity theory 604 

was not developed for that, and I am not aware of any ‘primary approach’  605 

Re: Thank you for your comment. We agree that the Monin–Obukhov similarity theory 606 

was not originally developed for mapping global air–sea fluxes, and it is not accurate 607 

to describe it as a ‘primary approach’ in this context. In the revised manuscript, we have 608 

revised the sentence to more appropriately reflect its role as a theoretical foundation 609 

widely used in flux parameterization schemes in the second paragraph of Section 1 as 610 

follows: 611 

“To estimate global air–sea turbulent heat fluxes, the semi-empirical bulk aerodynamic 612 

method was developed based on the Monin–Obukhov similarity theory (Monin and 613 

Obukhov, 1954). It establishes scaling relationships between fluxes and near-surface 614 

meteorological variables such as wind speed, humidity, and temperature (Yu, 2019).” 615 

 616 

-L58: ‘easily’: I don’t see why it would be ‘easy’ to measure mean meteorological 617 

quantities, it is rather complicated, just try to get a reliable information with two 618 

thermometers mounted close to each other on a ship or on a buoy, it is a real challenge. 619 

In addition, this includes SST, which is not a meteorological variable, strictly speaking  620 

Re: Thank you for your comment. We apologize for the inappropriate wording and 621 

have made the corresponding corrections in the manuscript. We also acknowledge that 622 

including sea surface temperature (SST) in this context was misleading, and we have 623 

now corrected this accordingly. 624 

 625 

-L59: ‘metrological’: Wrong, I think the authors mean ‘meteorological’  626 

Re: Thank you for your comment. We have revised “metrological” to “meteorological”. 627 

 628 

After reading this one and half paragraph I have noted so many inaccuracies and / or 629 

wrong statements, that I don’t feel compelled to review in detail the rest of the 630 



manuscript. This manuscript looks like a science paper, but from far. To me, it is way 631 

too weak to be published.  632 

Re: We sincerely appreciate the reviewer’s feedback. We fully acknowledge the 633 

concerns raised regarding inaccurate statements in the manuscript, and have carefully 634 

considered all comments, undertaking substantial revisions to address these issues. At 635 

the same time, we have incorporated the constructive suggestions and comments 636 

provided by another reviewer, which have further enhanced the clarity, rigor, and 637 

overall quality of the manuscript. We believe that, following these revisions, the 638 

manuscript now presents meaningful and valuable scientific contributions. 639 

 640 

Other comments, maybe not in order of line numbering:  641 

-The manuscript is unnecessarily long, difficult to read. It contains unnecessary 642 

acronyms such as THF, and it contains unnecessary equations, such as the equation 1 643 

that relates the relative humidity to the dew point temperature, which is common 644 

knowledge  645 

Re: Thank you for your comment. In the revised manuscript, we have removed the 646 

unnecessary acronyms and equations for conciseness. 647 

 648 

-Figure 1 is unclear  649 

Re: Thank you for your comment. We have reorganized the flowchart to improve its 650 

readability, as shown below: 651 



 652 

Figure 1. flowchart of the generation of a global product of air-sea SHF, LHF and β by the 653 

BrTHF model  654 

 655 

-Figure 5 is statistically pointless  656 

Re: Thank you for your comment. We would like to clarify that the main purpose of 657 

Figure 5 is to present and compare the distribution of β estimates from our model and 658 

other products against observations. The highlighting of outliers in the Figure 5 is 659 

intended to demonstrate that our model effectively avoids the outliers found in other 660 

models and products. Additionally, since each panel shows two modes (with and 661 

without outliers), to maintain the figure’s clarity and avoid redundancy, detailed 662 

statistical information can be found in Table S3 and Figure 6. To prevent any 663 

misunderstanding, we have added an explanation in the caption of Figure 5 in the 664 

revised manuscript: 665 

“Figure 5. Same as Figure 3 but for β. The samples out of the ranges of observed β (-5 ≤ β ≤ 5) 666 

were colored in blue, orange, green, red, purple, brown, pink and gray for JOFURO3, 667 

IFREMER, SeaFlux, ERA5, MERRA2, OAFlux, OHF products and the physics-free NN 668 

models, respectively. The corresponding statistical metrics can be found in Table S3 and 669 

Figure 6.” 670 



 671 

-At several locations in the manuscript, the terminology used may be considered as 672 

misleading, such as L122 where they mention ‘the superiority of the model’. In this 673 

sentence, ‘model’ is ambiguous because it does not refer to a meteorological model or 674 

a physical model of any kind, but rather to a statistical model. At L136, there is also a 675 

reference to the ‘BrTHF model’  676 

Re: Thank you for your comment. We agree that the term "model" may be ambiguous 677 

without clarification. In our original manuscript, we referred to the BrTHF model as "a 678 

Bowen ratio-constrained model using the machine learning technique," which 679 

implicitly indicates that it is a statistical model. However, to avoid potential ambiguity 680 

for readers, we have revised the first appearance of the BrTHF model to clearly state 681 

that it is a “Bowen ratio-constrained statistical model using the machine learning 682 

technique”. We continue to use the term “BrTHF model” throughout the manuscript for 683 

readability. Additionally, we have revised the sentence to specify that we are referring 684 

to the statistical model developed in this study. 685 

 686 

-In the same fashion, section 2.2 is entitled ‘forcing datasets’, which I think also adds 687 

to the confusion, because forcing is usually used by ocean modelers. Here, it should be 688 

‘learning’, which term is widely used in the field of multilayer perceptrons  689 

Re: Thank you for your comment. We have revised the title of Section 2.2 to “Learning 690 

datasets for training the neural network” and updated related terminology throughout 691 

the manuscript. 692 

 693 

-In section 2.2, I could not easily understand whether only model analyses were used 694 

for the learning (which I think), or if it is a mix with buoy data. 695 

Re: Thank you for your comment. We would like to clarify that in our neural network 696 

framework, model analyses were used as input features, while buoy-based SHF and 697 

LHF observations served as the target variables for training. Accordingly, we have 698 



revised the relevant descriptions in the second paragraph of Section 2.2.1 to improve 699 

clarity as follows: 700 

“Datasets of these learning variables used as input features for training the neural 701 

network were collected from multiple publicly available sources, as summarized in 702 

Table 2 and were used as the input features for training the neural network.” 703 

 704 

-L112-L113 and L104: the authors mention several times the EC fluxes are high quality 705 

compared to bulk estimates, which denotes a complete lack of knowledge in this field. 706 

EC fluxes are very difficult to obtain at sea because of platform motion and airflow 707 

distortion, even at turbulent scales. To get more insights, the authours should consider 708 

reading the following references, for example: 709 

 Bourras, D., Weill, A., Caniaux, G., Eymard, L., Bourlès, B., Letourneur, S., 710 

Legain, D., Key, E., Baudin, F., Piguet, Traullé, O., Bouhours, G., Sinardet, G., 711 

Barrié, J., Vinson, J.-P., Boutet, F., Berthod, C., & Clémençon, A. (2009). Turbulent 712 

air-sea fluxes in the Gulf of Guinea during the AMMA Experiment, J. Geophys. 713 

Res., 114, C04014. doi: https://doi.org/10.1029/2008JC004951 714 

 Bourras, D., Cambra, R., Marié, L., Bouin, M.-N., Baggio, L., Branger, Beghoura, 715 

H., Reverdin, G., Dewitte, B., Paulmier, A., Maes, C., Ardhuin, F., Pairaud, I., 716 

Fraunié, P., Luneau, C., & Hauser, D. (2019). Air-sea turbulent fluxes from a wave-717 

following platform during six experiments at sea, J. Geophys. Res., 124, 4290–718 

4321. doi: https://doi.org/10.1029/2018JC014803  719 

Re: Thank you for your comment. We would like to clarify that our reference to EC 720 

fluxes as “high quality” was intended to emphasize their value as direct measurements 721 

of turbulent heat fluxes, rather than to suggest that they are easy to obtain. We fully 722 

acknowledge that EC measurements at sea are challenging due to platform motion and 723 

airflow distortion, even at turbulent scales. In the revised manuscript, to avoid possible 724 

misinterpretation, we have removed the wording describing EC fluxes as “high quality” 725 

and have revised similar statements elsewhere in the manuscript. Furthermore, we have 726 



carefully reviewed the literature recommended by the reviewer and added these 727 

references in the fifth paragraph of Section 1 to highlight the challenges of obtaining 728 

EC measurements over the ocean as follows: 729 

“However, since EC observations are difficult to obtain at sea due to platform motion 730 

and airflow distortion (Bourras et al., 2019; Bourras et al., 2009)—their limited spatio-731 

temporal coverage constrains the application of the model for global mapping.” 732 
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