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Summary  

The authors train machine learning (ML) models to reproduce lidar-based snow depth 
measurements across a large spatial domain, several years, and different points in the season. 
Using the trained models, the authors predict the effect of forest fires on snow depth by 
perturbing the model predictor variables to represent counterfactual burned and unburned 
conditions. The authors analyze spatial and temporal variability in these model predictions and 
provide a process-based interpretation of their data-driven findings. 

Strengths 

The fundamental premise of the study is fairly obvious and simple, yet elegant and interesting, 
which is perhaps the best kind of study. The application of “big data” (>100 lidar surveys) to 
post-fire snow hydrology is important and novel. This is the kind of paper I would definitely cite 
in the future, and it provides a clear launching pad for similar future investigations (perhaps 
comparing additional models, finer resolutions, or other geographic areas). The efforts towards 
a physical interpretation of ML results is also commendable. The numeric results are interesting 
both from a basic science standpoint and are directly transferable to water/forest management 
questions and future model validation applications. 

We’re pleased to hear that you found the paper to be important and novel, and we appreciate 
your thoughtful and thorough review. We’ve responded to your major and minor comments 
below, with substantial planned edits to the manuscript to incorporate your suggestions.  

Main Comments 

(1) Treatment of non-forest alpine areas  

It is unclear to me how the authors are currently treating the large portions of the study 
watersheds that are above treeline. In the Sierra Nevada, there are many thousands of km2 
covered by talus and granite bedrock. In these alpine areas, it would be meaningless to talk 
about the effect of burning a non-existent forest. It seems like the authors may have dealt with 
this issue by masking out pixels with <10% forest cover, but persistent usage of terminology like 
“basin-wide” makes this unclear. Additionally, several of the figures clearly show predicted ΔSD 
(snow depth difference in burned forests) across entire basins, even in high alpine regions 
without forests, which is confusing and physically implausible. I see two possibilities: (A) the 
current study is masking out the non-forest pixels already, in which case this should be clarified 
throughout (and the maps should be similarly masked) to avoid confusion, or (B) the current 
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study is predicting ΔSD everywhere, even in barren alpine regions, which should be corrected. A 
related concern is the possibility of pixels that are initially forested and then go to 0% forest 
cover after a major fire (quite common with the RCMAP dataset used here). How are these pixels 
handled, and how are newly deforested pixels discriminated from never-forested pixels? ​
​
Thanks for pointing this out; this is an important clarification. In the original analysis, ΔSD was 
predicted across all pixels, including non-forested alpine regions, which could lead to physically 
implausible interpretations. Following your suggestion, we have revised the analysis to restrict 
all modeling and predictions to forested areas only. Specifically, we applied a 10–100% tree 
canopy cover filter using the NLCD Tree Canopy Cover product, which effectively excludes 
non-forested regions such as talus and exposed bedrock. All models have been retrained using 
this filtered dataset, and all figures have been updated to mask non-forest pixels so that ΔSD is 
only shown within forested areas. We have also clarified terminology throughout the manuscript, 
replacing phrases such as “basin-wide” with “basin-wide within forested regions” to avoid 
confusion. To address the distinction between newly burned and never-forested pixels, the 
canopy cover filter is based on pre-fire conditions (prior to 2015), ensuring that pixels that were 
historically forested but later experienced canopy loss due to fire are still included in the 
analysis, while areas that were never forested are excluded. 

(2) Informal use of “inference” language  

Throughout the manuscript, the authors refer to their methods as “inference,” but the study does 
not seem to contain any formal inferential framework. I understand that in the machine learning 
world, “inference” is used equivalently to “prediction.” However, in my view this is an 
unfortunate artifact of the informal ML lingo that should not be perpetuated in the natural 
sciences. It seems like the so-called “process-based inference” (Discussion section) is informally 
derived from the authors’ expert knowledge and literature review rather than quantitative 
inference. To call something “inference,” I would want to see a quantitative framework defining 
prior and posterior distributions, a likelihood function, etc. Maybe a compromise would be to 
call it “process-informed reasoning” or something? Things like Bayesian ML do exist, and 
should be distinguished from the informal inferential procedure used here (not that informal 
inference doesn’t have a strong legacy in hydrology…cf. Beven’s GLUE). Specific suggestions for 
rewording are included in my detailed comments. If the authors want to persist in using 
“inference,” I think this should be very carefully and explicitly caveated where it appears 
(Abstract, Methods, Discussion, etc.) to acknowledge that the type of “inference” performed here 
does not yield statistical confidence intervals, posterior distributions, hypothesis tests, etc. 
Alternatively, the study could be reworked to leverage the large wealth of hybrid Bayesian-ML 
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approaches, which could enable true inference in a statistical sense, but this would probably 
require quite a bit of additional work, so it’s probably easier to change the language.  

Thanks for this thoughtful comment, and we agree that overall the term “inference” carries a 
specific meaning in a statistical context that is not fully aligned with how it is sometimes used in 
machine learning. In response, we have revised the manuscript to avoid potential ambiguity 
using the term “inference”. We also clarified that our approach does not constitute formal 
statistical inference but uses predictive modeling to assess changes in snowpack post-fire. While 
we agree that hybrid Bayesian–ML approaches could enable a more formal inferential 
framework, implementing such methods is beyond the scope of the present study, which is 
primarily focused on process interpretation. 

(3) Spatial autocorrelation and cross-validation  

The out-of-sample predictive accuracy of the trained model is obviously of paramount 
importance for this study, since that is how the snow depth difference is calculated. However, the 
current approach to model validation is potentially impacted by spatial autocorrelation, and a 
more robust approach to train/test data partitioning would greatly enhance believability. Section 
2.3 refers to “cross validation” and “out-of-sample comparison,” but it is unclear how the 
separate train/test sets are derived for these comparisons. Lacking any specific explanation, I 
assume that all pixels within a single ASO survey were randomly sampled for training the trees 
comprising each XGBoost model. However, with 50 m grid cells covering a complete spatial 
area, most grid cells are adjacent to many other grid cells with near-identical predictors (nearly 
the same elevation/aspect/slope/forest/fire history). Thus, I wonder whether the model is actually 
learning meaningful information, or whether it is just interpolating between pixels. For example, 
if the pixels at (x, y-1) and (x, y+1) are in the training dataset, it is quite easy to predict the pixel 
at (x, y) in the test dataset through simple spatial interpolation. Thus, I am concerned that the 
cross-validation error metrics could be confounded by spatial autocorrelation within the gridded 
snow depth data. The way I have handled similar problems myself is by separating train/test 
datasets using a large grid, e.g., alternating 1 km blocks of training and test pixels. In the 
authors’ application, the model is asked to predict the effect of hypothetical fires at locations that 
are many kilometers away from any historical fire location. Thus, the authors should 
demonstrate that the model is capable of predicting snow depth at a similar distance from the 
training data, not just the next pixel over. For each ASO survey, I suggest imposing a 1 km (or 
larger) grid of train/test regions, training the model only within some of these 1 km grid regions, 
and testing the model predictive accuracy on the other out-of-sample 1 km grid regions. This 
would provide more of a true out-of-sample estimate of predictive accuracy since snow depth 
autocorrelation is much lower at kilometer scales compared to 50 m. This would also overcome 
some of my concerns about using UTM x-y as a predictor variable (namely, that the model can 
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just memorize the snow depth map by interpolating between known training coordinates).​
​
Thanks for this thoughtful suggestion. We implemented a spatially structured cross-validation 
approach by partitioning each ASO survey into 1-km grid blocks and assigning entire blocks to 
either training or testing sets. This ensures that neighboring pixels are not split across datasets, 
thereby reducing the influence of spatial autocorrelation and providing a more realistic estimate 
of out-of-sample predictive performance. Under this framework, model performance remained 
largely consistent and in some cases lower, indicating that the model is not solely relying on 
local interpolation and retains predictive skill at kilometer-scale distances. As a result, this did 
not change the overall results of our study but increased the robustness of the model's predictive 
abilities (see figures below). The lower RMSE of the model could also be attributed to further 
limiting training and predicted pixels to forested areas.  We chose to retain UTM x–y coordinates 
as predictor variables to capture broad-scale spatial patterns that are not fully explained by the 
other topographic variables. The spatial blocking approach mitigates the risk that the model is 
simply memorizing local spatial patterns. In addition, following the reviewer’s suggestion below, 
we incorporated topographic roughness and position metrics into the model to better represent 
fine-scale terrain influences on snow distribution.​
​
New figures: 
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Figure 2. Cross validated root mean squared error (CV-RMSE) for burned (red) and unburned (blue) pixels for every acquisition 
by (a) year of flight, (b) month since peak SWE, and (c) basin.   

 

 
  
Figure 3. (a) Basin-wide average percent difference in snow depth (ΔSDBW) by month relative to peak SWE. (b) ΔSDBW by 

basin and month relative to peak SWE. Each point represents one acquisition. Black triangles are the median ΔSDBW for each 
month since peak SWE for each basin. Negative values on the x-axis indicate acquisitions before peak SWE; positive values 
indicate acquisitions after. Months are binned in 30-day intervals.  
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Figure 4. Maps of post-fire snow depth percent difference (ΔSDP) for water years 2023 and 2024—the years with the most lidar 
acquisitions—across nine study basins by month since peak SWE. See Figure S4 for maps from other years.  
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Figure 5. (a) Interquartile range of post-fire snow depth percent difference (ΔSDP) by elevation band across all basins; text 
denotes fraction of basin area within each elevation band. Black line indicates median. (b) Same as in (a) split out by month since 
peak SWE.   
  

  

Figure 6. Median post-fire snow depth percent difference (ΔSDP) by aspect. (a) ΔSDP by aspect for each month relative to peak 
SWE. (b) As in (a), shown by elevation band (m).  
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Detailed Comments 

Abstract: “trained on 50-m resolution airborne lidar [snow depth data?]”  

Good catch. We added “snow depth data” on Line 10. 

Abstract: The sentence beginning “During the accumulation season” seems out of place to 
me—I would expect some broader statement first, like “On average, snow depth is X% lower in 
burned areas.” ​
​
Good suggestion. We placed, “Across all 115 acquisitions, 44% of accumulation-season 
acquisitions, while  83 % of ablation-season acquisitions had a lower average predicted snow 
depth in burned areas compared to unburned areas.” before “During the accumulation season…” 
to provide broader context.  

Abstract: “basin-wide average predicted snow depth in burned areas” is unclear to me— 
presumably it’s implausible for the entire basin to burn, since much of it is just alpine rock? 
Maybe just take out “basin-wide” in the abstract until this can be clarified later.  

Thanks. We removed “basin-wide” from the abstract for clarification.  

Abstract: Sometimes the lower elevations actually have an increase in burned snow depth if I 
understand correctly? Might be worth adding that to the “smaller, near-zero changes.”  

Thanks. Added “near-zero change” to Line 17.  

Lines 26-27: “long-lasting impacts of large fires on mountainous snowpacks” Maybe add 
“mountainous snowpacks and snow-dominated water resources” to broaden the implications? 
We just had a study accepted at HESS might be relevant, which shows that the Creek Fire 
increased annual San Joaquin runoff by as much as 18% during a drought year, with substantial 
implications for water management in that basin: Boardman, E. N., Boisramé, G. F. S., 
Wigmosta, M. S., Shriver, R. K., and Harpold, A. A.: Improving Model Calibrations in a 
Changing World: Controlling for Nonstationarity After Mega Disturbance Reduces Hydrological 
Uncertainty, EGUsphere [preprint], https://doi.org/10.5194/egusphere-2025-1877, 2025  

Good suggestion. We added “and snow-dominated water resources” to Line 29 and citation for 
the paper you suggested.  

Line 39: This string of citations seems to have some typographical errors and repeats ​
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Good catch. Duplicate references were removed.  
 
Line 81: “relatively accurate” might be an understatement given the nominal snow depth 
uncertainty of < 1 cm when aggregated to 50 m resolution (cf. ASO survey reports). Also, the 
observations are at 3 m resolution, which seem to be typically distributed along with the 50 m 
data in the survey zip folders.  
 
We included this minor caveat because by necessity, ASO is only evaluated with respect to 
locations with observed in situ SWE, meaning that errors in the highest elevations and steepest 
slopes (where minor geolocation errors would be highly consequential) cannot be strictly 
quantified. We agree that ASO seems to be highly accurate, but feel that a minor qualifier is 
appropriate given this (unavoidable) limitation to uncertainty quantification. We modified the 
text to note that observations are at 3 m resolution and aggregated to 50 m data. 
 
Line 85: Not just the irregular timing of surveys—the interannual weather variability also 
massively confounds pre/post-fire analyses, which is why counterfactual modeling experiments 
(as done here with ML, or using process-based models) are the norm for disturbance attribution. 
Interannual variability in albedo caused by different levels of atmospheric deposition could also 
be salient for a snow study.  
 
Added “and interannual weather variability” to the end of the sentence on Line 86-87.  
 
Line 98: “changes vary” is confusing wording to me—it’s technically correct, and I know what is 
meant, but maybe consider rewording for clarity?  
 
The sentence was changed to, “ understand variability in post-wildfire impacts on snowpacks” 
(Line 99).  
 
Line 107: “five-year study period” is confusing because of the two preceding date ranges—it 
seems like there are two periods under consideration (2015-2024 and 2020-2024), and it’s not 
immediately clear how these two periods are being used differently.  
 
We replaced “5 year study period” with “In the Sierra Nevada, water years 2020-2024” on line 
109.  
 
Figure 1: I think this would be really cool as a multi-panel figure, with a second panel showing 
the most recent year burned (colors filled within each fire perimeter) and perhaps additional 
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panels showing RCMAP forest cover and ASO snow depth (perhaps the maximum pixel-wise 
snow depth across all acquisitions?)  
 
Thanks for the suggestion. We added percent tree cover from NLCD and max snow depth maps.  
 

 
  
Figure 1. Map of (a) elevation, (b) tree cover, and (c) mean snow depth across the Sierra Nevada. The basins shown are the 
nine basins used in this study based on the criteria stated above.  

 
Line 121: Some years/basins have even more than 6 flights (2016 in the Tuolumne comes to 
mind), so perhaps just say “from one to six or more flights per season”  
 
We added “or more” on Line 128.  
 
Line 122: The total area of “2e17 km2 ” seems to be a typo, because this is physically 
implausible. For reference, the land area of Earth is 1.5e8 km2 , which is 9 orders of magnitude 
smaller. Given 115 ASO flights, with a maximum basin area of say 10,000 km2 (i.e., the Feather), 
the total surveyed area cannot be more than 1e6 km2 . Similar problem in Table 1: why are the 
units in 1015 km2 ? This is again physically implausible. I would recommend just listing the 
basin areas in km2 , since the area of each basin falls in the range of ~1,000 to ~10,000 km2 .  
​
Great catch. Line 122 was updated along with Table 1 with the correct units. 
 
Line 138 (RCMAP section): I would add a sentence outlining the basic methodology for how 
Rigge et al. derive these data. Also, be careful of using the year immediately before a fire. I 
haven noticed that major fires often show up as “ghosts” in the prior year’s dataset (i.e., the 
September 2020 Creek Fire perimeter is visible in the 2020 RCMAP data as a slight reduction in 
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canopy cover, even though there was no fire effect during the 2020 snow season). They might 
have fixed this in a later data release—not sure—but definitely worth visually checking some of 
the immediately pre-fire years. Additionally, I have noticed that the canopy cover in RCMAP is 
often reduced to 0% or 1% after a major fire—how is this being handled in the >10% masking? 
Specifically, do pixels that are initially forested and change to 0% tree cover after a fire still get 
included in the ML training? Are the authors using a static mask across all years (in which case, 
what years are used to define the 10% threshold?) or are the authors using a dynamic mask for 
each separate year (in which case, how do newly treeless pixels get handled?)  
 
Upon investigating the RCMAP dataset further, we do see fires appear ahead of time. As a result, 
we pivoted to the Forest Service NLCD canopy cover product. See response to major comment 1 
for more details on the dataset change.  
 
Line 145 (Peak SWE section): might be worth checking pairs of ASO flights from before/after 
SNODAS peak SWE to validate that all of the post-peak-date ASO surveys have less basin-total 
SWE than the pre-peak-date surveys.  
 
We decided not to conduct this analysis because ASO flights before peak SWE could very well 
have less SWE than post-peak ASO flights if substantial snow accumulations occur between the 
pre-peak flight and the date of peak SWE, or if snowmelt is minimal between peak SWE and the 
post-peak flight. The determination of peak SWE date is admittedly somewhat uncertain, but 
based on the way it is used in this analysis, we think minor errors in peak SWE date are unlikely 
to be impactful to the results. Moreover, recently preprinted work in this journal (Ritchie et al., 
2025) indicates that SNODAS is quite accurate relative to ASO, lending additional confidence to 
our peak SWE date determination. We added a sentence, “Compared to ASO flights from 
2014–2024, SNODAS performed well among SWE products, providing confidence in its ability 
to capture peak SWE across basins (Richie et al., 2025)”  (Line 161-163).  
 
Section 2.3: A word search doesn’t return any results for “counterfactual,” which I think is a key 
word related to the approach here. Specifically, it would enhance the clarity in my mind if the 
authors specified that the ML model is used to predict snow depth in counterfactual 
burned/unburned scenarios, which eliminates the issue of interannual variability for the burn 
effect attribution. Might also help with future keyword search optimization. 
 
Thanks for this suggestion. We’ve made edits throughout to respond. In the abstract, we now use 
the term “counterfactual” and have edited the text substantially to more clearly introduce our 
method as a counterfactual approach. We also now use the term “counterfactual” in our 
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introduction of the approach in the introduction, methods, and discussion. In many cases, we 
replaced the word “hypothetical” with “counterfactual,” which we agree is more specific.  
 
 Line 161: Using UTM x and y as predictors is potentially problematic. With a large enough 
model, it could just memorize the snow depth for each unique x-y location. Currently, there 
seems to be no justification for why these x-y predictors are used, or what the plausible physical 
interpretation would be. I suspect this is being used to capture synoptic scale weather patterns, 
i.e., “the north side of the basin gets more snow,” but in that case, why not use climatological 
maps from PRISM or similar? At minimum, I would like to see some explanation of what these 
x-y predictors are intended to capture, and a more robust spatial sensitivity test (see major 
comment on spatial autocorrelation and validation). Ideally, I would like to see if similar results 
could be reproduced using something other than x-y, such as interpolated climatological maps, 
or even a smoothing kernel applied to the ASO snow maps (to capture preferential deposition or 
other weather effects that might be missing from climatological maps).  
 
Indeed, our aim was to capture synoptic-scale weather patterns that are difficult to observe 
directly given sparse observational networks. While PRISM and similar datasets might partially 
capture these, all meteorological data products have known uncertainties and errors. Using x- 
and y- coordinates as predictors avoids the issue of uncertainties inherent in gridded 
meteorological products. We think the use of a more robust spatial sensitivity test, as you 
suggested, avoids the issue of essentially perfect modeling based on x- and y-coordinates alone 
(see response to your major comment). We also add a brief explanation of the aim of including 
these x-y coordinates (“using UTM x and y to capture otherwise unobserved synoptic-scale 
patterns”) (Lines 174-175). We leave the suggestions to explore other alternatives for future 
work, adding this briefly to the discussion of potential future work:  “...suggesting a potential 
need for future work examining the robustness of our more detailed results to the choice of ML 
algorithm or input variables.” (Lines 398-399).  
 
Line 163: is it realistic to treat areas that burned prior to 2015 as unburned, given the (slow?) 
growth rate of alpine conifer forests? I realize that the albedo effect is probably small after that 
much time, but I’m not convinced that the interception recovers completely that fast.  
 
We agree that structural forest attributes such as canopy interception likely require decades to 
fully recover at high elevations. However, prior work indicates that net wildfire impacts on 
snowpack diminish to near-zero within 5–10 years, particularly due to recovery of surface energy 
balance processes. Therefore, we think a 5-year threshold in this study is reasonable. We added, 
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“given average recovery time at mid-elevations is around 5 years (Koshkin et al., 2025).” on 
Line 176.  
 
Line 170: I think the “success” of a given SWE product is subjective and depends on the 
intended use; I would just take out that word and say “applied to develop a daily SWE product.”  
 
We removed the word “successfully” on Line 184.  
 
XGboost section overall: I would like to see some discussion of convolutional neural networks or 
other SOTA neural approaches to spatial ML like GANs or VAEs. In particular, convolutional 
nets can use the local spatial context for predictions (i.e., drifts downwind of terrain features, 
forest edges, gaps, etc.). This is probably less important in forest regions, which tend to have 
more uniform snowpacks—perhaps this could be stated as a justification for using a simpler 
treebased approach, combined with the computational efficiency (though backpropagation is 
also pretty efficient). I’m also curious why the XGBoost prediction features don’t include any 
topographic metrics beyond elevation/aspect/slope—what about topographic roughness, position 
index, upwind angle, etc.? ​
​
Per your suggestion, we added topographic roughness and position index calculated from the 
DEM in the xgboost prediction of snow depth.  We also agree that spatially explicit ML 
approaches could be a valuable next step, so we now mention it briefly in the discussion: “It may 
be particularly valuable to investigate the impact of spatially-aware ML models (Goel et al., 
2022).” (Line 400-401).  
 
Line 184: “under null conditions to the training data” what does this mean? Even as someone 
who fancies myself a bit of a ML researcher at times, I’ve never heard this phrase, and I suspect 
it will be foreign to many non-ML snow scientists too. Please elaborate.  
 
To make this more clear, we changed null to “baseline” conditions and added (empirically 
observed) on line 200.  
 
Line 189: I think this section should be substantially expanded since it gets at the real crux of the 
whole study—the comparison of counterfactual burned/unburned. Specifically, a few things are 
unclear to me currently: if this comparison was done “for all pixels,” does this include pixels 
that have never been forested (above treeline)? If it’s only for the masked pixels with >10% forest 
cover, see comment on RCMAP pixels that decrease to near 0% after fire. Also, why only set 
burn severity to high? It seems like for minimal additional effort, the authors could add an 
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additional interesting comparison between the effects of high/medium/low severity and number 
of years post-fire. 
 
See response to major comments above about updated methods to filter pixels only to forested 
areas. Additionally, we chose to focus the analysis of this manuscript on seasonality and 
topographic factors instead of burn severity. With an initial investigation, we did not see much 
change in our predicted medium and high burn severity, so we decided to move forward with just 
the high burn severity scenario. Although we agree that it would be something interesting to 
further investigate, we ultimately feel it would detract from the results presented and is therefore 
beyond the scope of this paper.  
 
Line 199: “basin-wide” is a bit misleading I think, assuming that the comparison is only made 
within the forested region? Maybe area-average would be a more precise term, or “basin 
average within the forested region.” Otherwise, I think this carries the implication that a 10% 
change in post-fire forest snow equates to a 10% change in basin-total snow, which is not true 
(potentially much of the snow is above treeline in some basins). ​
​
Good suggestion. We added “within the forest region” in our definition of SDBW on Line 213.  
 
Line 204: See major comment on spatial cross-validation.  
 
Thanks for this thoughtful consideration. We changed how we cross-validated the model and 
added, “To avoid spatial autocorrelation, the test/train datasets were split into 1 km blocks of 
training and testing pixels, equally sampled between burned and unburned pixels” (line 
197-198).  
 
Figure 2: A lighter shade of green might make these boxes easier to distinguish in black-and 
white. Also, something is weird with the legend—“Burn” seems to be repeated both sides of the 
red box.  
 
Great catch. We deleted “Burn” as the legend header and changed the no burn to blue for better 
contrast in black and white.  
 
Figure 3: This is great! My only thought is that “Peak” might be clearer than “pSWE” for the 
horizontal axes labels.  
 
Thanks for the suggestion. We updated pSWE to “peak” between numerical values. 
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Figures 4 and S4: I don’t understand why the ΔSD maps extend all the way to the highest reaches 
of the Tuolumne, Merced, San Joaquin, Kings, etc., which is an extreme alpine area devoid of 
forest. Are the ΔSD values calculated everywhere, or just within the forested region? It wouldn’t 
make sense to talk about the ΔSD of these high alpine slopes. If the main ΔSD stats in the paper 
are masked just to the forested region (is this what the 10% canopy cover threshold is for?), this 
should also be reflected in Figure S4 to avoid confusion.  
 
We apologize for the confusion. Now that we have set a limit to only forested areas in the 
predictions, this should be cleared up and Figure 4 and S4 no longer reflect the whole basin.  
 
Line 273: How many burned forest pixels exist above 3000 m? (Or 3500 m for that matter— 
Figure 5). Is this a sufficient sample size to justify these comparisons? In the Illilouette, we seem 
to have an upper fire line around 2600 m. Either way, it would be helpful to know the distribution 
of burn area training data with elevation.  
 
We removed the lowest and highest elevations since they had <3% of the total pixels and now 
break up the elevation bands by 250 m instead of 500. Percentages of pixels by each elevation 
band are noted in the top of Figure 5a/b.  
 
Figure 6: It looks like the 0-1500 m elevation range has a positive median ΔSD per Figure 5a, 
but I don’t see any positive ΔSD for the 0-1500 m range in Figure 6b. Am I misunderstanding 
something? ​
 
I think this was fixed by removing 0-1500 m as a category since it was such a small percent of 
the overall dataset. See the comment above for more details.  
​
Line 320: “variability in these differences varies” awkward wording, how about “these 
differences vary spatially” 
 
Thanks for the suggestion. This edited the wording.  
 
Line 367 / Section 4.2: I’m not sure I would go so far as to call this process-based, when the 
process implications seem to just be assumed from prior literature. Something more 
process-based might be calibrating a model like SnowPALM to ASO, then running it in 
counterfactual burned/unburned scenarios.  
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Agreed, this was unclear wording. We edited throughout to avoid the phrase except when 
referring specifically to process-based (or physically-based) models.  
 
Line 381: I don’t see any inferential statistics. Where is this inference performed, and what are 
the associated hypothesis tests, likelihood functions, credible intervals, etc.? Not all modeling 
experiments count as “inference” in my opinion.  
 
We agree; we originally used the term in this context to convey that we were inferring an effect 
size from the difference in the burned and unburned predictions. We recognize that this creates 
conflicts with the meaning of the word “inference” in the formal statistical sense, so we’ve edited 
it throughout to avoid it.  
 
Line 385: I think the choice of “process-based reasoning” (used here) is much more accurate 
than “process-based inference” (used elsewhere). ​
 
Good suggestion. We replace “process-based inference” with “process-based reasoning” where 
this language was still present after edits from above.  
 
Lines 386-392: This comparison of RMSE values is unfair. The other SWE datasets discussed are 
not directly trained on the target data. In theory, given a large enough model and enough 
predictors, the approach used here (“predicting” SWE within individual flights) should achieve 
RMSE ~0, since the true answer is used as the training data.  
 
Because we still use a calibration/validation approach with testing data withheld, we disagree 
that the method applied here could reach RMSE ~0. Nonetheless, we agree that the fact that we 
train on each flight provides an unfair advantage to our method relative to other products. We 
edited the text to read: “Previous work has assessed error of model products based on SWE, 
rather than snow depth, and generally targets generalizable predictability across space and time, 
while we aimed only for predictability within each flight, which is ultimately an easier machine 
learning task.”  (Line 408-410).  
 
Line 393: The authors seem to pose a false dichotomy between “traditional statistical 
approaches” and “machine learning,” when in fact there is a substantial overlap. Relegating 
“traditional statistics” to just mean “linear regression” ignores a huge body of prior work on 
advanced nonlinear statistical inference. For instance, Gaussian Process regression is a fully 
Bayesian ML method that does not require pre-specifying functional forms, most Bayesian 
sampling algorithms use the same automatic differentiation method that is at the core of all 
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neural networks, etc. Moreover, techniques like variational Bayes can be interpreted equally well 
using either traditional statistics or machine learning conceptualizations 
(https://en.wikipedia.org/wiki/Variational_Bayesian_methods). I suggest that the authors 
substantially reword or remove this section in light of the considerable overlap and 
intermingling between “traditional statistics” and “machine learning,” rather than just 
dismissing “traditional statistics” as basically antiquated.  
 
Thanks for pointing this out; we agree that traditional statistics and machine learning exist upon 
a continuum and did not mean to suggest that classical statistics are antiquated. We’ve edited the 
paragraph so that it now reads: 
 
“The machine learning approach applied here is functionally an extension of classical statistical 
methods, with an additional level of flexibility to take advantage of modern large datasets. 
Classical statistical models, such as linear regression or generalized additive models, require 
more pre-determined assumptions about data structures and interactions among variables (Wood, 
2017). In contrast, XGBoost and other machine learning algorithms can flexibly model 
nonlinearities and higher-order interactions without pre-specifying functional forms, and are 
robust to outliers. These strengths are particularly valuable in studies assessing wildfire impacts 
on snow, where the effects of burn severity, canopy loss, and terrain features on snow depth are 
spatially heterogeneous and interact in non-linear ways. Using high-resolution ML predictions, 
we bridge a methodological gap in snow hydrology, allowing for robust assessment of the 
relative influence of topography, seasonality, and fire on snowpack loss in areas where pre-fire 
observational data may be unavailable or not comparable to post-fire data. Future work should 
explore how burn severity impacts post-fire snow loss.” (Lines 416-425). 
 
Line 404 (Hydrologic impacts section): I would add more references to literature specifically 
addressing the hydrological impacts of fire in the Sierra Nevada, not just the snow impacts. In 
addition to our study of the Creek Fire water yield effects cited earlier, here are a few more:  
 
Abolafia-Rosenzweig, R., Gochis, D., Schwarz, A., Painter, T.H., Deems, J., Dugger, A., Casali, 
M. and He, C. (2024), Quantifying the Impacts of Fire-Related Perturbations in WRF-Hydro 
Terrestrial Water Budget Simulations in California's Feather River Basin. Hydrological 
Processes, 38: e15314. https://doi.org/10.1002/hyp.15314  
 
Boisramé, G. F. S., Thompson, S. E., Tague, C., & Stephens, S. L. (2019), Restoring a natural fire 
regime alters the water balance of a Sierra Nevada catchment. Water Resources Research, 55, 
5751–5769. https://doi.org/10.1029/2018WR024098  
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Roche JW, Goulden ML, Bales RC. Estimating evapotranspiration change due to forest treatment 
and fire at the basin scale in the Sierra Nevada, California. Ecohydrology. 2018; 11:e1978. 
https://doi.org/10.1002/eco.1978  
 
We agree that providing some more context regarding the consequences of fire for hydrology in 
the Sierra broadly is a useful addition, although, of course, we cannot cover the full scope of 
literature within the scope of the manuscript. We’ve added references to the suggested papers in 
section 4.3, in Line 439.  
 
Line 407: “entire basin as hypothetically burned” even huge areas of granite talus above 
treeline?  
 
We added, “in forested areas” for clarification on Line 424.  
 
Conclusion: This is a nice concise summary, well done. 
 
Thanks! ​
​
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Reviewer 2:  

Overall Comments: 

This article aims at quantifying the impact of forest fire on the seasonal snowpack distribution in 
the Sierra Nevada in the western US. It leverages a time series of 115 high-resolution snow depth 
maps measured with airborne lidar between 2015 and 2024, fire and topographical data to 
generate predictive model of the snow depth. The impact of fires is further evaluated by applying 
the models to different scenarios assuming fires and lack of fires. The topic is interesting and the 
problematic is well addressed, using a large amount of state-of-the-art dataset. The article is 
well-written, the conclusions seem valid and are clearly presented. Figure 3a, for instance, is a 
great illustration of the varying impact of fires across the snow season. My comments below 
should be easily addressed. I would only recommend to improve the figures and to clarify a bit 
the method. I understand that using the specific terms is a very effective way to communicate the 
methods to an expert audience but this might not be the case for most readers of the Cryosphere 
(see comments about L181-187).​
 
Thank you for your thoughtful suggestions and encouraging feedback. In response to your 
comments, as well as those from Reviewer 1, we have revised the figures and the Methods 
section to improve clarity. We simplified the language around the ML model to make this study 
more accessible to the broader cryosphere community.  
 
Detailed Comments: 

Suggestions of text modification are in bold.  

L24-L37 Could these paragraphs be reorganized ? I would keep the first paragraph 
geographically general about snow and fire (global scale), and only introduce the region of 
interest in the second one. The focus on western US arrives too early and a bit as a surprise (L27 
« While recent work... »)  

Thanks for the suggestion. We removed “western US” from the first paragraph.  

L25 order chronologically the citations  

Thanks for the suggestion. This was ordered for newest to oldest.  

L41 « a 1150 % increase in area burned from 1984 to 2020 » is this an increase in yearly area 
burned ? Otherwise hard to grasp since the previous metric (13%) is for a time period 
(1984-2020). ​
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​
We removed this statistic for clarity and simplicity.  

L43 « compared to the 2001-2019 average » ?  

Good catch. Yes, this is compared to the mean annual fire detections. We added, “mean annual 
fire detections” on Line 44.  

L46 Varhola et al. (2010) is not very specific for fire disturbance. Maybe there is a more adapted 
reference ?  

Good catch. We replaced this reference with Koshkin et al., 2022, a review paper on fire impacts 
on snow.  

L56 « (( »  

Extra “(“ was removed. 

L107 « the occurrence of at least one wildfire between 2015 and 2024 » are fires defined by a 
minimal burned area ?  

Yes. We used the MTBS data produced by the US government. This dataset only captures fires 
larger than 1000 acres. We added, “(> 1000 acres) on Line 139.  

L108 to avoid () close to each other : « in 2021 (... », « in 2023 (... » L115 Consider adding a 
Study site section with some information about the topography, forests and fires type.  

We thought a full study site section would be too much given the length limitations, but added a 
few sentences to provide some context about the region: “The basins ranged over 300-3600 m in 
elevation. Forests are predominantly coniferous, extending from lower elevation ponderosa pine 
forest beginning at 1000-3000 feet of elevation through mixed conifers, a belt dominated by fir, 
and the subalpine zone in the highest forested elevations (SNEP, 1996). Historical fire intervals 
varied as a function of sociocultural conditions and climate, with recent fire suppression 
preceded by four centuries with mean fire return intervals around 17.7 years (Taylor et al., 
2016).” (Lines 109-114)  

We also edited the text to avoid the excessive () close to each other as you suggested.  

L120 « procure » is not completely clear here for a non-native speaker. Could it be replaced with 
« order » ?  
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We decided that procured best accurately describes the relationship between water managers and 
ASO, so we kept this wording.  

L122 « 2e17 km² » There might be a unit problem here and in Table 1 (basin of the order of 1015 
km²). The whole Earth area is ~108 km².  

Good catch. Line 122 and Table one were updated with the correct units. 

L123 « is less than 8 cm over flat terrain »  

We added “over flat terrain” for clarification on Line 133.  

L133 « Previous studies have shown snowpacks recover from post-fire impacts within 10 years 
following a fire » Isn’t it the vegetation which recovers within 10 years ? It sounds as if the 
snowpack is recovering, independently of the vegetation.  

This sentence is getting at the impacts of fire on snow no longer being visible. To clarify the 
point, we rephrased it to says, “Previous studies have shown that the effects of fire on snowpack 
diminish within 10 years following a fire, recovering back to pre-fire  conditions” on Line 
142-143 

L143 « Pixels were filtered to those with tree cover lower greater than 10 % tree cover were 
excluded to constrain the analysis to forested areas »  

Yes. However, with suggestions from both reviewers, we have since constrained the pixels to 
10-100% canopy coverage to ensure we are only training and predicting the model in forested 
areas.  

L163 « Areas that burned prior to 2015 were treated as unburned. » I guess this is a valid 
approximation but it seems inconsistent with L133-134 where it is stated that the recover period 
is 10 years. Maybe it can be justified that most of the recovery occured within 5 years?  

Good point. We added, “given average recovery time at mid-elevations is around 5 years 
(Koshkin et al., 2025)” for justification on Line 176 

L171 « a daily SWE product » provide some details about the resolution and the scale of the 
product.  

Good suggestion, we added, “1-km daily product derived from modeling and data assimilation” 
on Line 158.  
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L179 « )) »  

Second “)” was removed.  

L181-187 This paragraph is a bit hard to grasp for a non-expert in machine learning which 
might be the case for many in the Cryosphere readers. If « parameters » and « hyperparameters 
» are the same thing, could only one term be used ? 

Parameters and hyperparameters are not the same thing. Parameters refer to the variables used to 
train the ML model (ie. aspect, slope, elevation etc). Hyperparameters refer to the tuning 
parameters of the actual ML model (ie. how many nodes per tree, how many iterations of each 
tree etc.). To help clarify this, we moved, “The hyperparameter optimization was applied to the 
learning rate, maximum depth of the decision tree, subsampling rate, a fraction of features to be 
evaluated at each split, and the number of iterations (to increase training speed and reduce 
overfitting) (Bentéjac et al., 2021). ” up to Line192-194.  

 L183 « the parameters were selected for the model with the lowest cross-validated root mean 
squared error » => « the parameters of the model with the lowest cross-validated root mean 
squared error were selected » ? A workflow figure showing the different steps would help.  

To clarify this sentence, it now reads, “We used a 5-fold cross-validation to select the parameters 
for the model with the lowest out-of-sample cross-validated root mean squared error 
(CV-RMSE)” on Line 199-200. We elected not to add a workflow figure because we don’t think 
the workflow is quite complex enough to justify the additional page count.  

L181 « before running the XGBoost model on the complete areas/domain/grid points/pixels» ? 
Otherwise I am confused about the hyperparameters optimization step : are there no model 
calculated at that step? ​
​
See comment above about hyperparameters. The random search optimization was used to find 
the best model setup to run the actual models. It was tuning the model parameters themselves, 
not optimizing the model's outputs. That step came next.  

L182 « 5-fold cross-validation out-of-sample comparison, » could this be also explained with 
less lingo ?  

We feel that some jargon is appropriate here, but edited the sentence to make it more easily 
readable: “We used a 5-fold cross-validation to select the parameters for the model with the 
lowest out-of-sample cross-validated root mean squared error (CV-RMSE) were selected.” (Line 
199-200).  
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L183-184 « CV RMSE » further in the text « CV-RMSE »  

Thanks for pointing this out. We have changed all to “CV-RMSE” for consistency.  

L184 « under null conditions » idem, less lingo, more terms specific to this case (fire, burned...)  

This was corrected above.  

L184-187 « The hyperparameter optimization was applied to… » Should this be moved the first 
time hyperparameters optimization is mentionned in the previous paragraph ?  

Good suggestion. We moved this line to the paragraph above to help clarify hyperparameters.  

L190 « canopy cover was set to 10 % » Is this empirical or is there a justification? 

We selected 10% to ensure we were capturing forest stands. We added, “A 10% threshold was 
selected to exclude sparsely vegetated pixels and isolated trees and ensure we are capturing 
forest stands.” (Lines 154-155).  

L190 « burn severity was set to 4 (high burn) » I would need to know if this is a reasonable 
hypothesis (most fires have this severity) or if this is an extreme case scenario to measure 
sensitivity. Then, it could be discussed (shortly) how lower intensity fire would impact the snow 
depth. Maybe remind too this hypothesis in the abstract and conclusion.  

Burn severity set to 4 indicates a high burn, and we selected this as an extreme case scenario to 
assess sensitivity. This is an extreme case, but not uncommon, and much of the literature focuses 
on this type of burn severity. See comments above for why we did not focus our analysis on this 
category. We added a sentence in the discussion to indicate this is an area for future work: 
“Future work should explore how burn severity impacts post-fire snow loss.” 

L205 Isn’t the CV-RMSE correlated with the absolute snow depth value (larger CV-RMSE with 
thicker snow depth)? This could partially explained the difference in CV-RMSE between burned 
and unburned areas. ​
​
Thanks for the suggestion, we added a sentence. These results may occur because deeper 
snowpacks tend to be associated with larger RMSE – the overall correlation between basin-wide 
mean snow depth and RMSE was 0.79. (lines 223-224) 

L206 Spell « IQR » once in the text.  

Good Catch. Added “interquartile range (IQR)” on Line 215.  
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L274 Is it realistic to have forest at these elevations ?  

No it is not. We have re-ran the model with only forested pixels and constrained the spatial area 
that we predicted the ML on to only these areas.  

L284-285 « high elevations remained consistently negative across both seasons » How is the 
distribution interpreted for month -3 in Figure 5b. At that time, all the distributions seem similar, 
high-elevation do not seem especially negative. ​
​
Good observation. We think this contrast is more apparent with the new results. The distribution 
of high elevation pixels seems to be larger 2-3 months after peak SWE. 

L337 « This seasonal contrast is further explained by elevation. » I am unsure about the term « 
explained ». Could it be more accurate to say « enhanced », « correlated » ?  

Good suggestion. We changed “explained” to “enhanced” on Line 343.  

L347 « This contrast could be an artifact of the definitions of high elevation as Koshkin et al. 
(2025) » Please provide more details about the differences in high-elevation definitions. ​
​
We added some context to the sentence so now it reads, “This contrast could be an artifact of the 
definitions of high elevation as Koshkin et al. (2025) found larger advance in post-fire snowmelt 
timing in the Sierra Nevada, which are lower elevation compared with the Rocky Mountains, 
especially in northern basins of the Sierra Nevada, which is consistent with our findings.” on 
Line 356-359.  

L390-392 Cite the key RMSE of these studies.  

RMSE values were added to the text from the Yang et al., 2023 SWE comparison paper.  

L397 « complex dataset » be more precise : what type of complexity ?  

We edited this text extensively in response to R1, and no longer include the phrase “complex 
dataset.”  

L424 You might want to link this idea to Raleigh et al. (2025) which advocates for the use of 
adding few in situ stations at key locations.  

Raleigh, M.S., Small, E.E., Bair, E.H. et al. Snow monitoring at strategic locations improves 
water supply forecasting more than basin-wide mapping. Commun Earth Environ 6, 665 (2025). 
https://doi.org/10.1038/s43247-025-02660-z  
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We considered this suggestion and decided not to add a citation to the Raleigh et al (2025) paper, 
as we think its relevance is somewhat marginal for the present work.  

L436 «The decrease in snow depth post-fire » Otherwise it sounds like an hypotetical decrease.  

Added “The” to the sentence for clarity.  

L446 missing a « w » at the very end of the link.  

Figure 1. Background image could use some improvement : at least a different color for ocean 
and land ? State what do the white part in the basins show. Is the legend right ? Low elevations 
seem masked. The legend is too big. Maybe split the map in 3 : one small panel overview 
showing the whole region with some geographical landmark (ocean, countries, ranges…), one 
panel over Feather and American and one panel over the other basins.  

Figure 2. In the legend : « Burn Burn No Burn. » ? a, b, c are way too high. Aestethic detail but 
it is disturbing that the boxplots do not have the same width.  

Good catch. “Burn” was deleted from the legend and the box plot width was made consistent.  

Figure 3. Maybe it is not necessary to show the median, many bins only have one or a few points. 
At least, change the symbol of the median. Having the same y-scale for all plots would help 
compare between basins.  
​
Thanks for the suggestion. We changed the median values to triangles and made the y-axis 
consistent for all plots in Figure 3b.  
 
Figure 4. It is really not easy to get information out of this figure. The colorbar is too large and 
the maps too small. Reduce the space between the maps, for instance by shifting the north in the 
maps to make the basins aligned vertically. Or provide a zoom on regions of interest and larger 
maps in supplement. Idem for S4.  
 
Good suggestions. We decreased the space between maps and made the color bar smaller. 
Hopefully, this helps with the readability of this figure.  

Figure 5. Put the median line in white on the dark boxes. « (a) Interquartile range » is for the 
boxes. What do the lines show?  

Good suggestion. We lighten the color bar so hopefully the median is more visible. We added, 
‘Black line indicates median. “ in the caption.  
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References: L572 Missing a doi for Koshkin et al. (2025). 

We added the DOI reference to Koshkin et al., (2025) 
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