
Author responses to comments of reviewer 1

This manuscript presents an extensive analysis of machine learning capabilities for snow depth estima-
tion. The authors compare a variety of machine learning (XGBoost) model configurations and apply a
threefold nested cross validation to evaluate their approach. The inputs to the machine learning model
are remote sensing data from Sentinel-1 (of which PolSAR had not been used before to estimate snow
depth), downscaled meteorological forcing data and physically-based model simulations. The authors
then evaluate the importance of features in the machine learning model, and the spatial predictions of
snow depth at unseen locations by the model.

The aims and findings of this study are interesting, with the main novelty being the inclusion of
PolSAR variables as well as meteorological forcings or a physically-based model forced with those to
predict snow depth at high resolution (100 m) over the Alps. I am impressed with the amount of data
processing and careful methodological procedures that the authors went through, which seems very
robust.

However, I think the manuscript should more clearly state the novelty of this study in comparison
with Dunmire et al. (2024). While the authors claim that the snow depth estimations are improved
with the inclusion of PolSAR and meteorological forcings, it is hard to see any significant improve-
ment when comparing similar figures between the manuscripts. Even within this manuscript, it is
often claimed that a method improves snow depth estimates without this clearly seen in the figures.
Furthermore, I have several concerns regarding the presentation of results, some of them are not very
clear and there are many instances of “results not shown”. I believe the authors need to improve the
manuscript before it can be published, and I hope my comments below will help.

First, we would like to thank the reviewer for the useful comments, which have helped us to improve
the manuscript. Below, we list our replies to the comments (red text). The original comments are
included in black, new text that will be added to the manuscript is shown in blue. The indicated line
numbers refer to the revised manuscript.

Main Comments

Comment 1
The title claims snow depth estimation over the European Alps, but there is no map of estimated snow
depth over the European Alps, and no map of the predicted snow depth validation over the entire
mountain range (as there is in Figure 2, and Figure 7, in Dunmire et al 2024).

We have included a Figure of predicted SD on 18 January 2018 in the revised manuscript (Review
Fig. 1), that displays how the predictions for a specific date would look like for the CombinationML

configuration. Note that not the whole Alps are covered as in Fig.7 in Dunmire et al. (2024), as the
area covered by the predictions is limited by the S1 swaths available on a specific day. The Figure also
displays the measured SD at the stationary sites as validation, and indicates those sites that display a
site bias ≤0.5 m within the spatial nested CV framework.

Comment 2
About XGBoost: Besides referring the reader to Chen and Guestrin (2016), I think there should be at
least a few lines description of what this ML model is and its characteristics, and why the authors (or
previous authors) chose this model.
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Review Figure 1: Spatial SD estimate and underestimation of the CombinationML configuration. (a)
Prediction on 18 January 2018 encompassing both an ascending and descending S1 observation, derived
as the mean SD from the five XGBoost models trained within the spatial nested CV framework.
Observations are indicated by dots and squares, with squares representing sites exhibiting a site bias
≤ −0.5 m for this framework (displayed in (b)). Estimates over Austria are highlighted, with the
yellow square marking an area of underestimation attributable to errors in the SCF product used. (b)
Measurement stations exhibiting a mean site bias ≤ −0.5 m within the spatial nested CV framework
(zero-measured SD excluded). Sites with fewer than 10 observations are excluded. Colors indicate the
configurations for which this underestimation occurs. Across the displayed sites, 23% of the observed
SD measurements ≥ 2.5 m, compared to only 2% across the full training dataset.

We agree with your comment. The revised manuscript includes a small new Subsection ”3.1 XG-
Boost model selection”, which describes the model briefly, and clarifies the usage of XGBoost in our
manuscript. In early research stages we did a small model selection experiment, in which we com-
pared different tree-based traditional ML models, including Random Forest, LightGBM, CatBoost
and XGBoost. This new Section (L229-235 in the revised manuscript) is as follows:

L229-235 ”Within this study, we deployed XGBoost to estimate SD across the European Alps. XG-
Boost is a tree-based traditional ML algorithm that constructs multiple decision trees in a sequential
order, to minimize a differentiable loss function (Chen and Guestrin, 2016). Thereby, new trees are
trained to fit the residual errors of the previously fitted trees, while incorporating regularization terms
to reduce model complexity, and including additional mechanisms that contribute to its computational
efficiency (Chen and Guestrin, 2016). We chose this model after comparative experiments with other
tree-based models, including Random Forest, LightGBM and CatBoost; and because of its use in
recent snow studies (e.g., Dunmire et al. (2024) or Goodarzi et al. (2025)).”
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Comment 3
The inclusion in the ML model of physically-based model simulations with meteorological forcing yields
a comparable accuracy than using the meteorological forcings directly as input to the ML model. As I
understand it, there is therefore no advantage of using physically-based model simulations, as this adds
unnecessary complexity. It seems the ML models learns the physics already with the meteorological
forcing. I think this is an interesting finding and should be better discussed.

This is indeed an interesting finding, which is now better discussed in the revised manuscript. With
respect to the nested CV section (Section ”4.3: Added value of meteorological forcings and Snowclim
SD estimates”), we updated the discussion as follows:

L466-478 ”Overall, the SnowclimML configuration yields the best performance (Fig. 6a and b). Un-
der the spatio-temporal nested CV framework, site MAE during snow-covered periods decreases by
at least 2.5 cm at 55% of sites, while only 16% exhibit an increase of 2.5 cm or more, relative to
the CombinationML configuration. Compared to the WeatherML configuration, the difference in site
MAE is minimal, and only significant for the spatio-temporal framework. However, the Snowclim SD
estimates appear to more accurately represent conditions at low-elevation sites (< 1000 m) during
the early snow season (Fig. 6c), highlighting the importance of reliable FSC information to correctly
indicate snow-free conditions when relying solely on meteorological forcing data. In addition, while
the WeatherML configuration displays the lowest bias of the three configurations at medium-elevation
(1000-2500 m) sites (Fig.6c), the SnowclimML configuration still performs best at high-elevation sites
(> 2500 m) during peak snow depth and the ablation period. Nonetheless, both the WeatherML and
SnowclimML configurations seem to underestimate SD near March-May, with the differences being
less pronounced for the 1500-2500 m elevation class. As such, the results indicate that directly using
meteorological forcings can achieve comparable predictive performance within the applied XGBoost
setup. This would eliminate the need to run a snow model, which reduces both computational cost
and model complexity.”

Next, we also further discussed this interesting finding within section ”4.4 Spatial snow depth
prediction” as follows:

L506-512 ”Across the nine snow surveys, the inclusion of spatially distributed SD training data pri-
marily improves predictions for lower observed SD values (Fig. 7 and E3e–g), whereas differences for
higher SD observations (≥2.5 m) remain less pronounced, albeit best captured by the SnowclimML

configuration. Despite a persistent positive bias across all configurations, the WeatherML configuration
exhibits a bias reduction of approximately 10 cm relative to the SnowclimML configuration, suggesting
that explicitly running Snowclim may not be required when the primary objective is to obtain accurate
SD estimates across the European Alps. Indeed, XGBoost effectively learns the relationship between
the meteorological forcing data and observed SD, without explicitly representing the physical processes
governing snowpack evolution.”

Nonetheless, Snowclim remains a lightweight snow model with a small computational cost. In
addition, we do not fully agree that XGBoost learns the physics. Rather, the ML models can learn the
relationship between the meteorological forcing data and observed SD well, which is most of interest
when the purpose is to deliver the SD estimates as a product. However, the ML models do not consider
nor learn physical processes occurring in the snowpack. This we also added in the revised text (see
final sentence in the blue text above).

Comment 4
Section 4.1 states a couple of times that differences are significant because p << 0.05 (e.g. dif-
ferences due to Table C1). However, the improvements are quite marginal (R2 0.88 vs R2 0.89;
MAE 0.3m vs MAE 0.29 m). I think the authors should discuss the significance based on the ab-
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solute improvement, which is very little, and not the statistical significance, which in this case is
clearly just due to the large sample size. See https://www.nature.com/articles/s41598-021-00199-5
and https://linkinghub.elsevier.com/retrieve/pii/S026151771730078X . With this in mind, the authors
should revise this section carefully.

We acknowledge that the improvements are at a rather small magnitude. This is now more stressed
within the manuscript as well, whereas before it was stated mainly in the abstract and conclusion. As
an example, we rewrote part of section ”4.1 Performance of ML configurations with S1 PolSAR and
backscatter intensity variables” as follows:

L370-382 ”The absolute improvements of using PolSAR observations, as a replacement for (or in com-
bination with) backscatter intensities, are small within all nested CV frameworks, or even minimal
within some CV frameworks. Within the spatial framework, the PolSARML and BackscatterML con-
figurations display marginal differences in performance metrics (Table 3), which likely stems from
the similar relationship of the variables with SD, and the spatial noise present in both types of S1
variables. The CombinationML configuration also shows similar overall performance compared to the
BackscatterML configuration, yet the improvements in MAE, computed per site, are significant (p ≪
0.05, 95% confidence level), resulting in an overall MAE of 35 cm, a mean site MAE of 29 cm, and a
mean site bias of 11 mm (excluding zero-measured SD). PolSAR observations moreover improve model
performance for the spatio-temporal framework, with significant improvements in site MAE for both
the PolSARML and CombinationML configurations (p ≪ 0.05, 95% confidence interval). This improve-
ment suggests that PolSAR observations, alone or in combination with backscatter intensities, more
effectively capture the seasonal evolution of SD, a conclusion that is also supported by statistically
significant gains (p ≪ 0.05, 95% confidence level) observed in the temporal nested CV framework.
Nonetheless, also here the absolute improvements remain limited, and the increased computational
cost of processing S1 SLC data into PolSAR variables relative to deriving backscatter intensity from
GRD data must be considered.”

Nevertheless, we still think it is useful to include the statistical difference. To investigate the effect of
sample size, we consulted the paper of Gómez-de Mariscal et al. (2021), and calculated the exponential
decay of the p-values for our experiments (Review Fig. 2). The values nα and nγ in Review Fig. 2
indicate the sample sizes where the significance level is reached and where ’the p-value does not change
anymore’, respectively. However, nγ is based on an arbitrary chosen p-value γ, and this γ strongly
influences the binary θ value used by Gómez-de Mariscal et al. (2021) to decide whether the differences
are truly significant, independent of the sample size. What is evident from Review Fig. 2 (with
γ = 2.5e−6) though, is the following: For the spatial nested CV framework comparing the PolSARML

with BackscatterML configuration, nα is ≫ the amount of sites used within the comparison (1022;
Review Fig. 2a). This supports the non-significance reported in the manuscript. When comparing the
CombinationML with the BackscatterML configuration, however, nγ is 929, smaller than our sampling
size, but nα is 272, indicating that the statistical significance would have been reached if only 30%
of the sample size (i.e., the amount of measurement sites) would have been used (Review Fig. 2b).
Similar results are obtained for the spatio-temporal framework (Review Fig. 2c and d), supporting our
conclusion.

Comment 5
There are several instances of “results not shown” in the paper. I think they should all be included as
they seem relevant (lines 396, 411, 465, 474, 484, 494, 501, 526, 550). There are also instances where a
result is discussed but not seen on any Figure (lines 397-399, 431-433, 497-498, 511-512, 534-537, 586)

This issue has been addressed in the revised manuscript, and all instances of “not shown” have
been removed either by the inclusion of additional Figures, discussion, or text revisions. As such,
several Figures have been revised or added to the Appendix (e.g., Fig. 6 and Fig. 3 of the revised
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Review Figure 2: Exponential p-value decay with sample size, indicating non-significance between the
PolSARML and BackscatterML configurations within the spatial nested CV framework, and significance
between the CombinationML and BackscatterML configurations for both the spatial and spatio-temporal
nested CV frameworks. (a) and (b) Comparing the PolSARML and CombinationML configurations with
the BackscatterML configuration within the spatial nested CV framework, respectively. (c) and (d)
Same as (a) and (b), but for the spatio-temporal framework. A value of γ = 2.5e−6 is used to determine
nγ , while 100 samples are used within the bootstrap procedure to fit the p(n)-curve. The mean p-
values obtained from the bootstrap procedure for the different sample sizes are shown in purple.

manuscript to backup lines 497-501, 510-512 or 586 of the original manuscript), while more detailed
discussions, previously not supported by Figures, have been relocated to the Appendix, where they are
now supported by new Figures (e.g., Fig. C2, Fig. E2, Fig. D2a, and Fig. D1 to backup lines 484-485,
494, 535-537, and 522-524).

In addition, some parts of the text have been revised to provide a more direct link with the
corresponding Figure. As an example, we revised line 397-399 to:

L416-420 ”Excluding the non-valid areas increases the overall and dry-period FI for both αs and
γ0,s
CR within the PolSARML and BackscatterML configuration, respectively. As these non-valid areas

include low-elevation areas (i.e., valleys) and densely-forested regions, locations where typically low SD
values are observed, these results suggests that XGBoost places relatively more importance on these
S1 variables at bare, higher-elevation locations that are often characterized by deeper snowpacks.”
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Comment 6
About the novelty with respect to Dunmire et al (2024). Line 344 even states that the errors are
slightly higher in this study than in Dunmire, and another example in line 434 shows very similar
results. There should be a more open discussion about the little improvement, despite the novelty of
this paper.

The intention of this paper was not to compare our results directly to Dunmire et al. (2024).
Rather, the purpose of this manuscript was to assess different input feature configurations within
an XGBoost ML setup, to see 1) if PolSAR variables improve performance compared to backscatter
intensity ones, 2) how much improvement can be achieved by including either meteorological forcing
data or Snowclim SD estimates (with smaller side questions as to how the latter two compare and
whether S1 observations are still be influential), and 3) to determine whether training XGBoost with
spatially distributed SD training data is necessary for a good representation of topographical impacts.

In the original manuscript, a comparison with Dunmire et al. (2024) was included to validate
the results with previous studies. It is true that the results within our manuscript perform slightly
worse, but this now has been addressed in Section ”4.4. Spatial snow depth prediction” of the revised
manuscript:

L494-497 ”Despite the improvements, SD remains overestimated for the 16 March 2017 snow survey
across all configurations. This overestimation is most pronounced for the CombinationML configuration
and exceeds the bias reported by Dunmire et al. (2024). Although it is not the objective of this study to
perform a direct comparison, the persistence of the CombinationML bias indicates potential limitations
in the current feature selection or training dataset.”

However, improvements are made upon the results of Dunmire et al. (2024) with the WeatherML

and SnowclimML configurations when comparing mean SD for this survey date. This is now also added
as follows:

L497-503 ”Nonetheless, both the WeatherML and SnowclimML configurations outperform the results
reported by Dunmire et al. (2024). For the 9 March 2016 and 16 March 2017 snow surveys used by
Dunmire et al. (2024) for model validation, the WeatherML and SnowclimML configurations achieve
higher correlation coefficients (0.68 and 0.64) and lower mean absolute errors (31 and 36 cm, respec-
tively) than those reported by Dunmire et al. (2024) (0.56 and 41 cm). For the 16 March 2017 survey
specifically, Dunmire et al. (2024) reported a mean SD difference (predicted minus observed) of 16
cm, whereas the WeatherML and SnowclimML configurations exhibit differences of −5 and 14 cm,
respectively.”

Referring to line 434, the original manuscript states that within forests, the contribution of S1 is
limited, as was found by Dunmire et al. (2024). We acknowledge this reviewer’s concerns about the
marginal improvement made in our paper. However, referring to this line, not much more information
can be learned within any ML model, as the relationship between S1 and SD over forest-dominated
areas remains poor. For these areas, improvements are expected with the inclusion of either the
meteorological forcings or Snowclim model simulations. As an example, we included the SD estimates
from the WeatherML configuration for the time series of the measurement site in Sobrio, Switzerland
(Fig. C2d in the revised manuscript).

Comment 7
Sometimes in the manuscript, it seems that meteorological forcing data AND physically-based model
simulations are used simultaneously in the ML model, but that is not the case. I suggest to change
the following to OR (not in the title, as that is a list of all the inputs). (Line 8, 568)
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We made sure there is no confusion in the revised manuscript.

Comments by line number

L34: a reference for “essential climate variables” is missing

The reference for essential climate variables is given by Gascoin et al. (2024). We changed the
sentence as follows:

L34-37 ”As a result of its importance, key snowpack properties such as SD and snow water equivalent
(SWE), the latter relating to SD through snow bulk density, have been designated as essential climate
variables (Gascoin et al., 2024; Global Climate Observing System), and various scientific institutions
and international organizations have prioritized their enhanced observation and monitoring (Dozier
et al., 2016; World Meteorological Organization, 2023).”

L40: I suggest to add example datasets as example for local point measurements

We added Fontrodona-Bach et al. (2023) and Matiu et al. (2021) as two reference datasets of point
measurements. We adjusted the text as follows:

L41-44 ”Manual and automated point measurements offer frequent data at many locations globally
(e.g., Fontrodona-Bach et al. (2023) or Matiu et al. (2021)), but fall short in capturing the snowpack’s
spatial variability due to their relatively sparse and uneven spatial distribution within alpine regions
(Miller et al., 2022; López-Moreno et al., 2015). ”

L53: Does “this work” refer to the one in this manuscript? Not clear if it refers to the previous
references.

No, ”this work” refers to the studies of Lievens et al. (2019) and Brangers et al. (2024), not to this
manuscript itself. We changed ”this work” to ”These previous studies”, making the link more clear as
follows:

L65-68 ”This algorithm has been developed based on the results of Lievens et al. (2019) and Brangers
et al. (2024), who demonstrated the sensitivity of active microwave observations to snow at C-band.
These previous studies have focused on C-band backscatter intensity...”

L54: “an increasing snowpack DEPTH”?

We added ’depth’ to make it more clear.

L55: I recommend against the use of etc. Either complete the list or simply state the examples.

We removed ’etc.’.

Lines 62-64 and 75-77 seem to be a repetition of each other regarding the current gap in knowledge.

We removed this sentence in the rephrasing of the introduction to avoid repetition.

L74: perhaps: “snow depth retrieval”?
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We prefer to retain the original phrasing of this sentence, as the cited studies encompass both SD
and SWE retrieval. Nonetheless, the sentence has been relocated within the introduction to improve
flow and readability.

L83: “compared to in-situ measurements.” This needs references.

In order to support our sentence that ’uncertainties in the forcing data and/or limitations in model
representation can cause the model results to differ from in situ measurements’, we added the following
three references (L61 in revised manuscript):
Terzago et al. (2020) (DOI: https://doi.org/10.5194/hess-24-4061-2020),
Largeron et al. (2020) (DOI: https://doi.org/10.3389/feart.2020.00325), and
Ryken et al. (2020) (DOI: https://doi.org/10.1016/j.advwatres.2019.103473).

L85: such as instead of e.g.

Addressed.

L88: This needs a reference at the end of the sentence.

We added an example of an emulator that models mountain SD and SWE (Charbonneau et al.
(2025)). This paper uses physics-constrained ML to estimate SD and SWE at SNOTEL sites, and
holds potential in climate modeling.

L91: perhaps: “contribute to improving SD predictions”?

As the satellite variables do not always improve SD estimates, we will not take this suggestion into
account.

L103: coarse instead of course.

Addressed.

L116: The GHC needs a reference (and isn’t It GHCN?). Does the end of the sentence mean only
Germany and Slovenia are taken from this dataset?

You are correct that the proper abbreviation of the Global Historical Climatology Network should
be GHCNd instead of GHC. We changed the abbreviation after consulting the paper of Fontrodona-
Bach et al. (2023) and the paper of Menne et al. (2012). The end of the sentence does not indicate
that only in Germany and Slovenia sites from these providers appear. However, in the other countries
the amount of sites/measurements originating from Synops or GHCnd is small or even minimal. To
make it more clear, we revised the text as follows:

L122-125 ”In addition, we augmented our SD dataset with measurement data sourced from the Synop-
tic Data platform and the National Oceanic and the Atmospheric Administration’s Global Historical
Climatology Network-Daily database (GHCNd, Menne et al. (2012)). With the addition of these data,
our dataset also contained sites within Germany and Slovenia.”

L145: Why does rescaling matter for interannual start of season differences? It is unclear what this
means

Our original manuscript outlines a two-step rescaling procedure of the S1 PolSAR and backscatter
intensity observations. First, we applied a scaling of the first and second-order moment to reduce the

8



inter-orbital differences. Second, for each location and snow year, we subtract the mean summer value
from the corrected time series. This step aligns the baseline conditions at the onset of the snow season
across sites and years. Without this adjustment, the S1 variables may exhibit multi-year trends (e.g.
a gradual increase or decrease across the years), which would constrain the use of these non-corrected
values in our experiments.

We originally wrote these summer-adjustments as being part of the scaling procedure. We revised
line 144-148 of the original manuscript to make it more clear:

L153-160 ”Finally, both the PolSAR and backscatter intensity observations were rescaled and summer-
corrected, to reduce inter-orbital and interannual start-of-season differences, respectively. To this end,
we first reprojected the satellite observations onto the 100 m WGS84 grid using linear averaging, and
resampled to the 500 m WGS84 grid by taking the mean. Then, we performed a first and second-order
moment scaling (to correct for differences in the mean and variance) between orbits. Finally, from
each scaled time series for each snow season (September-June), we subtracted the mean summer value
(July-September) of the summer preceding that snow season, thereby reducing interannual start-of-
season differences that are not related to snow conditions (e.g., changing vegetation). To indicate that
these variables have been rescaled, we further append a superscript ”s” (s) to the satellite variable
notation.”

L158: How many are these remaining gaps? How many were filled?

To answer this question, we split up the necessary analysis between the dataset used for cross-
validation, and the FSC data across the whole Alps and time period. For the data used within the
cross-validation (i.e., the measurement data from the sites in Fig. 1 of the original manuscript), 5.1%
is gap-filled with IMS binary snow cover information. Across the whole study area and time period
(2015-2024), 3.95% is IMS gap-filled.

To address this comment, we added a small statement in the revised text referring to the percentage
of data that has been filled in such manner.

L169-171 ”Finally, remaining gaps (3.95% of the data points across the whole Alps and study period)
were filled using IMS’ binary snow cover information, reprojected to the same 500 m WGS84 grid
using majority resampling... ”

L166: a quick definition of majority resampling would be useful.

This comment has been addressed in the revised text as follows:

L176-179 ”The data, available at 60 m resolution from September 2016 onward, were first reprojected
onto the 100 m WGS84 grid using majority resampling, whereby the most frequently occurring SWS
value within each 100 m target pixel was selected while excluding any no-data values...”

L178: What other downscaling techniques?

In L178 of the original manuscript, ’with other downscaling techniques’ refers to the downscaling
techniques that are explained in the following sentences (L179-193). In order to avoid confusion, we
have changed this part of the sentence to:

L190-191 ”Subsequently, we applied bilinear interpolation in combination with different downscaling
techniques, explained below, to account for local terrain features.”
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Equation 1: Where does this downscaling equation come from? A reference or explanation is needed.

Equation 1 of the original manuscript is an adaptation from Equation 2 in the study of Huss
et al. (2013), who used meteorological forcing data to model accumulation and melt for two glaciers in
Switzerland. Within the study, the authors corrected observed (in situ) precipitation data for gauge
undercatch errors using a scaling factor cprep and an altitudinal gradient. Within our study, however,
we did not address gauge undercatch. Instead, we adapted equation 2 of Huss et al. (2013) to downscale
coarse-scale precipitation data to account for orographic precipitation. To this end, we modified this
equation to 1) focus on areas with major elevation differences (by introducing Ddif and limiting D

to 1, so that Equation 1 within mountainous areas becomes Pcoarsex,t
·
[
0.75 + 0.5 zx−zmin

zmax−zmin

]
) and

2) by limiting the precipitation adjustments to 75-125% of the non-downscaled values. The original
manuscript has been adapted as follows:

L192-201 ”First, coarse-scale precipitation (Pcoarse; [mm 3h−1]) was corrected as a function of elevation
to account for orographic effects, using a rescaling function adapted from Huss et al. (2013), who
corrected in situ precipitation data for gauge undercatch in a glacier mass-balance study. Thus, for
each location x within the 500 m grid at time step t, Pcoarsex,t

was downscaled using the following
equation:

Px,t = (1−D) · Pcoarsex,t
+D · Pcoarsex,t

·
[
0.75 + 0.5

zx − zmin

zmax − zmin

]
with D =

zmax − zmin

Ddif
0 ≤ D ≤ 1

(1)

with zx the elevation [m] of the 500 m Copernicus GLO-30 DEM, zmin and zmax the minimum and
maximum elevation [m] within an interpolation window — centered on the location x and spanning
an area roughly matching the original 0.1◦ grid size — and Ddif a user defined difference in elevation,
set to 250 m. The user defined difference was introduced to focus the corrections on the study area,
with minor adjustments for areas with small elevation differences. Different from Huss et al. (2013),
Equation 1 limits the downscaled precipitation values between 75 and 125% of the original Pcoarsex,t

values.”

L223: With a rather long paper and a lot of specific nomenclature, it is sometimes easy to forget
what LIA, or TPI mean, especially for unspecialised readers. I suggest to include a table or list in the
Appendix with all abbreviations used (or expand Table B1)

We did not include an additional table in the Appendix, but adjusted Table 2 of the original
manuscript that now includes a description of both the abbreviations and full names of the different
features.

L239: Perhaps it is useful to remind the reader that here the input of meteorological data or physical
model simulations is still not assessed. I thought there should be 5 configurations otherwise.

We adressed this by making the following change:

L263-265 ”To assess the performance of ML setups using S1 PolSAR versus backscatter intensity
observations, XGBoost was trained and validated under three distinct configurations (Table 2), without
including meteorological forcing data or Snowclim SD estimates in these experiments.”

L241: Why “next” and not together with the previous?

In line 240 and 241, it has been written that the three conducted experiments to compare S1
PolSAR vs. backscatter intensity observations include the same time-independent auxiliary data. We
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use ”next” in the following sentence to make the distinction with FSC, DOY and LIA data, that do
depend on time and location.

L243: I suggest “The second configuration, focusing. . . ” instead of “Conversely, the configuration. . . ”

We took this suggestion into account in the revised manuscript.

Table 2 caption: I suggest “within this study.”

Addressed in the revisions.

Table 2: some of the features are presented in the text after the table is presented, therefore the reader
does not know what all these variables are. I suggest to spell them out in the caption, or in the
acronym table I suggested above.

Thank you for pointing this out. As discussed above, we changed the caption of Table 2, in which
abbreviations are spelled out.

3.2.3 Snow depth prediction: I do not understand how this title links to the paragraph. It seems that
the paragraph is about standardization of features.

We chose the title Snow depth prediction as it describes how the features are applied within XG-
Boost to output snow depths. Indeed, the first two sentences describe the standardization procedure
applied to the features, before inputting in the model. The last two sentences however, give important
information to the reader about the post-processing of the predictions. We explicitly explain that
ascending and descending orbits are treated separately, and that the average of the SD outputs is
taken in case a location has both an ascending and descending S1 observation on the same date.

We will adjust the title to ”XGBoost snow depth prediction procedure”, to provide a clearer link
with the applied steps.

L276: If all folds contain at least one station from each of all the boxes of stations within 5 km of each
other, how is this a blind validation? I am possibly understanding this wrong, please clarify this.

Review Fig. 3 gives a schematic overview on the fold creation procedure for a dummy set of
measurement sites across the European Alps, to better understand the blind validation and testing.
The Figure explains the two-step procedure, in which first sites close to each other are added to clusters,
followed by a shuffling of the clusters (not the sites) within folds. As a result, each fold has a subset of
the measurement sites (within the spatial and spatiotemporal setups at least), which allows the nested
CV to assess model evaluation at unseen data points in space. In nested CV, namely, 1 fold is always
excluded as test set, while the remaining ones are used to train and tune the ML model. Through
looping over the folds, every site will have been evaluated at the end, but always with a model that
has not seen the site during model training. We revised L275-280 of the original manuscript to:

L300-307 ”The spatial folds were constructed using a two-step approach: first, sites located within five
km of one another were grouped into clusters, thereby preventing nearby sites with similar (climatic)
characteristics and SD patterns from being split across training and test sets. Subsequently, these
clusters were randomly assigned to five unique folds, ensuring that each fold contained a comparable
amount of data and preserved a similar SD distribution. For the temporal folds, sites were not clustered;
instead, all observations from a given snow season (September–June) and from across the study area
were grouped into nine blocks (corresponding with the number of snow seasons for which SD data
is available), which were then partitioned into five folds, again ensuring comparable fold sizes and a
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Review Figure 3: Fold creation procedure for a dummy dataset of measurement sites across the Euro-
pean Alps. (a) original geographical distribution of a set of manual and/or automated measurement
sites. (b) creation of clusters of sites within 5 km of each other. Note that clusters may consist out of
individual sites. The clusters are displayed with different colors (c) Final fold distribution (three folds
colored by blue, green and red), in which the sites contained within the same cluster, are added to the
same fold.

consistent SD distribution. Finally, by combining both fold-creation techniques, we constructed 25
unique spatio-temporal folds.”

L278: The procedure for the temporal fold is also not entire clear to me. What does it mean that sites
were kept separate, but grouped and divided in 5 folds?

With this sentence, we imply that there is no creation of clusters that are shuffled into folds.
Instead, the different snow seasons are split into nine blocks (as nine snow seasons are included within
the study period 2015-2024), and those blocks are partitioned over 5 unique folds. See the revised text
as our answer to the previous comment.

Figure 2: Please a add a legend for the colours and textures.

Included in revised Figure.

L308: Does this mean that for these sites, the snow season is less than 10 days?

Not necessarily. L308 of the original manuscript states that if for a certain measurement site and
year, there are no 9 days with a SD ≥ 1 cm following a snow event with > 10 cm, the first snow event
with > 10 cm of snow marks the beginning of the snow season. Note that for marking the end of the
snow season of such sites, we loop back in time to find the latest ’10-day 0 cm SD period’, to not miss
the actual time with snowpack presence. As such, for these sites it is possible that one big snowfall
event was followed by a longer period with no snow, and then again by snow covered periods. But the
no-snow instances in the early winter season months, as well as the (late) spring and summer months,
are mostly filtered out using this procedure.

L314: The bias, although discussed, is not always shown in Figures or tables. Please include it (e.g.
Table 3, Table C1).

We have included the bias metric in the revised Tables and Figures.

L332: Why is Table C1 not together with Table 3? As it seems quite important and thoroughly
discussed.

Within the manuscript, the main focus is on the spatial and spatio-temporal frameworks, as these
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give a more accurate representation of model performance for the XGBoost usage within the study:
predicting SD across the Alps at many unseen sites for the model. Predicting at known locations
within a different snow year is easier, as the model can rely on recurrent snow patterns, and can learn
the mapping of the input features to the observed SD. This mapping will be similar in unseen years.
As an illustrative example, consider a site at 2000 m elevation with a TPI of 10, an aspect of 187◦,
and a slope of 10◦, where peak SD values of approximately 3 m are consistently associated with αs

values of about 10◦ across multiple years. In such a case, XGBoost can readily predict an SD of ∼3 m
for an unseen time period when αs is again close to 10◦. However, if at an unseen test site with
similar topographic characteristics but different SD dynamics an αs value of ∼10◦ corresponds to an
SD of ∼4 m, XGBoost may underestimate SD. Likewise, even when seasonal SD patterns and most
topographic attributes are comparable, subtle differences such as a slightly more south-facing aspect
may induce earlier surface wetting and associated signal attenuation at the test site. In this case,
reduced αs values at the test site, not yet observed at the training site during similar time periods,
may again lead to SD underestimation.

As such, the temporal nested CV gives an overly optimistic view, as we will not deploy XGBoost
to just predict at the ∼1000 measurement sites used within this study. Rather, the goal of our study
is to indicate how good XGBoost will perform if someone uses our ML setup to predict SD at unseen
locations across the whole Alps. Therefore, we prefer to have the table in the Appendix as additional
information on how the model would perform in this setting.

L336: “the temporal framework overestimates model performance” what does this mean? Can model
performance be overestimated or is snow depth overestimated?

The sentence explains that temporal nested cross-validation gives an overly optimistic view on how
XGBoost would perform in predicting SD across the European Alps, given the training dataset that is
available within our study (see comment above). Model performance (i.e. R, MAE, RMSE, bias...) is
thus too high on unseen data. As explained above, predicting SD in unobserved snow seasons is easier
for the model, as snow patterns generally recur, especially at higher elevations. This is why the main
focus is on the two other types of nested CV experiments, as this is the setting in which our model
will be deployed in reality as well. The revised manuscript gives a better description as follows:

L359-369 ”In general, all configurations (i.e., PolSARML, BackscatterML and CombinationML) achieve
best results within the temporal nested CV framework (Table E1), and performance progressively
deteriorates in the spatial and spatio-temporal frameworks (Table 3. This behavior is expected, as SD
patterns within the same area (i.e., at the same sites) tend to recur across different years, such that
SD prediction for an unseen snow season (i.e., the temporal framework) is inherently more favorable
for XGBoost than prediction at unobserved locations (i.e., the spatial framework). Predicting at
unobserved locations and during unseen snow seasons (i.e., the spatio-temporal framework), including
times outside the study period is even more challenging, as XGBoost cannot exploit season-specific
information from the training data nor rely on recurrent site-specific SD patterns. Consequently,
because the intended application of XGBoost is to predict SD at previously unseen locations across
the European Alps within the training dataset time period (e.g., Fig. 3a), reliance on the temporal
framework would lead to an overly optimistic evaluation of model performance, whereas the spatio-
temporal framework would provide a more conservative assessment.”

L339: This says that the spatio-temporal framework provide a more realistic evaluation of model per-
formance for this study, but lines 331-332 say that performance is highest for the temporal framework
and progressively deteriorates in the spatial and spatio-temporal frameworks. These two statements
contradict each other.

The framework yielding the highest model performance does not necessarily provide the most
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realistic evaluation, as this depends on the intended application. We refer to L359-369 of the revised
manuscript (see added text above), from which it should be clear that the statements do not contradict
each other. The spatio-temporal framework, however, is less representative of the intended deployment
scenario of our ML setup. As discussed above, the spatial framework provides the best match.

L349: in the Figure c1b caption it says observed-predicted, so a negative bias would mean an overes-
timation of snow depth. Please standardise this.

Thank you for notifying this mistake. As written in L315 of the original manuscript, bias within
our study is defined as predicted minus observed. We will check this for the other sections as well, to
have it standardized.

L353-355: How is a deterioration of model performance seen as an accurate representation of model
performance? This sentence is unclear.

This again relates to our replies to the reviewer’s comments above. The sentence however does not
link the deterioration specifically with accurate model representation. The sentence wants to make
clear that if you would apply XGBoost at unseen locations, outside the time period for which training
data is available, the results for the spatio-temporal nested CV framework give you a more accurate
indication of model performance, rather than looking at the model performance for the spatial or
temporal frameworks. This comment has been addressed in the revised text in L359-369 (see our reply
to the reviewer’s comment on L336 of the original manuscript).

L355: why “also”? Which other improvements were there?

We used ”also” to indicate that PolSAR observations improved the model outcomes for the spatio-
temporal framework as well. The sentence is changed in the revised section in the new manuscript.

L355-365: As stated in a general comment, I don’t see this little improvement as a significant improve-
ment, I think it is the effect of the sample size.

To answer this question, we refer to our answer on main comment 5.

L368: FSC instead of fSC.

Thank you for noticing! Addressed.

Figure 3: It is difficult to see differences between configurations, perhaps a table in the supplement or
Appendix would be useful.

The differences between the configurations are sometimes small, but we think the Figure does allow
to see the relative order of the input features well.

L397-399: How are these results seen in Fig. 4a?

Line 397-399 state that ”the SHAP value FI suggests that at bare, higher-elevation locations with
deeper snowpacks, XGBoost places relatively more importance on αs, a pattern also observed for γ0,s

CR

in the BackscatterML configuration.”. This can be seen in Fig. 4a of the original manuscript, by the
decrease in SHAP FI αs and γ0,s

CR when including non-masked areas (i.e., comparing the fully colored
bars with the gray line). As the SHAP value FI is computed by taking the mean of absolute SHAP
values, this indicates that at the low-elevation and/or densely-forested areas, the SHAP contributions
from S1 are smaller, in favor of other features. To make it more clear, we revised the text to:
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L414-421 ”Figure 5a presents the FI for both the full set of predictions (fully colored bars), and the
subset remaining after excluding the non-valid areas masked within the wet snow product (dark gray
lines). Excluding the non-valid areas increases the overall and dry-period FI for both αs and γ0,s

CR within
the PolSARML and BackscatterML configuration, respectively. As these non-valid areas include low-
elevation areas (i.e., valleys) and densely-forested regions, locations where typically low SD values are
observed, these results suggests that XGBoost places relatively more importance on these S1 variables
at bare, higher-elevation locations that are often characterized by deeper snowpacks. Conversely, the
decrease in SHAP value FI when including these non-valid areas indicates the limited added value of
the S1 variables to predict SD at low-elevation and/or densely-forested sites.”

Figure 5: The predicted snow depth time series show a clear flat long period in the middle of the
accumulation period (especial at 5a and 5b), which does not match observations very well, suggesting
that snowfalls and increasing snow depth in mid-winter are not well captured? This should be discussed.
Also please state which sites are these (name, location, source of the data).

Addressing the first part of the remark, this indeed seems to suggest that snowfall and increasing
SD in mid-winter are not captured well. However, we think this does not necessary indicate that it is
not captured. Instead, we believe that this phenomenon arises from the very limited amount of high
SD observations (≥ 2.5 m) within the training dataset (see Fig. E1a in the revised manuscript). We
included your remark in the revised discussion as follows:

L631-636 ”Unlike the Arolla site, however, αs is not only mainly informative during snow accumulation,
but remains relatively elevated throughout February and March for both snow seasons, when the
snowpack exceeds 2 m of snow. Nonetheless, the SD predictions appear to level off with only a limited
response to new snowfall events, which is observed at the Arolla site during the 2017-2018 snow season
as well. One explanation lies in the limited number of high SD observations used to train XGBoost
(Fig. E1a), which constrains the model’s ability to represent higher SD values and results in a flattening
of the predicted SD range (Fig. 6a).”

Next, within the original manuscript it is stated that ‘Fig. 5 displays the results for two snow
seasons at three distinct sites in Switzerland, all operated by SLF’. We added this information to
the caption of the revised Figure, as well as the coordinates and location names for each site of the
displayed time series.

L505-507: Linking to one of my main comments, I think the results underscore the potential of using
meteorological forcing data alone, as input to ML models (as the improvement of Snowclim is minimal).
I think this should be included here.

See our responses to main comment 3.

Figure 6. I suggest adding the title of each configuration on each row, to make the Figure more easily
readable.

We revised Figure 6 of the original manuscript. While doing so, we included this reviewer’s advice
and added the names of the configurations.

L531: again, the improvement seems quite minimal.

Overall, yes the improvement of Snowclim SD estimates might seem minimal, but for high observed
SD, there is a clear improvement. Across the nine surveys, the SnowclimML configuration displays a
20 cm less underestimation (-64 vs. -84 cm) for measured SD ≥2.5 m.
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542-543: the potential inability to correctly predict snow density is a key limitation for further refining
this method to predict daily time series in the future. This could be discussed.

We agree and added the following in the revised manuscript:

L517-518 ”Further research should attempt to include factors or use ML models that govern variations
in snow density, especially to enhance the potential of predicting short-term variations in SD.”

L539: The authors say weatherML and snowclimML overestimate snow depth, based on the biases.
However, when comparing Figure 7b with the measured Figure 7d, it seems the opposity. It seems that
7b (weatherML) shows much lower snow depths than measured. In fact, the scatter plot suggests that
weatherML outperforms snowclimML, but the snowclimML snow depth map resembles the observations
more. This discrepancy should be clarified.

Referring to the first comment: ”weatherML and snowclimML overestimate snow depth”, especially
the SnowclimML configuration displays a positive bias for the 16 March 2016 snow survey. The Snow-
climML configuration overestimates SD for all elevation bins > approximately 1500 m, and this is most
evident for the areas in the (south)western part of the Dischma valley. As a result, the WeatherML

configuration shows a near-zero bias between 1500-2500 m, differently from the SnowclimML configu-
ration that displays a consistent positive bias (Fig. D2a in the revised manuscript). Comparing the
results in terms of the observed SD values (i.e., not looking at the spatial distribution of the obser-
vations nor estimates), the SnowclimML configuration displays less underestimation (bias of −1.16 m
for observations ≥2.5 m, compared to −1.34 for the WeatherML configuration), but these high SD
values occur less often in space, resulting in more overestimation in space (see Fig.D2a). Therefore,
we do not fully agree with the reviewer’s remark. Instead, we argue that the WeatherML resembles the
measurements more, except for the high SD estimations (for which both display underestimation). The
detailed explanation given above is added to the revised manuscript within a new Appendix discussing
the 16 March 2017 snow survey (Appendix D).

It is important to note that the scatterplot shown in Figure 7e,f and g display the results for all
the nine snow surveys collected within our study. Therefore, it displays different results compared to
the shown SD maps for the survey of 16 March 2017. In the revised text, we addressed this possible
confusion in the revised manuscript.

Figure 7. Why do maps have different MAE than their respective scatter plots? Why do the scatter
plots have a low density of points when approaching 0 m snow depth?

The scatter plots display the results for the nine collected surveys (as explained in the data section).
As stated above, we have now addressed this confusion.

Referring to your second question, the scatter plots indeed display a low amount of zero-measured
SD. This results from the time period the surveys are conducted (around peak SD; often near the end
of March or the beginning of April), and the limited amount of collected data points in the valley
(which mainly situates above an altitude of 1500 m). As such, the majority of the measured (and
predicted) SD values are between approximately 0.5 and 2 m.

Figure 8. It would be better to show the maps of snow depth with survey data, without survey data,
the difference, and the measured maps, to enable a better comparison.

In the revised Figure, we have added both the maps with and without the inclusion of spatially
distributed SD training data. However, it is not possible to include any measured map, as no such
data is available over these areas. Nonetheless, we have added the available point measurements taken
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on this date as reference data.

L593-595: Compare these results to estimates from other studies, such as the results from Dunmire et
al 2024.

We decided to leave out this sentence in the conclusion. To address the reviewer’s comment,
however, we included a comparison with Dunmire et al. (2024) in Section ”4.4 Spatial snow depth
prediction”. More specifically, we downloaded the predictions made with the final trained XGBoost
model of Dunmire et al. (2024) and compared their outcomes with the WeatherML and SnowclimML

configurations for the snow surveys conducted on 9 March 2016 and 16 March 2017. We refer to our
answer on main comment 6 for the included comparison.

Equation A1: Can Wsat not become infinite if any weight is zero? Revise or clarify.

The equation is formulated such that the denominator in Equation A1 cannot become zero. In
Eq. A2, the values range between 1 (QA=0) and 2 (QA=2). In Eq. A3, the square of CP+1 is taken,
with values of CP between 0 and infinity. As such, also this equation never becomes zero. Finally, the
same applies for Eq. A4. We adjusted the original manuscript to make clear the denominator never
becomes zero:

L578-583 ”... in which WQA is the weight associated with the quality flag (QA, that ranges between
0 and 2 with 0 indicating the highest quality) of the satellite data; WCP is the weight based on the
number of days since the last cloud-free observation (CP; values between 0 and ∞); and WDD is
the weight accounting for the difference in days between the most recent cloud-free Terra and Aqua
observations (DD; values between 0 and ∞, where 0 corresponds to the satellite with the most recent
cloud-free data). The individual weights were computed using the following formulations, which were
designed to ensure that none of the weights attain zero:...”

L633-635: what downscaling techniques and what parameters?

The downscaling techniques refer to the type of downscaling for the different meteorological forcings
(i.e., different approaches to downscale precipitation, temperature, relative humidity...). Differently,
the standard parameters refer to the Snowclim parameters (described in Table B1 of the original
manuscript) used by Lute et al. (2022) for their full model run (Table 2, superscript c in Lute et al.
(2022)) across the Western USA. We have addressed this comment in the revised mauniscript as follows:

L588-591 ”Snowclim model parameters were calibrated with a two-step approach, involving a subset
of the snow dataset. First, we identified the best working downscaling techniques — multiple options
were assessed to downscale temperature, precipitation, relative humidity, and downward shortwave
radiation — by comparing model performance with measured SD using the standard parameter set
used by Lute et al. (2022) (Table 2, superscript c) in their full model run.”

Figure B1: It would be interesting to see different scatter plots for the snow surveys and the point
measurements.

Addressed in the revised text.

Figure C1. Why not just a map with the bias per station, and compare it with the one from Dunmire
et al. (2024) in their Figure 2?

We chose to not display the bias per site individually to focus the attention to only those sites that
display serious underestimation. Comparison with Figure 2 of Dunmire et al. (2024) can be made, as
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there seems to similarity for the sites that display serious underestimation. This comment is addressed
in the revised text as follows:

L383-392 ”Additionally, all three configurations exhibit difficulties in predicting high SD values at
unobserved sites (Fig. 3), which likely arises from the scarcity of high SD observations in the train-
ing dataset (Fig. E1a). For the spatial nested CV framework, the PolSARML, BackscatterML and
CombinationML configurations exhibit a bias of -1.46, -1.51 and -1.48 m for observed SD ≥ 2.5 m,
which further deteriorates in the spatio-temporal framework. This is also visible in Fig. 3a, when
comparing the observations (squares) with the SD prediction, and in Fig. 3b, that displays sites with a
bias ≤ -0.5 m for the different configurations within the spatial nested CV framework (zero-measured
SD excluded). Interestingly, many of the sites displayed in Fig. 3b also appear to have strong negative
biases in Fig. 2a of Dunmire et al. (2024). Consequently, the reduced ability of XGBoost models,
trained with S1 variables to explain interannual and site-specific variability, to predict high SD values
must be taken into account when deploying the model across the European Alps, particularly when
applying it beyond the temporal range covered by the training data.”
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