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Abstract: Blowing snow is a common phenomenon over the Antarctic ice sheet and sea
ice regions, playing a crucial role in the Antarctic climate system. Previous research de-
veloped an optimized machine learning (ML) model to diagnose blowing snow occur-
rence using meteorological fields from the Modern-Era Retrospective Analysis for Re-
search and Applications, Version 2 (MERRA-2). This paper extends that work by optimiz-
ing an ML model to estimate blowing snow height and optical depth for operational data
production. Observations from the Cloud—Aerosol Lidar and Infrared Pathfinder Satellite
Observation (CALIPSO) serve as ground truth for training. The optimization process in-
volves selecting relevant input features and identifying the most effective ML regressor.
As a result, 21 MERRA-2 fields were identified as key input features, and Extreme Gradi-
ent Boosting emerged as the most effective regressor. Feature importance analysis high-
lights wind components and surface pressure as the most significant predictors for blow-
ing snow height and optical depth. Individual models were developed for each month.
Using 10 years of CALIPSO data (2007-2016) for training, these optimized models can be
applied across the full MERRA-2 dataset, spanning from 1980 to the present. This enables
the generation of hourly blowing snow height and optical depth data on the MERRA-2
grid for the entire MERRA-2 time span.
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1. Introduction

Blowing snow (BLSN) is a common phenomenon over the Antarctic ice sheet and sea
ice regions [1-3]. It occurs when strong winds lift and transport snow particles from the
surface [4,5]. It plays a significant role in redistributing snow, contributing to the local and
regional surface mass balance (SMB) [6-11]. The wind-induced movement of snow parti-
cles, either eroded from the surface or deposited, affects the thermodynamic structure in
the near-surface atmosphere [12-15]. This process has wide-ranging impacts, from daily
weather conditions to cryosphere remote sensing [16-20].

Antarctic SMB is influenced by factors such as precipitation, sublimation, evapora-
tion, runoff, and blowing snow [11,21-23]. Blowing snow contributes to SMB by sublima-
tion (Qs) and transport (Qt) [3,24-29]. These factors are often unaccounted for in the SMB
due to insufficient BLSN information, such as BLSN height (H) and optical depth (OD).
Palm et al. [13] employed a BLSN detection algorithm within Cloud—Aerosol Lidar and
Infrared Pathfinder Satellite Observation (CALIPSO) pixels. Their method also gives the
blowing snow layer height and optical depth. However, these detections are constrained
to the scenes where the lidar surface returns are detected. Due to the CALIPSO orbit



constraint, the Antarctic areas beyond 82° S cannot be reached by the satellite. Figure 1
displays the average BLSN (a) H and (b) OD for October 2010, highlighting the noticeable
data void near the pole. We note that NASA’s Ice, Cloud, and Land Elevation Satellite 2
(ICESat-2) mission also has blowing snow data products [30]. ICESat-2 can reach 88°S,
leaving a smaller pole hole than that of CALIPSO.

(a)cALIPSO Height Avg (b) cALIPSO Optical Depth Avg

Figure 1. CALIPSO average blowing snow (a) height and (b) optical depth for October 2010.

As proof of concept, Yang et al. (2023) [31] showcased the use of a Machine Learning
(ML) model with Modern-Era Retrospective analysis for Research and Applications, Ver-
sion 2 (MERRA-2) meteorological parameters as inputs and CALIPSO BLSN and cloud
product as truth values, to diagnose BLSN occurrence, H, and OD for the Antarctica
MERRA-2 grid. They adopted wind components (U&V), temperature (T), pressure (P),
humidity (Qv), temperature gradient, snow age, etc., as the input features for diagnosing
the BLSN properties. They focused on 2010 with one set of inputs and a model. Their
study shows the potential of using an ML model to generate the long-term MERRA-2-
based BLSN H and OD. However, their approach was limited to land ice, leaving gaps
over the sea ice where BLSN events are frequent as well (as shown in Figure 1) [17,32,33].
Building on the concept by Yang et al. (2023) [31], Bhatta and Yang (2025) [34] developed
a framework for ML algorithm selection and optimization for operational blowing snow
occurrence diagnosis; yet, the research on algorithm selection and optimization for blow-
ing snow height and optical depth diagnosis is still not conducted.

The goal of this study is to develop optimized ML models that can be applied across
the full MERRA-2 dataset, spanning from 1980 to the present, to generate hourly BLSN H
and OD over the Antarctic ice sheet and sea ice regions. This work is an extension of Yang
et al. (2023) [31] and Bhatta and Yang (2025) [34]. CALIPSO BLSN H and OD data will be
used to train the ML models for BLSN H and OD diagnosis. Various input feature combi-
nations and algorithms will be tested to select the best model based on performance met-
rics.

2. Data, Input, and Model Selection
2.1. Input Features and Truth Data Fusion

MERRA-2 is based on the Goddard Earth Observing System, Version 5 (GEOS-5).
GEOS-5 data assimilation system, Version 5, which generates two- and three-dimensional
products. In the three-dimensional atmospheric data assimilation system, the GEOS
model is characterized by 72 vertical layers, with a grid size of 0.5° latitude by 0.625° lon-
gitude, as outlined by Bosilovich et al. (2015) [35] and Gelaro et al. (2017) [36].

During the ML development phase, we intend to incorporate the surface and the bot-
tom four layers” parameters from MERRA-2 as potential candidates of input features for
determining the BLSN H and OD. The variables under consideration are included in Table
1. It includes the list of variables that are well incorporated in various BLSN studies
[1,16,28,37] along with the ML features used by Bhatta and Yang (2025) [34] and Yang et



al. (2023) [31]. It includes surface parameters along with the lowest four levels of parame-
ters.

Table 1. Preliminary MERRA-2 input variables used in optimal feature combination.

Bottom 4 Layers Surface

Pressure (PL) Pressure (PS)

Temperature (T) Temperature (T2M)

Specific Humidity (Qv) Eastward wind (U10M)
Eastward Wind (U) Northward wind (V10M)
Northward Wind (V) Specific Humidity (Qv2M)

Total Latent Energy Flux (EFLUX) Temperature Gradient (2M) (Tg)

Sensible Heat Flux From Turbulence (HFLUX) Geo. Potential Height

The CALIPSO blowing snow detection algorithm, developed by Palm et al. (2011) [1],
utilizes backscatter profiles from CALIPSO, along with a Digital Elevation Model (DEM)
and wind speed data. This algorithm identifies blowing snow properties by considering
various factors, such as ground return signals and backscatter thresholds [31]. To build
the training dataset, CALPSO BLSN H and OD are co-located with the MERRA-2 data. To
diagnose H and OD, we first generate the MERRA-2 blowing snow occurrence mask using
the Bhatta and Yang (2025) [34]model, then the trained H and OD model will be applied
to the MERRA-2 grid points that are diagnosed as blowing snow.

To align CALIPSO blowing snow data with the MERRA-2 grid, a new CALIPSO grid
is created by grouping every 50 consecutive data points. Within each grid cell, the height
and optical depth values are averaged. The associated dates, latitudes, and longitudes are
then matched to the nearest MERRA-2 grid points, allowing identification of co-located
training and testing data. The data integration from MERRA-2, CALIPSO BLSN along
with the complete process involved in estimating H and OD is illustrated in Figure 2.

Train/Test) { VERRA-2
Model BLSN
ccurrence

Colocated

MERRA-2 Inputs
and CALIPSO
BLSN (H) and

(OD)

BLSN H and OD in Prediol BLSNH and OD
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QOccurrence

Grid (0.5°x 0.625°)

Figure 2. Flowchart illustrating the process of data merging and integration of input variables with
corresponding truth values to identify optimal feature combinations for developing a predictive
model of blowing snow height (H) and optical depth (OD) within the MERRA-2 grid framework.

2.2. Model Selection

In the context of this study, it was essential to select a representative period that
posed both a challenge and an opportunity for model optimization. October was chosen
as the focus month for training and evaluating the ML models due to its transitional na-
ture in Antarctica’s seasonal cycle. This month experiences a wide range of atmospheric
conditions, including frequent and variable blowing snow events occurring during both
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day and night. Such variability introduces complexity, making October an ideal month to
assess the robustness and generalization capability of the predictive models. Conse-
quently, the October data from 2007 to 2016 were utilized for training and validation in
this study.

An 80% training and 20% testing data split was adopted for each month to identify
the most suitable models. Potential variables outlined in Table 1 were utilized to select the
model that optimally captures the predictive efficiency of the input variables concerning
the target variables, BLSN H, and OD. Five widely used regression models (Figure 3) were
chosen for a comprehensive evaluation of the 20% testing data, assessing their perfor-
mance metrics, including R? score, root mean square error (RMSE), and mean absolute
error (MAE). The computed metrics for both H and OD are presented in Figure 3. Among
the various regression models, Random Forest (RF) and Extreme Gradient Boosting
(XGBoost) demonstrated better performance, exhibiting higher R? scores along with lower
RMSE and MAE, as illustrated in Figure 3a—f. Notably, XGBoost showed slightly better
performance across all three categories, leading to its selection for the comprehensive
training process.

Models
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Figure 3. Model comparison for predicting blowing snow height (H) and optical depth (OD) using
input features listed in Table 1. Panels (a,c,e) show OD prediction results, while panels (b,d,f) cor-
respond to H prediction. Each panel presents model performance based on R? score, mean absolute

error (MAE), and root mean square error (RMSE).

2.3. XGBoost Model

XGBoost is a gradient-boosted decision tree algorithm introduced by Chen and Gues-
trin in 2016 [38], designed for efficient and scalable ML. It utilizes boosting, which com-
bines multiple weak learners to create a strong learner, effectively reducing training errors
and enhancing model performance. The algorithm sequentially builds trees, where each
new tree is trained to correct the errors of the previous ones, thereby focusing on



misclassified instances. The model is expressed through additive functions, where predic-
tions are based on a combination of tree outputs. The objective function combines a loss
function with a regularization term to prevent overfitting. The XGBoost leverages paral-
lelization to improve computational speed, making it suitable for handling large datasets
efficiently. The model’s output is the weighted sum of predictions from all trees, allowing
it to learn from past errors and produce robust predictions. The regularization term in the
objective function accounts for tree complexity, balancing model fit and complexity to
prevent overfitting.

2.4. Input Feature Selection

To identify the most impactful features contributing to BLSN H and OD, a compre-
hensive analysis is conducted. Initially, a set of surface parameters, including pressure,
temperature, wind components, and geopotential height, along with the bottommost
layer variables, is established as the primary input set (Inputsl). The temperature gradient
is calculated using temperatures at the 2 m and the lowest model levels. Subsequently,
additional layers are incorporated, introducing parameters such as pressure level, wind
components, specific humidity, etc., from higher atmospheric levels (above surface levels).
These successive additions, illustrated in Table 2 results in the creation of input sets ‘In-
puts2’ through ‘Inputs4’. This progressive approach yields a total of four sets of input
variables, each building upon the preceding layer, with the goal of identifying the most
influential combination of features associated with BLSN events. In Table 2, the numbers
in the acronym list of variables represent the corresponding level numbers.

Table 2. Progressive sets of input variables starting from base surface features, with additional at-

mospheric layers added incrementally to form four distinct input sets.

Variable Group Inputsl Inputs2 Inputs3 Inputs4
PS PS PS PS PS
HFLUX HFLUX  HFLUX HFLUX HFLUX
EFLUX EFLUX EFLUX EFLUX EFLUX
PHIS PHIS PHIS PHIS PHIS
Temp Gradient Temp_GR Temp_GR Temp_GR Temp_GR
U10M U1ioM U1oM U1oM U10M
VioM V10M V10M V10M V10M
Qva2M QvV2M Qv2M Qv2M Qv2M
T2M T2M T2M T2M T2M
U Levels U71 U71, U70 U71, U70, U69 U71, U70, U69, U68
V Levels V71 V71, V70 V71, V70, V69 V71, V70, V69, V68
T Levels T71 T71, T70 T71, T70, T69 T71, T70, T69, T68
QV71, QV71, QV70, QV69,
QV Levels Qv71 QV70 QV71, QV70, QV69 QVes
PL Levels PL71  PL71,PL70 PL71, PL70, PL69 PL7L, II)’II:76(E)5, PL&S,
OMEGA71
OMEGAT71, OMEGA71, OMEGA70:
OMEGA Levels OMEGA71 OMEGA70 Cc))ll\\/I/I]]EEC(;;iZ(;, OMEGA69,
OMEGA68

The model was tested using four different input sets (Inputs 1 to Inputs 4), with data
from October months spanning 2007 to 2016. The dataset was split into 80% for training
and 20% for testing. The objective was to identify the optimal input set for predicting
BLSN H and OD. Upon analysis, ‘Inputs 2" consistently exhibited slightly higher R? scores



and lower RMSE and MAE for both H and OD predictions. This led us to adopt the com-
binations specified in ‘Inputs2’. Figure 4 illustrates the performance metrics for OD and
H predictions: panels (a) and (b) represent the R? score, (c) and (d) show MAE, and (e) and
(f) RMSE, respectively.
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Figure 4. Predictive performance of the XGBoost regression model across four input variable com-
binations. Panel (a) shows the R? score for optical depth (OD), and (b) for height (H). Panels (c) and
(d) show mean absolute error (MAE), and panels (e) and (f) show root mean square error (RMSE),

for OD and H, respectively.

3. Results

The R? scores for H and OD for October 2010 are approximately 0.55 and 0.58 (Figure
4a,b), respectively. We tested the model for each October from 2007 to 2016 to analyze
variations in H and OD during those years. The predicted H and OD values for the test
data of each month, and their averages, along with the standard error, are illustrated in
Figure 5a,b. The results indicate that the true values have higher variability than the pre-
dicted values. The model performs well in the mid-range or high-density values but is less
effective at the lower and higher ends of the H and OD spectrum. Nonetheless, there is
strong agreement between the predicted and actual averages of the test data, as shown in

Figure 5a,b.
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Figure 5. Models were trained and evaluated separately for each month: (a) BLSN Optical Depth
and (b) BLSN Height show the monthly mean observed (truth) and predicted values, along with
their standard errors: light red for predicted and light blue for truth from October 2007 to 2016.

Shapley values, a concept in game theory, were introduced by Shapley in 1953 as a
method for fairly allocating benefits among participants in cooperative games[39]. SHAP
(SHapley Additive exPlanations) value is a useful method that works on cooperative
game theory and is recently gaining attention due to the transparency and interpretability
of ML models [40]. It illustrates how the presence or absence of each feature influences the
model’s learning process. So, we adopted SHAP based feature importance determination
method. In Figure 6, the SHAP-based feature importance analysis for the H and OD-
trained model during October 2010 is presented. As expected, Figure 6a,b show that sur-
face pressure and V10M wind are among the most important factors influencing the de-
termination of BLSN H and OD. Surface pressure variations are closely linked to wind
patterns, as high or low surface pressure affects wind directions and speeds, hence im-
pacting snow particle transport. The strength and direction of the wind are crucial in snow
transport and redistribution, influencing H and OD. These atmospheric factors, among
others, shape blowing snow dynamics, and the model appears adept at capturing the re-
lationships between these features, highlighting wind dynamics as essential in shaping
blowing snow optical properties. These rankings may vary for other months.
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Figure 6. SHAP-based feature importance of trained model for October 2010 (a) Optical Depth and
(b) Height.

For this study, a separate ML model is developed for each month over the years
where CALIPSO ground truth values are available, following the conventional 80-20%
split for training and testing. The trained models are applied to the MERRA-2 data. In
Figure 7 presents two panels, (a) and (b), illustrating the monthly average BLSN OD and
H for October, based on CALIPSO observations and model predictions over a sampled 3-
year period (2010, 2011, and 2012). In both panels, subpanels (i), (iii), and (v) show
CALIPSO-derived values, while (ii), (iv), and (vi) display the corresponding predicted
monthly averages for OD and H. It shows agreement with CALIPSO grid-averaged H and
OD and accurately identifies hot spots with higher BLSN H and OD. This analysis focuses
exclusively on land ice and sea ice areas. The average H and OD distribution reveals that
the BLSN layer attains greater heights in coastal and sea ice regions compared to the inte-
rior of Antarctica. The distribution of blowing snow is shaped by the influence of katabatic
winds [27,28,31,41,42], linking to the BLSN layers. Katabatic winds are downslope winds
that are driven by gravity toward the coast from the high interior of the continent. These
winds pick up momentum and speed as they descend from higher altitudes, frequently
reaching greater speeds close to the coast [43]. The production of a thicker and higher
blowing snow layer along the coastal regions is facilitated by the increased wind speed,
which also influences the distribution of snow particles. The presence of sea ice in the
analysis further contributes to the observed patterns.
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Figure 7. Monthly averaged CALIPSO-observed and model-predicted blowing snow (BLSN) optical
depth (OD) and height (H) for October of 2010, 2011, and 2012. Panel (a) shows BLSN OD, with
subplots (i, iii, v) representing CALIPSO observations and subplots (ii, iv, vi) showing the corre-
sponding model predictions. Panel (b) presents BLSN height, following the same structure: ob-
served values in subplots (i, iii, v) and predicted values in subplots (ii, iv, vi)

The slight differences in Figure 7 between the true and predicted values can be
attributed to several factors. The H and OD values are estimated for the BLSN diagnosed
by Bhatta and Yang (2025) [34], which includes BLSN under cloudy conditions, where
blowing snow frequency can be different than those under clear conditions. Additionally,
MERRA-2 produces BLSN uniformly for each grid at hourly intervals, whereas CALIPSO
samples the Earth with ground tracks with a single pixel width. Therefore, differences
between the truth and model predictions are expected.

As presented in Figure 4, the model scores for BLSN H and OD across all of Octobers
from 2007 to 2016. The R? score for H peaks at ~0.61, with a minimum of ~0.48. Similarly,
for OD, the R? score reaches ~0.70 with a minimum of ~0.49. Given the model’s promising
performance on split test data, we explored its application to the extended MERRA-2
years, where CALIPSO ground truth values are unavailable. Instead of the traditional 80-
20% split, we assessed the model’s adaptability in months without ground truth, focusing
on long-term predictions for the MERRA-2 era (1980-present), H, and OD. To evaluate
this, we trained the model for one month and tested it in the same month in different years



(e.g., training in October 2010 and testing in Octobers of other years). The performance
dropped significantly, with some months showing R? scores below 0.10 s. This suggests a
need for more diverse input features and additional training data to capture patterns in
new datasets. To improve predictive performance, we combined data from October
months between 2007 and 2016 (excluding October 2014) for training. This comprehensive
dataset aimed to test the model’s performance specifically on the untouched October 2014
dataset. This approach evaluates the model’s predictive capability beyond initial training
months and assesses its effectiveness in years lacking CALIPSO truth data. The resulting
R? scores improved, although they did not reach the levels observed in the 80-20 split tests
of the same months as shown. We further enhanced the model by identifying interacting
terms and incorporating new features, such as wind shear for both U and V (U70-U10M
and V70-V10M). Adjusting some hyperparameters led to R? scores of ~0.30 for H and ~0.31
for OD in 2014. Similarly, tested on 2008 October test data, it yielded the R? score of ~0.34
for H and ~0.23 for OD, as shown in Table 3.

Table 3. Model R? scores using October data (2007-2016) with Leave-One-Year-Out Validation (2008
and 2014 hold out).

Model Trained on October Height . )
2007-2016, Holdout: R2 Score Optical Depth R? Score
2008 October 0.34 0.23

2014 October 0.30 0.31

So, for a long-term estimation of BLSN data for the entire MERRA-2, aggregating all
data from 2007 to 2016 for each month is better than a single-month trained model. This
method involves training on decadal data for each month, resulting in 12 separate models.
This approach enables the estimation of BLSN H and OD over Antarctic land ice and sea
ice from 1980 to the present in the MERRA-2 grid. The framework is technically applicable
to years prior to 2007 (since MERRA-2 inputs exist), but predictive performance may vary,
and historical outputs should be interpreted with caution, especially in the absence of
ground-truth data.

4. Summary

Blowing Snow (BLSN) is a crucial component in the polar region, significantly influ-
encing surface mass balance (SMB). This study addresses the data gap in BLSN height and
optical depths over Antarctica, expanding CALIPSO coverage to the MERRA-2 grid from
1980 to the present.

To fill this void, we demonstrate that Machine Learning (ML) can serve as an effective
approach by training models using CALIPSO truth values and identifying influential at-
mospheric parameters from MERRA-2. The model selection involved testing various re-
gressor models, with the XGBoost standing out as the most effective. Subsequently, we
tested different input combinations, finding that a combination of the MERRA-2 surface
layer and the second layer above surface parameters performed better. This led to the
identification of 21 influential parameters, including wind components, temperature gra-
dients, and surface pressure, in predicting BLSN height and optical depth (OD). The
monthly trained model can estimate hourly MERRA-2-based BLSN height and optical
depth, as evidenced by various metrics tests conducted from October 2007 to 2016, yield-
ing R? scores of approximately 0.49 to 0.61 for height and 0.48 to 0.70 for OD. This capa-
bility enables the expansion of BLSN data coverage to the pole for each hour within a grid
of 0.5° by 0.625°.



It further demonstrates the potential for long-term MERRA-2 data generation by
training monthly models on 2007-2016 data, resulting in 12 height and 12 optical depth
regressors applicable from 1980 onward.

Surface pressure and wind are the high-ranked features in SHAP value feature eval-
uation in predicting BLSN height and optical depth. Surface pressure variations strongly
influence wind patterns, impacting the transport of snow particles. These atmospheric
factors play a central role in shaping blowing snow events, and the model captures these
relationships. The coastal region and sea ice region attain a higher BLSN layer than the
interior region of Antarctica. Models trained with this refined approach are applied across
the entire MERRA-2 era, enabling the generation of hourly Blowing Snow (BLSN) height
and optical depth datasets.
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