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Abstract. Snow covers 40% of Earth’s northern hemisphere each year, playing an important role in regulating Earth’s energy
balance through its reflective properties and serving as the primary source of freshwater for one-sixth of the world’s population.
Remote sensing is a key technology for observing snow across large areas. Given the complexity of retrieving the snow signal
from space, the snow community is increasingly using machine learning (ML) and deep learning (DL) approaches to derive and
15 improve current spaceborne snow measurements. Here we summarize the research trends and applications of ML for snow
retrievals, identifying best practices and the future direction of ML applications for multiple seasonal snow-related properties, in
particular snow water equivalent (a measurement of the amount of water contained in the snow), snow depth, density, cover, and
wet/dry conditions. Across our review, we find that most studies focus on extrapolating to new areas and time periods, with
improved prediction after combining multiple sensors and referencing high-fidelity reference data. Gaps remain in generalizing
20 across spatial domains, combining sensors at different spatial and temporal resolutions, and improving the ability of newer model
architectures, such as transformers and foundation models, to support snow-related applications. ML/DL for snow remote sensing
is an effective tool for integrating information across sensors, and we recommend the snow community continue to identify further
use, thereby advancing towards more consistent and complete global snow monitoring that includes a range of snow types and

climate conditions.

25 1 Introduction

Snow covers 40% of Earth’s northern hemisphere and plays an important role in Earth’s climate regulation through snow-albedo
feedbacks and the global water cycle through seasonal water storage (Brown & Mote, 2009; Y. Hu et al., 2021). In addition, snow
provides habitat for snow-adapted animals, water for more than one sixth of the world’s population (Sturm et al., 2017), and water
resources for agriculture, hydropower generation, and industry (Mankin et al., 2015). Snow is spatially and temporally variable at
30 fine spatial scales (< 1 m and < daily; Miller et al., 2022), and while ground observations are the traditional, and oftentimes the
most accurate method for measuring fine-scale snow properties, satellite-derived observations are critical to observe snow in

remote regions throughout the winter season and to obtain basin-wide measurements for water resource applications.

Satellite-derived observations, namely from optical, microwave, and lidar platforms, have improved our ability to monitor snow
35 properties (Frei et al., 2012; Liu et al., 2013). Optical satellites are often used for snow cover, by exploiting the difference between

snow’s reflectivity in the visible light (green band) and absorption in the shortwave-infrared (SWIR) band, in a relationship known
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as the normalized difference snow index (NDSI) (Dozier, 1989), or more recently, by relying on blue bands (Thaler et al., 2023;
K. Yang et al., 2023). Passive microwave (PM) has demonstrated sensitivity to snow mass as either depth or snow water equivalent
(SWE) by using the brightness temperature difference between high-frequency channels (e.g., 37 GHz) that are sensitive to
40 snowpack volume scattering and low-frequency channels (e.g., 19 GHz or 10 GHz) that primarily capture underlying soil emissions
(Chang et al., 1987; Kunzi et al., 1982). Active radar (also referred to as active microwave) has indicated the potential ability to
capture SWE and snow depth interferometric approaches (Tarricone et al., 2026) or a volume scattering approach (Tsang et al.,
2022). Active radar transmits microwave pulses, resulting in high-resolution (~10s to 100s of meters depending on the sensor)
retrievals. Spaceborne lidar observes snow depth by differencing snow-on and snow-off observations, a technique known as
45 “differential altimetry” (Fair et al., 2025). Spaceborne platforms also provide full global coverage, an additional advantage for

snow remote sensing.

However, optical, microwave, and lidar possess limitations for snow. Optical sensors do not penetrate through clouds and trees or
observe at night (Dumont & Gascoin, 2016; Hall et al., 2019), and they do not provide information about the snow mass.
50 Microwave offers advantages to optical because the microwave signals can penetrate through clouds and are not sensitive to
nighttime conditions, but microwave retrievals are limited to dry snow and open, minimally forested areas (Dunmire et al., 2024).
Furthermore, the coarse resolution of passive microwave (~ 25 km) limits applicability. Spaceborne lidar offers fine-scale snow
depth observations (~40 m to 100 m) but is very limited in terms of spatial and temporal coverage from space (Fair et al., 2025).
Lidar can observe at nighttime, but accuracy is sensitive to terrain, vegetation, and clouds, with previous studies identifying error
55 greater than 40 cm unless ideal conditions (e.g., slope < 20 degrees; Deschamps-Berger et al., 2023; Fair et al., 2025). Furthermore,
sensors present trade-offs in spatial and temporal resolution. Higher-resolution optical satellites (e.g., Landsat at 30-m and Sentinel
10-m) have repeat periods ranging between 5 to 16 days, and this gap can increase if the observable day is obstructed by clouds.
Moderate-resolution optical satellites, such as VIIRS and MODIS, provide global coverage daily, but at the cost of resolution
(Mahoney et al., 2018). Sentinel-1 C-band and the newly available NISAR L-band both offer 12-day repeats, but this temporal gap
60  can still introduce uncertainty when using satellite observations to identify the snow peak (Tarricone et al., 2023). Thus, the varying
structural properties of snow and need for observations in varying terrain reinforce that currently no single sensor captures all

characteristics or can observe snow in all conditions, terrain, and spatial scales.

Current sensors are sensitive to snowpack properties, but given the lack of unique missions to observe snow mass (e.g., SWE) at
65 high spatial resolution, the snow community has increasingly tested machine learning (ML) and deep learning (DL) approaches to
facilitate using sensors for snowpack characterization (Palermo et al., 2023), gap-filling (e.g., Yatheendradas & Kumar, 2022), and
downscaling (e.g., Mahanthege et al., 2024; Rittger et al., 2021). Machine learning approaches here encompass the broad array of
models that learn relationships from data (Zhu et al., 2017). Machine learning, or ML, includes classical ML models that allow for
nonlinear relationships among input variables, such as random forest, support vector machines, and gradient boosting (Hastie et
70 al., 2017). Deep learning, or DL, includes the class of models with more hidden layers (“deeper” layers) with various neural
network architectures, such as convolutional neural networks, U-Nets, transformers, and long short-term memory networks, among
others. These larger models offer advantages for satellite image processing due to the ability to handle large amounts of data and
to process information across multiple pixels simultaneously (Taylor et al., 2021). However, these advantages coincide with the

major limitation that sufficient training and validation data must exist.

75  Advances in snow property retrievals from remotely sensed observations have been made through both classical machine learning

and deep learning techniques; however, a consensus regarding the utility of ML/DL in snow remote sensing techniques remains to
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be established. Past snow remote sensing reviews have focused on specific snowpack properties (e.g., for SWE, see Saberi et al.,
2020; Schilling et al., 2024) or sensors (e.g., see L-band for SWE review as in Tarricone et al. 2023 and spaceborne lidar for snow
depth review as in Fair et al. 2025) and do not focus on ML/DL approaches. Studies have also documented issues related to
80 generalizability and uncertainty, suggesting a need to analyze multiple use cases to determine overall utility (Gascoin et al., 2024).
ML/DL for earth science literature reviews exist, but they are not specific to snow (Krejcar & Namazi, 2026; Reichstein et al.,
2019a; Zhu et al., 2017). Thus, the field lacks synthesis of the current models used, properties analyzed, and best practices related
to data splits and error metrics. In this review, we summarize the recent literature on ML/DL approaches for remote sensing of
snowpack properties, identifying trends and lessons learned to achieve strong accuracy and generalization. We first describe our
85  methods to identify the current literature related to ML/DL for snow remote sensing, then proceed to discuss the common snowpack
properties predicted, best practices, current challenges, and future directions. We intend for this work to guide researchers on
utilizing ML/DL in their own work, while also directing the snow hydrology and computer science community on open areas of

research to improve snow remote sensing globally.
2 Methods

90 We focus on all ML/DL use cases of spaceborne sensors (i.e., optical, passive microwave, active radar, and spaceborne lidar) for
any seasonal snowpack property pertinent to terrestrial water from the recent literature (>1990). Relevant snowpack properties
include snow depth, snow water equivalent (SWE), snow cover, and the dynamics related, such as snow melt timing, snow cover
onset and disappearance, and liquid water presence in the snowpack. We acknowledge that this ignores snow properties related to
sea ice, glaciers, and albedo. Due to the broad field of machine learning, we define machine learning here as a data-driven approach

95  whereby the model learns a non-linear pattern from previously seen data (Mjolsness & DeCoste, 2001). This definition includes
both classical machine learning (e.g., k-means clustering, random forests, and support vector machines), as well as more recently
developed deep learning frameworks, such as all classes of neural networks (e.g., convolutional neural networks, long short-term
memory networks, and transformers) for both supervised and unsupervised learning. We provide a table with a simple description
of each method mentioned in this review, with citations to accompany in-depth descriptions for the interested reader (Table S1).

100 We focus on spaceborne sensors given the global spatial coverage for snow and data accessibility compared to airborne and ground

measurements.

Our review is based on a comprehensive literature search from Web of Science. We use the search terms (“machine learning” or
“deep learning”), and (“snow density” or “snow depth” or “snow water equivalent” or “snow melt” or “snow cover” or “snow
105 timing”), and (“remote sensing” or “InSAR” or “L-band” or “SAR” or “ICESat-2" or “passive microwave” or “optical”) and
scanned for titles and abstracts from peer-reviewed journals that utilized machine learning and deep learning for snow remote
sensing applications for each year since 1990. With papers that fit our scope, we subsequently added a snowball approach, whereby
we reviewed sources cited for additional relevant literature that may not have been captured by our keyword searches. From the
initial pool of 320 papers, we collected 107 papers. Papers discounted included papers where no spaceborne sensor was used, no
110  form of machine learning used, no snow property analyzed, or some combination of those factors. The complete table of papers

for this review is included as a spreadsheet in the code and data repository.

3 Overall trends in machine learning for snow remote sensing
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The final collected papers (n = 107 papers) indicate that machine learning has seen a substantial rise in the field of snow remote
sensing. Returns from our search suggest that ML applications for snow have doubled every 4-5 years since 2005, with a dramatic
115 acceleration from 2021 to 2025 (68 papers) compared to pre-2020 (33 papers total spanning 20+ years; Figure 1). Random forests
make up many of the frameworks (31%; Figure 2A) with simple feed-forward neural networks (e.g., ANNs) and convolutional
neural networks (CNNs) comprising most of the remainder (17% and 14%, respectively). The applications of ML for snow
properties roughly track what raw retrievals may be capable of seeing (Figure 2B). In other words, snow cover is the most studied
application for ML for remote sensing (40% of papers), with snow depth and snow water equivalent as the second and third most
120 (30% and 18% of papers, respectively; Figure 2B). Other properties include snow discrimination from clouds, wet snow, snow

density, and snow clustering patterns (~10%).

Regarding trends in model architectures, earlier papers (published more than 10 years ago; before 2015) used simple feed-forward
neural network models (e.g., ANNSs) for supervised approaches of deriving SWE from passive microwave sensors (Dariane et al.,
125 2014; Santi et al., 2022; Tabari et al., 2010; Tedesco & Narvekar, 2010), and more recent research (after 2015) broadened to other
snow properties and sensors (Broxton et al., 2015; Nijhawan et al., 2019). Between 2015 and 2019, ensemble and kernel-based
methods, namely, random forest models and support vector machines, as well as methods with learnable filters, such as simple
convolutional neural networks (CNNs), began to appear in the literature, citing improved robustness to overfitting compared to the
prior machine learning techniques and the ability to process high-dimensional image data (Bair et al., 2018; Varshney et al., 2018).
130 Starting around 2020, coinciding with the publication and science adoption of software packages like TensorFlow (2015) and
PyTorch (2017), the community saw adoption of neural network architectures (Brodylo et al., 2025; Cannistra et al., 2021;
Elyoussfi et al., 2025; Guo et al., 2020; Kosmala et al., 2018). Random forests continued to dominate, and around 2020, papers
focused on training and validating in larger, regional-sized domains (>400 km; Daudt et al., 2023) as well as globally. GPU-trained
models also became more popular, with researchers usually training models on computer clusters available through Amazon,
135  Microsoft, Google’s Google Earth Engine, and university high-performance computer centers (Amani et al., 2022). Spatial transfer
across different snow types remained a theme across much of the literature examined (Bair et al., 2018; Pflug et al., 2025; Santi et

al., 2022; Tabari et al., 2010).
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Figure 1: Publications on ML/DL for snow remote sensing from a comprehensive literature search starting in 1990. Results

140 are separated into 5-year bins.
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Figure 2: Summary of (a) model architectures used and (b) snow properties analyzed using machine learning. The specific

papers used for constructing these tables are available in the code and data repository.

145
3.1 Machine learning for snow cover

The most dominant use case of ML for snow remote sensing is for monitoring snow cover, comprising 40% of all papers reviewed.
Earliest use cases of using ML for snow cover involve simple feed-forward ANNs to derive fractional snow cover area (fSCA)
maps from moderate-resolution MODIS sensors (~500 m), typically as a comparison to the MODIS NDSI snow cover product
150 initially released in 2000 (Dobreva & Klein, 2011; Hall et al., 2019; J. Hou et al., 2019; Moosavi et al., 2014). One other early
study used an ANN to derive fractional snow cover from Landsat (Czyzowska-Wisniewski et al., 2015). These early studies
identified supporting factors for predicting fractional snow cover from NDSI, such as the normalized difference vegetation index
(NDVI), land cover, and terrain. In the case of Dobreva & Klein (2011), they also found that including these predictions within a
simple 1-hidden layer neural network framework matched NDSI-derived snow cover (R’ = 0.90) and performed slightly better
155 than NDSI-derived snow cover in forested areas (1-2%), due to the ability to inherently capture nonlinear relationships and
relationships dependent on land features. Later studies such as De Gregorio et al. (2019) built upon this work by using a support
vector machine (SVM) model to fuse MODIS NDSI snow cover with hydrological modeled values of SWE for 4-6% more spatially
accurate timeseries (2012-2016) of snow cover maps in the Italian Dolomites. The model learned to default to the modeled values
of SWE, particularly in forests, where NDSI snow cover values are less accurate. Similarly, Liu et al. (2020) found that SVMs
160  successfully fused Sentinel-1 C Band SAR and MODIS NDSI to improve snow cover detection beneath clouds at 90% probability
of detection, and Xiao et al. (2021) predicted snow cover beneath clouds using passive microwave and found that a fused passive
microwave and optical product outperformed an optical product for snow cover by 18% for snow cover detection. Nijhawan et al.
(2019) combined Sentinel-2 optical bands, Sentinel-1 SAR, and elevation with improved snow cover detection over a small area
in northern India in a CNN framework and found that it improved snow cover detection by 2% compared to optical alone. The
165  synthesis across this literature suggests that while snow cover demonstrates a strong raw retrieval, additional variables such as

NDVI, land cover, elevation, and Sentinel-1 C Band information can facilitate detecting snow and the conversion from banded
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retrievals and NDSI to fractional snow cover by accounting for forest impacts, cloud cover, and topographic features that impact

the signal.

170  Over the last 10 years, researchers have also used machine learning to target coarse-resolution snow products for downscaling
towards fine-scale snow cover observations. For example, training the daily but coarse (500-m) MODIS NDSI snow cover product
against the infrequent (~16-day) but fine-scale (30-m) Landsat snow cover fraction maps with a random forest model provided a
means for a daily 30-m snow cover fraction map, with an accuracy of 97% in the US Sierra Nevada and results consistent between
seasons (Rittger et al., 2021). These results were expanded in a later study, which found multiple, spatially local, rather than a

175 single random forest model improved the downscaling for the same region (Mahanthege et al., 2024). When additional variables
are included, such as elevation, slope, aspect, average windspeed, and distance to the ocean, the model is 16% more accurate than
the Rittger et al. (2021) study. Compared to snow depth and SWE, snow cover offers more opportunities for downscaling, as there
are satellites at both moderate (>= 500 m) and fine-scale (< 100 m) resolutions capable of observing snow cover, therefore
providing ample input and reference data for model training.

180
More recently, a trend has emerged for using ML/DL approaches to derive snow cover maps from high-resolution optical images
from commercial satellite providers, such as Planet (Cannistra et al., 2021; K. Yang et al., 2023) and Vantor (formerly Maxar)
Worldview-2 and WorldView-3 (J. M. Hu & Shean, 2022). Although initial questions revolved around the ability to detect snow
when the high-resolution satellites do not include a SWIR band, multiple studies documented the ability of models to learn snow-

185 related relationships using the Red, Green, Blue, and near-infrared bands for detection for cloud-free images (Cannistra et al.,
2021; John et al., 2022; K. Yang et al., 2023). Additionally, high-resolution imagery has the advantage of viewing snow cover in
small forest clearings, improving the ability to monitor snow in areas with forest gaps (K. Yang et al., 2023). Temporal gap-filling
for snow cover when clouds are present is another recent advancement for ML applications for snow cover, combining terrain
information, temperature, solar radiation, and reanalysis products. Long short-term memory (LSTM) networks have proved

190 advantageous for these applications, with the ability to learn relationships across time (C. Zhang et al., 2026).
3.2 Machine learning for SWE and snow depth

ML approaches are used less frequently for snow depth and SWE compared to snow cover. However, they document some of the
earliest cases for ML for snow remote sensing, with multiple examples of ANNs to convert the 19 GHz and 37 GHz passive
microwave channels to SWE as early as the 1990s (Chang & Tsang, 1992; Changyi Sun et al., 1995; Davis et al., 1993; Tsang et
195 al., 1992), and similar approaches continuing into the 2000s and 2010s (Dariane et al., 2014; Tedesco et al., 2004; Zaerpour et al.,
2020). This early work on SWE relative to snow cover matches the availability of passive microwave imagery relative to optical.
Passive microwave scenes were freely available in the 1980s (e.g., SMMR, SSM/I), unlike optical scenes, which were not freely
made available until 2008 (e.g., Landsat; Wulder et al., 2008). Furthermore, across these studies, the authors note the motivation
of utilizing ML approaches to exploit the sensitivity of passive microwave to snow mass while overcoming the inherent complex,
200 non-linear, and region-dependent phenomena that control the radiative transfer between passive microwave signals and snow
properties (Davis et al., 1993; Tedesco et al., 2004). Even with these simple, early models applied to the passive microwave
observations, the studies document the ability of the ANNSs to capture nonlinear relationships but acknowledge accuracy varied

widely based on snow conditions (~9% to 57% as in the case of Chang & Tsang, 1992) and topographic complexity (Tong, 2010).
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205  Similar to snow cover, the last 20+ years reveal a building consensus that multiple variables perform better than a single variable
for predicting SWE and snow depth. For both snow depth and SWE, multiple studies used 19 GHz and 37 GHz channels when
utilizing AMSR2 passive microwave (H. Hou et al., 2024; Liu et al., 2024; Tanniru et al., 2025; G. Wang et al., 2025; Wei et al.,
2022), and other studies add the 22 GHz channel (Zaerpour et al., 2020) or combine all frequencies for best results (Tanniru &
Ramsankaran, 2023a). Topographic variables such as elevation, slope, aspect, forest fraction, and land cover continue to be an

210 important factor (Bair et al., 2018; H. Hou et al., 2024; G. Wang et al., 2025; Wei et al., 2023; J. Yang et al., 2020; J. Zhang et al.,
2021), and incorporating previous timesteps improves SWE and snow depth prediction from both passive microwave and optical
(Elyoussfi et al., 2025; Pflug et al., 2024; Wei et al., 2022). The time component also allowed for temporal gap-filling for SWE
from MODIS fSCA and SWE derived from reanalysis when the information was obstructed by clouds (Pflug et al., 2025).
Climatological features also play an important role (e.g., precipitation and temperature; Guidicelli et al., 2024; Malygin et al.,

215 2024; Yuetal., 2022).

The literature also trends toward higher resolution and using active radar. Wang et al. (2025) leveraged an XGBoost model to
combine AMSR2 and MODIS to downscale snow depth to 500 m with an RMSE of 2.65 cm at weather stations and a 7.05 cm
RMSE at independent field sites. Shaw et al. (2020) used meter-scale high-resolution retrievals from Planet along with information
220  on wind and precipitation from regionally based physical models to derive snow depth using a random forest model with a RMSE
of 0.30 m. For active radar, Dunmire et al. (2024) used ML and Sentinel-1 SAR along with snow cover fraction and elevation to
perform the retrieval of snow depth from the complex radar signal in the European Alps, achieving Pearson’s » value of 0.75 with
cross-validated weather station sites, although error increased above 3 m snow depth (mean bias equal to -1.75 m vs. -0.08 m for
snow depth < 3 m). As NISAR L-band images become available, recent papers have also documented L-band InSAR to perform
225  at the same RMSE level for snow depth as lidar-derived snow depth (Alabi et al., 2025). The synthesized literature suggests that
currently snow depth and SWE present a harder use case for machine learning, and more features and sensors are likely necessary
to capture the variability. Overall, when inspecting the studies that either 1) reported RMSE binned by snow depth or 2) made
snow depth predictions available via data availability statements, we found that generally RMSE increases with snow depth (Figure
3). This breakdown matches the error for shallow and deep snow with physics-based models (Clow et al., 2012; Stigter et al.,
230 2017). We report in cm to stay aligned with how the papers reported results but acknowledge that RMSE at higher snow depths is

typically reported as a percentage to reflect that the error is proportional to snow depth.
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Figure 3. RMSE from four papers for snow depth. RMSE values were extracted from the results table or by pulling the
235 data from the data availability statements (i.e., Dunmire et al. 2024) and binning the RMSE into multiple snow depth bins.
The spatial resolution for the ML-derived product is shown in parentheses. Solid lines show the RMSE from the ML model,
dashed lines show the RMSE when the authors compared the reference data to previously available products, such as the

AMSR?2 snow depth product in both cases (Gao et al., 2023; Tanniru & Ramsankaran, 2023a).

240 3.4 Machine learning for other snow properties

Our review documented other ML-derived snow properties such as snow density, snow wetness, snow class clustering, and snow
vs. cloud discrimination. ML applications for snow density appeared in just 3 papers (~3% of papers). For density, the studies
combined passive microwave information, such as the SWE-derived product from passive microwave (L. Jiang et al., 2022), along
with elevation and outputs from reanalysis (ERA-5) data, including factors known to drive snow compaction, i.e., wind speed, air
245  temperature, and relative humidity (Goodarzi et al., 2024; L. Sun et al., 2024). In the case of Sun et al., (2023), they achieved an
overall R? of 0.67 compared to the reanalysis snow density information. Snow wetness studies used SAR-based sensors and random
forest frameworks to predict wet or dry snow (Gallet et al., 2024; Kumar et al., 2022), citing ML as an advantage to capturing the

multiple types of scattering behavior in polarimetric SAR.

250  Class clustering was the only example for unsupervised learning, but it proved useful for identifying patterns across different snow
regions (Farmer et al., 2010; Johnston et al., 2024). For example, Farmer et al. (2010) illustrated clusters of snow wetness in central
Canada using SSM/I passive microwave and hierarchical clustering approaches. The advantage of unsupervised behavior for this

application is that it can override geographic biases and identify similarities in snow conditions that may not be immediately
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obvious, such as similarities in snow timing in ephemeral snow regions at midlatitudes across the world (Johnston et al., 2024).
255 Snow vs. cloud discrimination has also been a use case for ML/DL given the similarity in the optical bands without SWIR. In all
papers identified, researchers used a subset of CNNs, namely U-Nets, ResNets, or larger CNNs such as DeepLab3+ (Barrou
Dumont et al., 2024; Bloshchinskiy et al., 2020; Demil et al., 2025a; Jin et al., 2022; Yin et al., 2022; Zheng et al., 2021). The use
of these models suggests that the neighboring spatial information incorporated during the convolutional step (the kernel) helps

resolve the two classes, improving the accuracy for downstream snow property retrievals.

260
4 Best practices for machine learning and deep learning in snow remote sensing

Using the many use cases for ML/DL for seasonal snow properties, we now discuss the best practices for input data, reference

data, data splits, model selection, and accuracy metrics.
4.1 Input data

265 Input data ranged from single to multiple satellites and varying combinations of topographical information, climate information,
and reanalysis information, depending on the snow property analyzed (Figure 4A). Optical was the most common sensor utilized
(26% of papers), predominantly for snow cover. Passive microwave was also predominantly used for snow mass properties (21%
of papers). ML/DL frameworks have also enabled data fusion or combining multiple sensors to make a prediction. In papers that
tested both single sensor and multi-sensor approaches, overwhelmingly, combinations of multiple sensors and features

270 outperformed single sensor approaches, in some cases by as much as 40% (Bai et al., 2025; K. Yang et al., 2025). These fusion
frameworks have improved the ability to detect snow beneath clouds and wet snow (Dunmire et al., 2024; Esmacelzadeh et al.,
2024; Liu et al., 2020; J. Yang et al., 2020). One study demonstrated that a random forest model with surface reflectance bands 1-
7 from MODIS successfully retrieved 67% of forest snow pixels compared to just 8-14% using the standard MODIS NDSI
threshold (Luo et al., 2022a).

275
However, given our review, we argue that the prevalence of the sensors used for model training does not necessarily correspond
with best practices for future ML for snow remote sensing work and that current gaps still exist. For example, despite the
prominence of optical for determining if a pixel was snow-covered, clouds and dense forest cover remained a key challenge even
for ML models. Clouds limited training sample size (Cannistra et al., 2021; Dunmire et al., 2024; Yatheendradas & Kumar, 2022),

280 and predictions in forests consistently had higher error, ranging between 6% to 96%. Overall, 12 papers (~10% of papers) explicitly
listed the challenge of predictions in forests, demonstrating the universal challenge of predicting snow under canopy (Kumawat et
al., 2025; Luo et al., 2022a; Santi et al., 2022; Wei et al., 2025; Xue & Forman, 2015; K. Yang et al., 2025; G. Yu et al., 2024).
Similarly, passive microwave was used to predict snow depth and SWE, but this likely matches the long historical record rather
than the optimal utility. Several studies noted higher model error in areas with deep snow (Y. Hu et al., 2023; Tanniru et al., 2025;

285 Tedesco et al., 2004), wet snow (Xiao et al., 2018), and shallow snowpacks (< ~25 cm; J. Yang et al., 2020) likely due to the
physical constraints of passive microwave and signal saturation in these conditions. Relationships for snow properties that the
model learned only from passive microwave studies also failed to generalize spatially (e.g., R? decreased 0.69 to 0.21 as in Santi
et al., 2012; see also Tong, 2010; Xiao et al., 2018), suggesting that coarseness and complexity of the brightness temperature

signals can be difficult to match to snow even with the help of models. We recommend continued use of combining multiple
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290 sensors as inputs for snow property prediction, but given the current sensors available, global snow monitoring, especially in

forested areas, deep snow, wet snow, and at high resolutions, is challenging even with ML.
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Figure 4. Summary of (a) input and (B) reference data used across literature search for use cases of ML/DL for snow
295 remote sensing for the three dominant snow properties identified (snow cover, SWE, and snow depth). All other properties

are grouped under “other.” The papers assigned to each category are available in Table S2 and S3.

4.2 Reference data

We use reference data here as the umbrella term for the data that the model compares its predicted outputs against during model
300 fitting and evaluation. As machine learning approaches are inherently data-driven, reference data plays an integral role in model
training and evaluating (Bergen et al., 2019). Reference data across the literature reviewed largely ranged from ground-collected
data, weather stations, airborne lidar, higher resolution satellite images, and reanalysis products (Figure 4B). We identified weather
stations and optical satellite information (e.g., Landsat and Sentinel-2) as the most frequent reference datasets for models,
representing 40% and 26% of papers, respectively. Reanalysis datasets, such as those from ERA-5 and CROCUS also serve as an
305 efficient form of validation for snow depth and SWE (7% of papers; Kumawat et al., 2025; Meloche et al., 2025). Multi-basin lidar
flights, such as those provided by the Airborne Snow Observatory (ASO; Painter et al., 2016), have become more popular as
reference data, with 11% of papers all within the last 5 years (P. Broxton et al., 2024; Cannistra et al., 2021b; Shaw et al., 2020;
K. Yang et al., 2022, 2025). In one case, reconstructed SWE, where SWE derived from radiation information reanalysis datasets
combined with fractional snow cover from MODIS was used to validate SWE predictions (Bair et al., 2018). Two other studies
310 used synthetic data for SWE and snow density derived from radiative transfer models to evaluate machine learning models trained

on passive microwave (Chang & Tsang 1992; Tsang et al. 1992).

The diversity of datasets for reference suggests that no optimal reference snow dataset exists, and different trade-offs are inherent.
For weather stations, authors cited the utility of weather stations for highly accurate observations, especially for downscaling coarse
315 (3 km +) satellite observations (Bai et al., 2025; Wei et al., 2025). However, weather station locations contain biases depending on
the network, such as a focus on areas of higher snow and/or sparseness in mountainous areas (Broxton et al., 2019; Daudt et al.,

2023; L. Sun et al., 2024). For example, J. Yang et al. (2020, 2021) found RMSE values doubled when extrapolating in space

10
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versus time due to biases in the station network. Furthermore, due to the point-scale resolution, there can be misalignment with the
observations and input data (Bai et al., 2025; Ni et al., 2024). Some of this misalignment and spatial transfer limitation can be
320 accounted for through data split designs such as leave-one-out cross-validation, which blocks sampling design by geographic areas,
ensuring overall error represents performance across all locations without spatial data leakage (see section 4.3 on data split

strategies).

Contrastingly, lidar and reanalysis datasets are spatially complete, providing the ML models with gridded information on snow
325 properties from which to learn. Cannistra et al., (2021) found that by presenting the model with an array of snow conditions for a
model trained on high-resolution Planet snow cover and validated with airborne lidar, the model performed well on a climatically
distinct out-of-sample (only 8% decrease in F-Score, their metric for accuracy), although the results did not hold well in regions
with different canopy structures (~25% decrease in F-score). The results are more varied for snow depth and SWE, which are more
spatially heterogeneous than snow cover (mean R’ values ranging between 0.25 and 0.95; K. Yang et al., 2025). Lidar datasets also
330 present limitations in temporal resolution and contain processing steps that can introduce uncertainty. For example, lidar flights
are considered high-fidelity datasets for SWE at 50-m resolution, but other studies have identified that the snow density estimation
is the largest source of uncertainty in these datasets (Raleigh & Small, 2017), and some ML-focused studies have identified
processing artifacts in lidar-derived SWE datasets (Brencher et al., in press). As of date, we identified no study that accounted for
this. Lidar flights for SWE also tend to focus on peak SWE to estimate snowmelt timing, but this can provide limitations to

335 extrapolating to other time periods of the winter (P. Broxton et al., 2024).

Our summary of the reference datasets suggests that more work is needed to develop datasets that stratify snow conditions, time
of year, and geographic locations to robustly train and evaluate model capabilities across spatiotemporally changing conditions.
We recommend validation using multiple datasets when possible, such as lidar flights for spatial validation and weather stations
340 for temporal analyses to further identify strengths and weaknesses of model performance. We also acknowledge that the
dependency of ML models on reference data can be costly and time-intensive (Gascoin et al., 2024), and we recommend that the
community continue to leverage publicly available datasets and community science opportunities for novel ground-truth data
sources when appropriate (Breen et al., 2024; Kosmala et al., 2018; Luo et al., 2022b). Additionally, recent work has emphasized
how strategically placed measurements can accurately measure snow depth and other snow properties across a basin (Oroza et al.,

345 2016; Raleigh et al., 2025), and further work in this area could reduce labeling efforts in the future.

We also note that overwhelmingly, the studies identified focused on reference data for snow in the Northern Hemisphere, with just
one study in the Southern Hemisphere (Shaw et al., 2020). This study focused on the Rio del Yeso basin in the Chilean Andes
mountain range, a region classified as tundra snow, according to the recent map of snow classes (Sturm & Liston, 2021). While
350 other studies in the Northern Hemisphere have also focused on tundra (Tanniru & Ramsankaran, 2023; J. Wang et al., 2020), the
discrepancy between the number of studies in the Northern versus Southern Hemisphere suggests potential reference data gaps
that may limit future global generalizability. Unlike physics-based snow models, ML models reflect the trained data, and any biases

in the data will reflect in the predictions, whereas the physics-based models tend to have systematic biases (Sthapit et al., 2026).
4.3 Data split strategies

355 Data splits determine how the reference data is split between training and testing of the model. This has important implications for

how well the model generalizes. For snow applications, we identify that most data splits avoid random splits and instead conduct

11
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spatial splits (Cannistra et al., 2021; John et al., 2022; Pflug et al., 2024; Santi et al., 2022; K. Yang et al., 2023), whereby the
researchers hold out an area from training and test on a new area, or temporal splits (Bair et al., 2018; Tong, 2010), which implies
holding out one or more water years and testing on the unseen time period. Alternatively, some researchers conducted a
360 spatiotemporal split, which is a combination of both new space and time periods in the test set (Wei et al., 2026). In some cases,
studies conducted cross-block validations (e.g., holding out a year for each year or holding out a region for all regions), which is
the most rigorous, although most computationally intensive, data split design (L. Sun et al., 2024; Tanniru & Ramsankaran, 2023a;

K. Yang et al., 2025).

365 The data split selection will depend on the task at hand and the data available, and performance will also depend on those factors.
In papers that conducted both temporal and spatial splits, the temporally trained model outperformed the spatially trained model
(see Tong et al. 2010; Bair et al. 2018). However, the outperformance of temporal splits is likely a result of the availability of
temporally consistent snow information, as we generally have more continuous data temporally (e.g., from weather stations) than
spatial datasets. Some outperformance may, in part, be due to repeatable spatial patterns annually (Pflug et al., 2022), although this
370 advantage may change under future conditions. Cross block designs are advantageous for small training datasets by ensuring that
all samples contribute to both training and evaluation, but some caution should be used as snow is spatially autocorrelated
(Reinking et al., 2022), and sites close to each other will inherently leak information between training and evaluation (Tanniru &
Ramsankaran, 2023). In these cases, however, authors achieve results robust to new locations in time and space (K. Yang et al.,
2025). Therefore, we recommend that, regardless of split, authors remain transparent about possible spatial or temporal
375 autocorrelation that may inflate transfer metrics. We also recommend that, when possible, authors present both spatial and temporal

splits so that future users can understand replicability in both time and geographic regions.

An additional consideration during a split is class balance, or ensuring that snow conditions, geographic diversity, and value ranges
are proportionally represented across training and evaluation sets. For snow specifically, zero snow depth (or zero SWE or snow
380 cover) values are often overrepresented in training relative to high amounts, which are rarer but critical for water resource
applications. Under-sampling zero or near-zero values and oversampling high snow values can help the model learn the full range

of snowpack states, improving predictions at both extremes (Dunmire et al., 2024).
4.4 Model selection

As mentioned in section 3, random forests dominated the ML frameworks (40%), with varieties of neural networks as the second
385 and third most common (17% and 14%) (see Figure 2A). Upon inspection of the model choices, authors cited random forests for
quick model fits without a GPU and ability for interpretation via feature importance analyses. ANNs were also successful for small
sample sizes without a GPU, although they were sensitive to outliers (Palermo et al., 2023; Ying et al., 2025). Larger models,
namely CNNs, required a GPU to handle the matrix multiplication at large sample sizes but contained the ability to implicitly learn
location and neighborhood information (Demil et al., 2025b; Yatheendradas & Kumar, 2022). Understanding feature importance
390 in CNNs was difficult, however, due to the complexity of the models (Elyoussfi et al., 2025). LSTM models provided a means to

make predictions leveraging time-series information (Bai et al., 2026; Daudt et al., 2023).
The trade-offs in model selection reinforce that model selection depends on the size and type of the dataset, the variable to predict,

and access to computational resources. In some cases, authors trained multiple models and conducted a model comparison,

395 presenting opportunities to understand how some model frameworks present advantages for certain snow applications. For
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example, in direct comparisons, CNNs and U-Nets outperformed random forests for snow cover mapping where spatial context
mattered (Wang et al. 2022; John et al. 2022), while the advantage was less consistent for regression tasks such as SWE or snow
depth where tabular passive microwave or reanalysis inputs dominate (Bair et al., 2018). Complexity is not always better, however,
as Yang et al. (2022) fit a linear model for snow cover using historical SWE, daily mean fractional snow cover area, and 18
400 topographic variables and achieved an R? of 0.60, demonstrating that when meaningful variables are incorporated, simpler models
can perform as accurately. Additionally, smaller models, such as RFs and feed-forward neural networks, offer fast training times
and are more robust to overfitting on small datasets relative to larger models (Gregorio et al., 2018; Kuter, 2021; Nijhawan et al.,
2019). Overall, more work is needed to understand the best model, especially for snow properties without a dedicated sensor, such

as SWE, with more model comparison studies using benchmark datasets.
405 4.5 Physics-informed machine learning

Incorporating physical knowledge has been recommended to aid model interpretability (Reichstein et al., 2019b; Schneider et al.,
2022) and to ensure physical accuracy. The simplest way to provide physical knowledge for snow predictions from ML/DL
approaches is to control the prediction to physically realistic values as a post-processing step. For example, Tong et al. (2010)
limited model predictions for SWE to only the physically plausible range (no negative values) after model prediction, while Shaw
410 et al. (2020) produced negative snow depth values in shallow snow, demonstrating the consequence of omitting physical
constraints. We also found cases where researchers first corrected inputs using radiative transfer models and found that the
corrected inputs performed better than uncorrected, as it enabled the model to learn from the isolated information of interest (Wei
et al., 2025). For example, Yang et al. (2021) predicted snow depth by training a random forest model on AMSR2 observations
along with snow grain size estimates from a radiative transfer model and decreased the unbiased RMSE from 7.5 to 3.5 cm (i.e.,

415 ~50%) across China.

A more advanced approach of incorporating physical knowledge might include penalizing the model for making unrealistic
predictions in the loss function for models that make multiple passes through the data (i.e., neural networks), as it ensures no post-
processing is required and that the model has internalized physical relationships. A simple addition such as ensuring non-negative
420 snow prediction values is one improvement to a custom loss function for snow. More complex loss functions might include
conditional relationships that depend on the inputs. For example, if precipitation is an input, SWE should only increase following
snowfall precipitation events, as is the protocol by other snow products like GlobSnow (Pulliainen et al., 2020). Evidence of this
approach exists in other earth science disciplines (Daw et al., 2021; Shen et al., 2023), and we recommend that this continue to be
an active area of research. We also recommend exploration of replacing the physical governing equation with ML/DL as done in
425 modeling with emulators (Tang et al., 2025). In remote sensing of snow, this appears less common but holds potential for radiative

transfer modeling.
4.6 Accuracy metrics and reporting

The most common reported metric for regression tasks across all papers was RMSE, while R?, MSE, MAE, and percentage biases
were also common. For classification tasks, F-1 score was the most common metric. However, there was no consistent report
430 metric used in all papers. This result made it difficult to compare results across papers and aggregate an overall ML/DL accuracy
for snow. As a case study, we inspected papers that reported RMSE for SWE derivation across for the last 15 years (n = 8 papers)
and found that our overall ability to retrieve SWE using ML/DL has generally stayed below RMSE = 20 cm (Figure 5), although

13
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it was difficult to identify a trend across studies as sample size varied, validation source varied, and RMSE varied with snowpack
depth. For example, some earlier studies performed better than recent studies (see Tedesco et al. 2005), however this study was
435  conducted in shallower snowpacks (snow depth < 1.5 m), compared to later studies with deeper snowpacks (SWE up to 2 m; Yang

et al. 2022) where errors are larger but proportional to snow depth.

Moving forward, we recommend the continued use of multiple metrics that capture both the magnitude of error as well as the
variance of error (e.g., RMSE and R?). However, particularly for SWE, we recommend additional reporting accuracy as a
440 percentage. The NASA Decadal Survey identifies SWE as a “Most Important” targeted observable from space and sets a target of
10% accuracy (Committee on the Decadal Survey for Earth Science and Applications from Space et al., 2018), and we encourage
researchers to incorporate the use of percentages for accuracies, particularly for SWE-focused studies to stay accountable towards
larger community goals. For example, normalized RMSE (nRMSE), where the RMSE is divided by the mean of the observed
values, can be multiplied by 100 to present the error as a percent. Additionally, we also recommend stratifying error by time of

445  year and region when appropriate, to generate a complete picture of performance.

In addition to reporting overall model accuracy relative to reference data, we also recommend evaluating performance relative to
existing physical and statistical benchmarks and reporting the training time. Several papers compared against baseline physical
models or physical retrievals (Cui et al., 2023; Kumawat et al., 2025; K. Yang et al., 2022). Similar to model selection, accuracy

450 relative to simple models (e.g., linear models or random forests in the case of deep learning) can provide indications of trade-offs
in computation, speed, and inference accuracy (Brodylo et al., 2025; John et al., 2022). Including training time, such as in the case
of John et al. (2022), where a model with more features took five times longer (total 20 hours), allows the reader to evaluate for
added accuracy while considering computation load. These are generally the best practices for ML for earth sciences (Reichstein
et al., 2019), and we encourage continued adoption here.

455
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After synthesizing the research, we present four core areas of future work for the snow community in the realm of new 1) models,

The recent literature indicates that random forests and neural networks are the dominant methods used in remote sensing for snow
applications, with just one paper utilizing a transformer (Kumawat et al., 2025). However, in Earth Science, transformer models
are generating momentum due to the ability to capture long-range spatial dependencies and attention mechanisms sensitive to
multi-modal inputs (Xu et al., 2026; T. Zhao et al., 2024). Additionally, foundation models, such as NASA and IBM’s Prithvi-EO-
2.0, Google’s AlphaEarth, among others, are a subset of transformer models that self-supervise on large amounts of imagery that
can either be fine-tuned for specific tasks (e.g., Prithvi) or produce embeddings (e.g., AlphaEarth) to be used downstream as inputs
in other models. In remote sensing applications, embeddings are a way of representing a subset of an image (sometimes referred
to as an “image patch” or “chip”) as a numerical vector, such that the information can be fed into transformer models (Dosovitskiy
etal., 2021). As of publication, no foundation model has tested applications for sub-seasonal snow measurements, and applications
for snow remain largely unknown. Many of the current available models include optical bands, which may be suitable for snow

cover applications, but few contain active radar bands and passive microwave information for snow mass applications (Brown et

accuracy in RMSE.

460 5 Future directions
2) datasets, 3) benchmarking, 4) applications, and 5) capacity building.
5.1 Models

465

470

475

al., 2025; Szwarcman et al., 2025). Some also contain architectures that take in single vs. multiple outputs or are optimized for
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daily or monthly timesteps, which present pros and cons for snow monitoring (Guo et al., 2024). The difference across these models
results in foundation model performance that depends on the task at hand (Marsocci et al., 2025). So, while we recommend the
community test state-of-the-art transformer architectures for snow applications, we impress upon the community that the best

model for a specific snow application will depend on the task and dataset.
480 5.2 Optimal remote sensing datasets for snow

Our review identified that combining sensors for snow improved results, but gaps remain in our ability to retrieve snow from space
with current sensors available. Ideally, the snow remote sensing community would have a snow-focused satellite mission instead
of utilizing machine learning to mitigate current sensor limitations for snow applicability. Spaceborne L-band information and
lidar information present new opportunities for snow (Alabi et al., 2025; Fair et al., 2025), and current sensors on airborne
485 platforms, such as X-band radar, also present opportunities for SWE estimation, although as of date there are no publicly available

X-band spaceborne platforms (Santi et al., 2022).

In addition to exploring ML-derived snow retrievals from new platforms, future work should also focus on integration across
datasets with varying spatial and temporal resolutions, as we currently do not have spatially complete snow information at fine
490  scales. Regardless of the model architecture, effective data integration methods, such as separate model encoders for each input
dataset or additional channels for missing data and temporal lags (Tseng et al., 2024; Brown et al., 2025, Bodnar et al. 2024) may
facilitate data integration and the addition of new datasets. We encourage the community to explore not just additional inputs but
additional data fusion architectures, with our suggestion to investigate transformer backbones (see 5.1), encoders for sensors, and

additional channels for missing information as promising near-term directions.
495 5.3 Benchmarking datasets and models

Benchmarking for snow retrievals is typically conducted with current products available for snow cover, depth, or SWE, but as
demonstrated in Figure 4B, a variety of validation datasets exist. We encourage community consensus around benchmark datasets,
which could be facilitated in part by a dedicated snow mission. Benchmarked datasets can also serve as baselines for Earth Science
Hackathon competitions, where participants can compare competing models on the same reference target. When developing
500 benchmarking datasets, the SpatioTemporal Asset Catalog (STAC), a framework for structuring satellite metadata, allows for
efficient retrieval, particularly for ML, and could be adopted for further systematic model integration (Y. Zhao et al., 2021). Beyond
benchmark dataset development, we encourage future work to benchmark models through model intercomparison studies, which
indicate performance variations driven by model selection. Models should be made available on public platforms, like Hugging
Face and Zenodo, with installation instructions for popular coding environments including Python, to encourage model

505 benchmarking across studies.
5.4 Applications

We suggest continued work to refine ML/DL approaches as complements or replacements for retrieval algorithms for the snow
properties discussed here. Future work should continue to explore applications that improve predictions in deep snow, shallow
snow, and snow in forests, as these regions presented challenges across many of the papers reviewed. Topics beyond this review
510 may also be future applications. For example, real-time anomaly detection, where an ML/DL model detects natural or human-

induced disruptions on the Earth’s surface during the observation, also presents opportunities for the snow community (Yan et al.,
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2025), although the technique is not currently integrated at scale. If applied to snow, anomaly detection integrated into satellite
platforms could help detect storms, extreme SWE, rain-on-snow melt-out, and other events that carry implications for human and
ecological communities. More work is needed to determine real-time processing technologies (e.g., atmospheric correction) and
515 proper energy and memory efficiency constraints while maintaining model accuracy (L. Sun et al., 2024; Yan et al., 2025), but it

carries implications for many real-world remote sensing and hydrology needs.
5.5 Capacity building

Finally, training the next generation of snow researchers capable of developing and using ML/DL approaches is essential for new
innovations and continuing efforts for effective water monitoring and management. In-person and hybrid “hackweeks” for snow

520 have been successful for teaching advanced computer science techniques (Arendt et al., 2022; Henderson et al., 2021; Pestana et
al., 2024), and online content such as GeoScience MAchine Learning Resources and Training (GeoSMART) provides curriculum
and workflow pipeline examples for encouraging adoption of ML techniques when appropriate (Cristea et al., 2022). As generative
Artificial Intelligence (Al) tools (e.g., ChatGPT, Claude, and others) increase in popularity, more ML adoption potentially increases
due to lowering coding barriers (Q. Jiang et al., 2025; Smith et al., 2024). While some might argue that large language models

525 (LLMs) reduce the necessity for ML capacity building, we contend that in-person and virtual trainings remain essential. Capacity
building should evolve to help scientists responsibly integrate Al into their ML workflows, ensuring they maintain oversight of
model design and adhere to FAIR (Findable, Accessible, Interoperable, and Reusable) principles when utilizing these tools (Z. Sun
et al., 2024).

6 Conclusion

530 The snow community has used ML/DL for the last 20+ years and rapidly adopted ML/DL methods in the last five years. The
synthesis of the use cases demonstrates that ML/DL methods are largely successful for snow cover, SWE, and snow depth, and
leverage information from passive microwave, optical, and radar, among other environmental and meteorological variables, such
as elevation, air temperature, and precipitation. Snow remains uniquely hard for ML/DL approaches due to the fine-scale temporal
and spatial variability, and clouds, nighttime, deep snow, and forested areas prove challenging for models. The snow community

535 should continue to explore ML/DL applications for snow, and recognize that ML is a tool for extending or enhancing information,
not a substitute for observing it. As the volume and diversity of satellite observations sensitive to snow continues to expand and
the ML/DL research continues to evolve, systematic evaluation of how the two can be used in tandem is essential for advancing
global snow monitoring. Given the work accomplished over the last several decades, we believe the community is well-positioned
for significant ML/DL advances in snow monitoring and will continue to be a leader for highly heterogeneous physical ML/DL

540 applications broadly.

Code and data availability

The exported paper metadata from the Web of Science search, the additional information extracted from papers, and the code to

make the summary plots is available at the following GitHub repository: https:/github.com/catherine-m-

545  breen/ml for snow remote sensing review.
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