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Choler et al. 2025. Legacy of snow cover on alpine landscapes. 

Sturm and Wager, 2010. Using repeated patterns in snow distribution modeling: 

An arctic example

Mountain of the Holy Cross, Colorado (127 years apart)

Roche Noire, France (124 years apart)The informative power of snow cover
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Choler et al. 2025. Legacy of snow cover on alpine landscapes. 

Sturm and Wager, 2010. Using repeated patterns in snow distribution modeling: 

An arctic example

Mountain of the Holy Cross, Colorado (127 years apart)

Roche Noire, France (124 years apart)The informative power of snow cover

Yukigata (noun): recurring patterns formed by lingering patches of snow and 

exposed rock on mountainsides during spring snowmelt.

Before there were written calendars in Japan, farmers used the snow patterns on 

the hillsides and mountain slopes as a guide to the seasons…They gave these 

shapes whimsical names like the monkey or the snake. When certain shapes 

emerged, they knew it was time to plant crops (Sturm and Wagner, 2010)
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Fang et al. 2022. A western United States snow reanalysis dataset over the 

Landsat era from water years 1985 to 2021

Western US Snow Reanalysis (“WUS-SR” – or – “UCLA”)
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Ritchie et al. Benchmarking catchment-scale snow water equivalent datasets 

and models in the western United States [in review]

Western US Snow Reanalysis
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Ritchie et al. Benchmarking catchment-scale snow water equivalent datasets 

and models in the western United States [in review]

Lundquist et al. Snow what? Comparing snow products to reveal what works, 

where, and why [in review]

Western US Snow Reanalysis
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Lundquist et al. Snow what? Comparing snow products to reveal what works, 

where, and why [in review]

Challenges for large-scale and real-time applications:

• Based on a large-ensemble of snow simulations

• Available for select years and regions

• WUS-SR snow cover assimilation requires snow 

disappearance before reanalyzing SWE → not 

available in real-time

Western US Snow Reanalysis

Constraining process-based snow hydrology using a deep learning 

snow model

Modeling using snow cover
Process and data-driven 

modeling
LSTM model performance Transferability Process model assimilation



9

Lundquist et al. Snow what? Comparing snow products to reveal what works, 

where, and why [in review]

However, there are challenges to using this data for real-

time and global applications:

• Based on a large-ensemble of snow simulations

• Available for select years and regions

• WUS-SR snow cover assimilation requires snow 

disappearance before reanalyzing SWE → not 

available in real-time

Western US Snow Reanalysis (WUS-SR)

Questions

1. Can a deep-learning model learn to reproduce WUS-SR SWE provided limited 

remote sensing observations and only the most trusted meteorological inputs?

2. Can the model be generalizable enough to expand SWE estimates to locations 

outside of the Western United States with similar accuracies?

3. How can this deep learning model constrain process-based estimates of SWE 

and snow driven hydrology?
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Process-based (PB)

Meteorological forcing

Daily air temp.

Daily precipitation

Radiation

Wind speed

…

Model physics

SWE

Most-trusted forcing

Least-trusted forcing

Process-based snow modeling
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Process-based (PB)

Meteorological forcing

Daily air temperature

Daily precipitation

Radiation

Wind speed

…

Precipitation 

climatology

MOD10A1 snow 

cover

Model physics

SWE

Ensure consistency

Long-term precipitation → 

spatial and seasonal patterns of 

wet and dry normals

?

Annual snow cover evolution is 

related to SWE, but modified by 

climate conditions 

Data-driven snow modeling
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Process-based (PB)

Meteorological forcing

Daily air temperature

Daily precipitation

Radiation

Wind speed

…

LSTM

Precipitation 

climatology

MOD10A1 snow 

cover

Model physics Trained weights

SWESWE

LSTM

• Recurrent Neural Network (RNN) 

• More effectively passes pertinent 

information for both long (e.g., 

seasonal) and short (e.g., daily) data 

lengths

• Good for time series of information, 

especially seasonal signals

Data-driven snow modeling

WUS-SR
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Data-driven snow modeling

Pflug et al. 2025. Lightweight and regionally transferrable snow water 

equivalent estimation using a long short-term memory network.

• Aggregated model inputs and training targets to a 1 km  and daily grid over 

WUS training regions:

• Input: daily average air temperature from MERRA, downscaled to 5 km

• Input: WorldClim 30-year monthly precipitation normals (30 arcsecond)

• Input: MODIS fractional snow-covered area (fSCA, ~500 m), excluding 

cells/dates with cloud cover, and cells with snow pillows

• Training target: WUS-SR SWE (~500 m)

• Excludes cells and years with ephemeral snow cover, glaciers, and an 

insufficient number of winter snow cover observations
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LSTM snow simulations

5501 comparisons

1 comparison = 330-day record of SWE observations and estimates 

           at one snow pillow
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LSTM snow simulations

1 km grid cell
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LSTM snow simulations
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LSTM snow simulations
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LSTM snow simulations
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SWE estimates in abnormal years

Low-snow 2007
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SWE estimates in abnormal years

Low-snow 2007 Deep-snow 2011
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Regional transferability
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LSTM snow simulations: Global expansion
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Noah-MP

Meteorological forcing

Daily air temperature

Daily precipitation

Radiation

Wind speed

…

LSTM

Precipitation 

climatology

MOD10A1 snow 

cover

Model physics Trained weights

SWESWE

NLDAS-3 snow constraints

Assimilation

SWE uncertainty

Allow SWE uncertainty prescribed by the LSTM model to define 

where/when to prescribe high faith to the LSTM estimates, or lean on 

the process-based simulations more
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NLDAS-3 in snowy basins

Assimilating SWE, 

vegetation, terrestrial water 

storage, and soil moisture
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NLDAS-3 in snowy basins
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Melting

Greening

Melting

Greening

Melting

Crested Butte
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Conclusions

Questions

1. Can a deep-learning model learn to reproduce WUS-SR SWE across the 

provided limited remote sensing observations and only the most trusted 

meteorological inputs?

2. Can the model be generalizable enough to expand SWE estimates to locations 

outside of the Western United States with similar accuracies?

3. How can this deep learning model constrain process-based estimates of SWE 

and snow driven hydrology?

Can a deep-learning model learn to reproduce WUS-SR SWE provided limited remote sensing observations and 

only the most trusted meteorological inputs?

• Relative to point observations, SWE from the LSTM had a coefficient of correlation that was 0.01 worse, and 

peak SWE biases 6% worse, than the WUS-SR

• LSTM SWE was able to resolve SWE in anomalously high and low snow years
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computationally efficient and could be used to estimate SWE in multiple snow climate

• The LSTM trained in the WUS had a high coefficient of correlation (0.81), low bias (< 1%, on average), and low 

root mean squared error (0.11 m) relative to point observations in the European Alps
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meteorological inputs?

2. Can the model be generalizable enough to expand SWE estimates to locations 

outside of the Western United States with similar accuracies?

3. How can this deep learning model constrain process-based estimates of SWE 

and snow driven hydrology?

Can a deep-learning model learn to reproduce WUS-SR SWE provided limited remote sensing observations and 

only the most trusted meteorological inputs?

• Relative to point observations, SWE from the LSTM had a coefficient of correlation that was 0.01 worse, and 

peak SWE biases 6% worse, than the WUS-SR

• LSTM SWE was able to resolve SWE in anomalously high and low snow years

Can the model be generalizable enough to expand SWE estimates to locations outside of the Western United States 

with similar accuracies?

• Since location-specific information (e.g., terrain, vegetation, coordinates) was excluded, the model was 

computationally efficient and could be used to estimate SWE in multiple snow climate

• The LSTM trained in the WUS had a high coefficient of correlation (0.81), low bias (< 1%, on average), and low 

root mean squared error (0.11 m) relative to point observations in the European Alps

How can this deep learning model constrain process-based estimates of SWE and snow driven hydrology?

• The model was developed to provide estimates of both SWE and SWE uncertainty, making traditional 

assimilation approaches with process based models possible

• Initial results from NLDAS-3 show improvements to WUS snow evolution and runoff



Thank you!

Justin Pflug

Associate Research Scientist, University of Maryland

NASA Goddard, Hydrological Sciences Laboratory

jpflug@umd.edu

36

Pflug et al. (2025) NLDAS-3



Data-driven snow modeling

Pflug et al. 2025. Lightweight and regionally transferrable snow water 

equivalent estimation using a long short-term memory network.

• Aggregated model inputs and training targets to a 1 km  and daily grid over 

WUS training regions

• Probabilistically sampled inputs to represent the full distribution of 

meteorological and snow conditions in the training regions (250,000 cells, ~4% 

of the data)

• Trained the LSTM using multiple folds of the prepared training. Used to 

parameterize model uncertainty

• Masking layers added for dates and cells where any MODIS fSCA observation 

that contributed to a 1 km grid cell failed quality control checks



LSTM snow simulations

Ritchie et al. Benchmarking catchment-scale snow water equivalent datasets 

and models in the western United States [in review]
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SWE LSTM

Compress using Empirical 

Orthogonal Functions [EOFs]  

NLDAS-3 forcing

Spatial 

patterns

Temporal 

strength of 

patterns

Train relationship using a 

generalized linear model [GLM]
GLM

Real-time SWE estimates using LSTM SWE patterns 
and NLDAS-3 regional forcing

Problem: SWE estimates developed using a Long Short-Term Memory network (Pflug et al., 2025) are 
most informed by how snow cover changes during melt → SWE estimates can be uncertain before 
snowmelt

Solution:
• We compress the pattern of SWE on an end of winter date (e.g., 1 April) using Empirical Orthogonal 

Functions (EOFs)
• We relate regional and time-average meteorological conditions from NLDAS-3 to the temporal 

components of the EOFs using Generalized Linear Models (GLMs)
• We estimate SWE in years withheld from the EOF using 1) forcing from NLDAS-3, 2) the trained 

GLM, and 3) spatial patterns from the EOF analysis

1
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1 April 2009 EOF-based SWE 
estimate [mm]

1 April 2009 EOF-based SWE 
error [mm]
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