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Talk outline:

Part 1: Rain-snow transitions and the
connections to water management

Part 2: Brightband height (BBH) vs
0°C isotherm elevation (Z0C)

Part 3: Machine Learning (ML)
postprocessing to improve Z0C
forecasts over the Yuba/Feather
basins




Rain/snow transition and impacts on water management

Uncertainty in rain/snow transition
elevation can arise from:

» Forecast error

« Observational and model differences
in metrics defining rain/snow transition

« Bending due to diabatic processes
(e.g. heavy rain)

Uncertainty over altitude translates to
uncertainty over area where snow
versus rain can fall over a watershed

Transforms to uncertainty in runoff
and inflow into the reservoir
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(a) Freezing-level uncertainty and its impact on reservoir inflow
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(b) Impact on flood pool

Storm Runoff Into Reservoir

Range of inflow volume associated
with uncertainty in near-term storm
runoff due to uncertainty in freezing level

e, Lower freezing level than predicted,

Water Supply

The uncertainty in reservoir storm inflow volume due to
uncertainty in freezing level forecasts can correspond to a
large fraction of a reservoir’s entire flood control space.

From Sumargo et al. 2020 Water Resources Research




FREEZING LEVEL AND ELEVATION DISTRIBUTIONS IN SEVEN OAKS, CA

Seven Oaks Reservoir

s

Seven Oaks Basin
FZL Distribution and Hypsometry
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FREEZING LEVEL AND ELEVATION DISTRIBUTIONS IN SEVEN OAKS, CA

Seven Oaks Reservoir
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» The basin experiences frequent
freezing temperatures (and snow
accumulation) in the upper
portions of the watershed

» FZL can affect all extents of the
basin

» Rapid change in the proportion of
the basin between 2100-2500 m

» Freezing level variability in this
“critical zone” will have a big
impact on runoff versus snow
accumulation



Terminology for freezing level/snow level/rain-snow-line
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Part 2: Brightband height vs 0°C
isotherm elevation

Challenge:

» Vertical profilers give brightband height
(BBH)

» Forecast models produce freezing level
(Z0C)

How can we convert them to the same value to
evaluate forecast skill?

Some studies simply take the mean snow level
displacement and subtract it from the forecasts
to get "simulated brightband height”

How well does the mean snow level
displacement represent the actual variability in
differences between BBH and Z0C?
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Results of snow level displacement: mean and standard deviation
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0ZC vs simulated brightband height verification of CNRFC forecasts

Verification of CNRFC Z0C forecasts:

» Gridded Z0C observations at profiler

sites
« Simulated ZBB with profiler ZBB

Simulated ZBB samples the observational
uncertainty of snow level displacement at
each site using Monte Carlo simulations

» Median error of simulated ZBB vs Z0C is

very similar for lead times < 90 hrs, but
higher RMSE and lower R?

> Median R?of 70% of variance explained
out to 96-114 hr lead time
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Simulated ZBB verification has less precision but
more realistic picture of forecast skill




Part 3: ML postprocessing to
improve 0ZC forecasts over the
Yuba/Feather basins

Challenge:
« Z0C forecasts have RMSE of 300 m at 4-5
day lead time (using CNRFC forecasts)

Can machine learning (ML) post-processing

techniques improve the representation of the
Z0C?
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Deterministic Freezing Level Postprocessing

Schematic of the UNet architecture for freezing-level postprocessing

Objective: Improving Freezing Level Forecasts

Deep Learning Method: U-Net Convolutional Network
Training: 2010-2019 CW3E West-WRF Reforecast
Testing: Winters 2015-16 & 2016-17 (DJFM)

Ground truth: California Nevada River Forecast Center (CNRFC) ¥
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Study case and elevation map (Yuba Feather River watershed)
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ML model performance over watersheds
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ML model performance over watersheds
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ML improvements over the watershed

Across the Yuba/Feather
watershed:

» ML models most improve the
Z0C over areas when Z0C is
aloft

» This matters especially in the
climatological rain-snow
transition zone (1000-2500 m)

> At elevations above 1750 m,
WRF’s RMSE often exceeds
350 m beyond 72 h, while U-
Net-GMM and U-Net-log
reduce RMSE by
approximately 50—150 m
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Summary of research

Uncertainty over the rain-snow line altitude — uncertainty over area and
impact runoff generation, particularly in “critical zones” of the watershed
elevation

Using a constant mean snow level displacement for conversion to
simulated brightband height does not well represent the actual snow level
displacement

Simulated ZBB, by sampling observational uncertainty, has less
precision but more realistic picture of forecast skill of where the rain-snow
line would occur

ML models improve the Z0C of West-WRF forecasts over areas when
Z0C is aloft, and reduce RMSE by approximately 50-150 m
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