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Requirement of the UFS
Using stochastic physics to account for model uncertainty is required
in the UFS for
(1) mitigating model error in data assimilation,
(2) improving the probabilistic skill of ensemble forecasts, and
(3) developing S2S stochastic prediction methods.

Available methods for representing model uncertainty in the UFS
• Stochastically Perturbed Physics Tendencies (SPPT) scheme: simulates
uncertainty due to sub-grid parameterizations (Palmer et al., 2009)
• Stochastic Kinetic Energy Backscatter Scheme (SKEB): parameterizes a
missing and uncertain process (Palmer et al., 2009)
• Stochastically-perturbed boundary-layer humidity (SHUM) scheme:
perturbs boundary layer humidity following Tompkins and Berner (2008)
• VC scheme: vorticity confinement based on Sanchez et al (2012)
All use stochastic random pattern generators to generate spatially and
temporally correlated noise

Unified framework for simulating uncertainty in subgrid physics
parameterizations

Peter Bauer et al. (2015)

Unified framework: Coarse-graining a model to a reduced resolution
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Unified framework: Coarse-graining a model to a reduced resolution
• Rewrite model as the so-called Liouville equation:
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Unified framework: Coarse-graining a model to a reduced resolution
Use the Mori-Zwanzig projection operators to map the Liouville equation
onto the resolved and sub-grid variables: P is the projection to map 𝒛𝒛 onto
the grid-resolved variables and Q = I – P is the projection to map 𝒛𝒛 onto the
subgrid variables
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An illustration of unified framework
Take the following linear model for example
dx/dt = M11x + M12y,
dy/dt = M21x + M22y,
where color code represents resolved and unresolved. If we seek a coarsegrained solution like the following (where y parameterized as unresolved):
dx/dt = M11x + f(x),
One can use the elementary ordinary differential equation theory to obtain
the following
dx/dt = M11x +

𝑡𝑡
M21M12 ∫0 x(s)𝑒𝑒 M22(t−s) ds

+ M12y0 𝑒𝑒 M22t .

This shows that model reduction leads to memory effects of unresolved.

Introducing the multidimensional Langevin process (MLP)
In the physics literature, stochastic processes described by the generalized Langevin
equation are called multi-dimensional Langevin Processes (MLPs). Two approaches have
been pursued to reduce the stochastic simulation of model uncertainty from the generalized
Langevin equation to either (1) autoregressive models, AR(q) or (2) autoregressive moving
average models, ARMA(q, p). Thus, the minimal form of the MLP for model uncertainty
simulation is the following AR(1) process
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where μ is the e-folding time scale for the AR(1) process, σ is a tunable parameter based
on the standard deviation of the uncertainty variability of the physics tendency, 𝜂𝜂(t) is the
random number of the Gaussian distribution, ∆𝑡𝑡 is the forward time increment,
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is the tendency from individual parameterized subgrid physics

Stochastic perturbations at forecast time 48 h at level 534 mb
Example of the total
perturbations from MLP
to the tendencies at
approximately 500 mb (a)
for temperature (K) (b)
specific humidity (104 kg
kg-1), (c) u-component of
the wind (m s-1), and (d)
v-component of the wind
(m s-1).
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5-day forecasts, 850 mb U-component of wind RMSE and Spread
Initial Times: 00 UTC Aug. 1-31 2014, C384
Solid=RMSE
Dashed=Spread

Daily Mean Bias (against TRMM) of Precipitation in the Tropics (-10S to 10N)
Initial Time 2014080100, 60 day forecast, C192

Frequency Distribution of Daily Mean Precipitation in the Tropics (-10S to 10N)
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Conclusions
• We have developed a unified theoretical framework in the UFS to
account for uncertainty in subgrid physics.
• The unified theoretical framework is based on the application of
multi-dimensional Langevin Processes (MLPs).
• An MLP can be used for simulating model uncertainty in any
subgrid transport process, including turbulent fluxes.
• Preliminary testing in NOAA’s UFS shows promise in increasing
ensemble spread while reducing RMSE as well as the skills in S2S
forecasts.

