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Gravity Waves (GWs)
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pc: https://taflab.berkeley.edu/ME245-SP18/ME245_Oceanic_Atmospheric_Waves_Examples.htm

● Generated by perturbations in a stably 
stratified environment

● Perturbations are caused by moist 
convection, flow over topography, 
geostrophic adjustment of jets, unstable 
sheer and wave-wave interactions

● Propagate in 3D 

● Transport momentum and energy



GW Dissipation 
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August 2006 gravity wave flux at 20-30 km (from satellite)

Alexander et al. (2010)

● When mean flow equals phase speed 
GWs dissipate

● Play a driving role in SSWs, QBO and 
SAO.

● Multiscale phenomena (102 m - 105 m)

● Estimated in climate models using 
gravity wave parameterizations (GWPs) 



Physics-Based GWP Limitations:

● Mimic the space-time average effect of many 
intermittent, discrete GW dissipation events

● Single column
● Difficult to validate with observations - 

typically validated by their impact of large 
scale circulation

● Depend on under-resolved sources
○ Convection parameterizations
○ Low resolution topography

● Climate projections are sensitive to 
uncertainties in GWPs

Physics-Based GWP 
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Physics-Based GWPs
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ModelsResolved flow variables

GW drag (ms-2)
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Data-Driven GWP 
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Data-Driven GWPs

Climate/Weather 
ModelsResolved flow variables

GW drag (ms-2)

GW Observations Data-Driven Advantages:

● 3-Dimensional
● Computationally Efficient
● Trained and validated with observations

Data-Driven Challenges:

● Data-intensive
● Numerical Stability
● Interpretability



Data-Driven GWP 
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Data-Driven GWPs (Offline)
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ModelsResolved flow variables

GW drag (ms-2)

GW Observations Data-Driven Advantages:
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Data-Driven GWP 
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Data-Driven GWPs (Online)
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GW drag (ms-2)

GW Observations Data-Driven Advantages:

● 3-Dimensional
● Computationally Efficient
● Trained and validated with observations

Data-Driven Challenges:

● Numerical Stability
● Interpretability
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Data Generated with MiMA

Physics-Based GWP 

Climate/Weather 
ModelsResolved flow variables

GW drag (ms-2)

Data Generation Model of an Idealized Moist Atmosphere (MiMA)

PC: M Jucker and EP Gerber

● Interactive water vapor 
● Rapid Radiative Transfer Model
● Alexander and Dunkerton, 1999 GWP



Data-Driven GWP 
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Proof of Concept

Climate/Weather 
ModelsResolved flow variables

GW drag (ms-2) Physics-Based GWP 

Climate/Weather 
ModelsResolved flow variables

GW drag (ms-2)

Testing

Training

Data-Driven GWP Predictions: GW drag 
(ms-2)

Features: Resolved 
flow variables

Targets:  GW drag 
(ms-2)



● 3.8 million parameters
● One branch per vertical level
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Neural Network Setup
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WaveNet Reasonably Emulates Global Drag

https://docs.google.com/file/d/1b6ZuOCo7Uul_MOmHdYvq2rmZ5Of7176C/preview
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WaveNet Reasonably Emulates Global Drag
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WaveNet: Zonal R2 = .92, Meridional R2 = .85 

● Space-time zonal and 
meridional average of 
.92 and .85, respectively



 WaveNet Generates Polar Vortex and Westward QBO from Eastward
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Train Year Train Year
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 Horizontal Winds are Primary Predictor



Background        NN Setup        Performance        Data & Feature Sensitivity        Conclusion

 Horizontal Winds are Primary Predictor
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Performance loss below 3 months of training data

Space-Time Averaged R2 Sensitivity to Data
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Conclusion

Future Work
● Explore numerical stability
● Compare emulations of different GWPs
● Train using observations (loon data)
● Translate to 3D predictions

WaveNet can
● Reasonable emulate the Alexander and Dunkerton GWP to produce 

global GWD.
● Generate the eastward phase of the QBO when trained on westward 

phase. 
● Retain performance when trained only using the horizontal wind 

components 
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https://docs.google.com/file/d/1b6ZuOCo7Uul_MOmHdYvq2rmZ5Of7176C/preview

