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Global Climate Models:
• Spatial resolution ~ 50-200 km; time step ~ 1-6 h.
• ~10 km for NWP
• Computationally intensive.
• All sub-grid processes must be parameterized, 

i.e., represented by few average parameters. 

http://www.cmmap.org

Subgrid Scale Effects 
on Climate

Most of the uncertainty in climate assessments results from sub-
grid scale parameterization bias 

Presenter
Presentation Notes
No model can still predict RH, T and other variables at the scale relevant for cloud formation.
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Cloud Processes are Sub-grid scale

IPCC 2014

Cloud Formation: 
Spatial scale ~ 10 -1000 m Time scale ~ 20 min 

Presenter
Presentation Notes
Aerosols affect clouds at the formation stage, modifying the relative rates of microphysical processes. 
We will discuss those cirrus formed not by direct convective detrainment but in situ, in many case on top or away from convection.



gmao.gsfc.nasa.gov Observational Data
Over the past 40 years the community has amassed a vast array of 
atmospheric data:
• ~100 different field campaigns (IOP, aribone)
• Long term ground-based observational data
• Satellite retrievals

A-Train
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Stevens et al. 2019.

Global GCRMs

Up to 1 km global spatial resolution. Typically a few weeks of 
simulation. 
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Modern-Era Retrospective Analysis for Research 
And Applications MERRA-2 

MERRA is a NASA reanalysis using GEOS-5. The Project focuses on 
historical analyses of the hydrological cycle on a broad range of weather 
and climate time scales and places the NASA EOS suite of observations in 
a climate context.

MERRA-2 is the first long-term global reanalysis to assimilate space-based 
observations of aerosols and represent their interactions with other 
physical processes in the climate system. 
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Data Overload

“a comic image that depicts data overload in climate science”

Created with DALL-E3
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• Subgrid scale emulators from high-resolution simulations
• Parameterizations for expensive and rigorous physical processes
• Foundational models for numerical weather prediction 
• Subgrid scale models developed directly from observations
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Subgrid Variability in terms of the atmospheric state (i.e., T, P, 
Winds, …) at coarse resolution

Experimental 
Observations

Global km-scale 
simulations 

Atmospheric Reanalysis

Subgrid Variability via Constrained 
Adversarial Training   

Presenter
Presentation Notes
Subgrid variability: the effect of subgrid scale processes on the evolution of the large scale envinroment
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1. Wnet: A constrained neural network to estimate subgrid scale 
vertical wind velocity

2. Trends in Vertical Velocity Variability

3. Vertical Velocity Variability as a Climate Feedback

Outline
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Aerosol => Expansion Cooling 
=> Generation of 
Supersaturation => CCN 
activation => Droplet Growth

H
ei

gh
t

Parcel Supersaturation

Aerosol particles 
in a closed 
adiabatic parcel

Cloud droplets, ice 
crystals

CCN, INP 
Activation

RH, T

Mixing of 
dry air

Main Factors: 

Aerosol size and composition

Dynamical forcing

CCN only depend on aerosol 
properties whereas CDNC needs 
dynamical forcing

Activation is dependent on 
number concentration

Cloud Formation via Aerosol Activation

W
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The aerosol indirect effect is 
the largest contributor to 
the uncertainty in climate 

assessments (long and 
short-term) and the cloud 

feedback.  

IPCC AR5, AR6
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Cloud Droplet Activation in GCMs

Grid cell (25-100 km)

σW

f(W)

WWavg

W1
W2

W3 W4

Cloud droplets, ice 
crystals

Activation

RH, T, CCN, INP

W

≈ Na|Wsub 

Wsub≈ 0.8σW ≡ Subgrid Updraft, Characteristic W, …
Peng et al. 2005.

∆X < 1 km

Presenter
Presentation Notes
Small-scale wind fluctuations are  characterized by a subgrid distribution of vertical wind velocity, 𝑊, with standard deviation 𝜎𝑊 .



gmao.gsfc.nasa.gov Parameterizing σw

Hoose et al. 2010.

CLUBB:
Consistent representation 
based on joint T, Q and 
W distributions.
- Complex
- PBL oriented
- Needs further 

evaluation

Uncertainty in σw 
impacts cloud 
formation rates.

Different models for 
liquid and ice clouds.    

Presenter
Presentation Notes
Ice nucleation links cloud properties to aerosol emissions. It is rather a complex picture.
----- Meeting Notes (12/1/16 23:21) -----
The scale is about a 500 m
All cloud formation parameterizations in all GCM are based on this concept
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Parameterizing σw

“Input updraft velocity fluctuations can explain
as much as 48% of temporal variability in output ice crystal number
and 61% in droplet number in GEOS-5 and up to 89% of temporal
variability in output ice crystal number in CAM5.1.” (Sullivan et al. 2016)

In radiative terms “the breadth of the range [of the effect of σw on the AIE] is 
0.4Wm−2, …comparable to a substantial fraction of the total diversity of 
current aerosol forcing estimates.” (West at al. 2014).

There is currently not a global, independent estimate 
of σw that allows us to reduce such an uncertainty

Presenter
Presentation Notes
Ice nucleation links cloud properties to aerosol emissions. It is rather a complex picture.
----- Meeting Notes (12/1/16 23:21) -----
The scale is about a 500 m
All cloud formation parameterizations in all GCM are based on this concept



gmao.gsfc.nasa.gov Estimating σw
Explicit: Kilometer-scale models
- Physically-based. 
- Very expensive. Unfeasible for operational 

forecasts or long-term climate prediction but 
provide excellent data for training.

- Biases still exist. Can’t resolve all scales.

Observational Data: W and σw can be retrieved 
using Doppler radar and lidar. 
- Constrained by observations
- Very Limited domain. Satellite-based 

estimates are crude.
- Experimental error could be significant.

W1 W2

Wn

Wk

…

High-res downsampling

σW



gmao.gsfc.nasa.gov Estimating σw
Explicit: Kilometer-scale models
- Physically-based. 
- Very expensive. Unfeasible for operational 

forecasts or long-term climate prediction but 
provide excellent data for training.

- Biases still exist. Can’t resolve all scales.

Observational Data: W and σw can be retrieved 
using Doppler radar and lidar. 
- Constrained by observations
- Very Limited domain. Satellite-based 

estimates are crude.
- Experimental error could be significant.

W1 W2

Wn

Wk

…

High-res downsampling

σW

ML
Experimental Observations, 
Kilometer-Scale simulations
Climate Reanalysis

σw = f(coarse state)

Presenter
Presentation Notes
Ice nucleation links cloud properties to aerosol emissions. It is rather a complex picture.
----- Meeting Notes (12/1/16 23:21) -----
The scale is about a 500 m
All cloud formation parameterizations in all GCM are based on this concept



gmao.gsfc.nasa.gov Data and Methods
GEOS Nature run (G5NR): 2 years of free-running, non-hydrostatic simulation 
of the NASA GEOS-5 model with prescribed SST at 7 km spatial resolution. ~ 
5Pb of data.

Observational Data: 

MERRA-2: NASA 1980-present atmospheric reanalysis. Provides the 
atmospheric state for each of the sites.

W retrieved using Doppler radar 
and lidar, at 11 different sites 
around the world. Mostly PBL 
sites, 4 cirrus, 1 tropical 
convection

Mostly from DOE-ASR archive. 
New data at the “lei” and “lim” 
sites (CloudNet).

About 100 years of data on W at  
temporal resolution between 20 s 
and 5 min.

Presenter
Presentation Notes
Aerosol
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X = Atmospheric State (T, P, Winds, Km, Ri, Ql,i,v) at coarse resolution
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Developing Wnet-prior

G5NR (or similar) 0.0625 °

Downsampling at 
0.5° (stdev, N=64)

W
Downsampling to 

0.5 °(mean, N=64)
U, V, T, Q…

“Wnet” 
(MLP ~ 5 hidden layers)

Transform and 
normalize 

1 cell = 1 sample

Loss:
σW-σW, G5NR

Transform

Training

σW

Prediction 

Presenter
Presentation Notes
If you are a ML scientist this can be disappointing
It is for us to decide when we are happy with the result 





gmao.gsfc.nasa.gov Wnet (prior) reproduces the GSRM

The NN reproduces the GSRM output within 0.005 m s-1. 
However, it tends to underestimate variability, reflecting the bias of the high-
resolution simulations. 

 Obs  vs. ⎼ Prediction
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Barahona et al. AIES (2024).

Presenter
Presentation Notes
Typicaal features: effect of orography, land-ocean contrast, ITCZ 
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GCM AI 
surrogate

(generator)
Collocated
MERRA-2 
Inputs

Discriminator
Constraints 

P(w)

𝝈𝝈𝑾𝑾,𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜 

σw , 𝐠𝐠𝐠𝐠𝐠𝐠

Observational 
data

Wnet
Reproduce 

G5NR

Probability that σw 
resembles the 

observations, given the 
prior distribution of 
G5NR predictions

Probabilistic Parameterization Development: 
Constrained Adversarial Training 

The discriminator coerces the generated statistics to be the same as the observations.

Presenter
Presentation Notes
Background Surrogate AI models mimic physics-based simulations by learning patterns from a large volume of simulated data. A trained surrogate can make predictions that are as accurate as the physics-based model while reducing computational expense. While surrogate modeling of GCMs has been successfully implemented in earth and atmospheric sciences to replicate a modeled Earth system, we know that modeled results are not truly reflective of the “true” Earth system because many physical processes occur on sub-grid GCM scales. Therefore, a GCM-representation of the Earth system will always be coarser than the “true” physics due to model resolution and computational expense. 

What we’re doing that’s new We have developed a novel probabilistic AI framework (Regression Data Assimilation Generative Adversarial Network; RDA-GAN) to constrain surrogate AI model predictions with observational data. Our framework refines the surrogate GCM model by encouraging the GCM surrogate to make predictions that represent a probability distribution like that of available observational data.

A generative adversarial network (GAN) is a class of machine learning frameworks designed by Goodfellow et. al, (2014) wherein two neural networks, a generator and a discriminator, compete to make predictions using a probabilistic training scheme. The role of the generator is to make predictions that ``look like'' the target data without prior knowledge of the desired distribution. The role of the discriminator is to determine what ``real'' data look like and perform quality control on the predictions made by the generator. The two networks train simultaneously as the generator tries to ``fool'' the discriminator by predicting more realistic representations of the target data, and the discriminator penalizes predictions made by the generator that don't ``look like'' the target data and encourages ones that do. Given a training set, this technique learns to generate new data with the same statistics as the training set and a high likelihood of resembling the targets ``known'' to the discriminator. 
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Using observational data is critical for the performance.  
Wnet exhibits spatial structure that would be missing in a model trained using only 
observational data (“Obs-Only”). 

Barahona et al. AIES (2024).

Results: GAN-Trained NN  Parameterization Achieves High Accuracy
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Presenter
Presentation Notes
Spatial structure is inherited from the GCRM. Much more relevance to convection.
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What about the PDF?

The statistics generated by the Wnet parameterization approximate well the 
observations, minimizing the effect of uncertainty on σW.

Barahona et al. AIES (2024).

Presenter
Presentation Notes
Aerosol
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Implementation Online in GEOS

Analysis performed by Minghui 
Diao and Derek NgoFKB: Fortran-Keras Bridge. (Otto et al. 2020).

 
GEOS + Wnet compares much better to in situ observations. Still some issues with 
computational performance. 

2nd 
Run

Current 
parameterization GEOS + Wnet Observations 

Presenter
Presentation Notes
GEOS interpolated along curtains during NASA DC3 campaign (cirrus only). 



gmao.gsfc.nasa.gov

1. Wnet: A constrained neural network to estimate subgrid scale 
vertical wind velocity

2. Trends in Vertical Velocity Variability

3. Vertical Velocity Variability as a Climate Feedback

Outline
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We developed a long-term data set 
on σw spanning 42 years, on 3-
hourly intervals, at half-degree, from 
1 hPa to 1000 hPa. 

https://portal.nccs.nasa.gov/datashare/
Wstd-MERRA2/

Familiar patterns: 

• High variability in convective 
regions and storm tracks.

• Turbulence induced by orography 
and the jet stream.

• In general σw decreases with 
altitude.

 Barahona et al. Under review.
Global mean σw derived from MERRA-2 for 

1980-2023. 



gmao.gsfc.nasa.gov Evaluation against Aircraft Data

Barahona et al. Under review.

MERRA2-derived σw was interpolated along 
flight tracks for different field campaigns. 

Maciel et al. (2023)



gmao.gsfc.nasa.gov Evaluation against Aircraft Data

Barahona et al. Under review.

Rigorous test: 
Data not used during training, and σw is measured directly instead 
of retrieved by remote sensing. 
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Barahona et al. Under review.

Significant trends in 
σw emerged during 
the last 40 years, 
with a  general 
increase over the 
tropics/subtropics 
and decrease 
towards high 
latitudes.

Implies enhanced 
turbulence in the 
lower latitudes.



gmao.gsfc.nasa.gov Explainable Machine Learning Analysis

The SHAP value indicates the sensitivity of σw to a given input. Red on the right means 
positive correlation, inputs are organized by importance.

SHAP (m/s)

Presenter
Presentation Notes

Wnet uses winds, water concentrations, and coarse measures of turbulence. It concatenates some surface variables to each level.
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Surface water vapor and air density are the main factors at all levels. Horizontal 
winds become important at higher altitude and in the Arctic. These are linked to 
convective activity, water vapor transport, and jet-stream strength. 
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Evolving meteorological patterns, 
like jet-activity and convection, 

have systematically impacted the 
intensity and frequency of small 

scale processes, such as 
turbulence, hence cloud 

microphysics.

Trends in σw

Qv, 400 hpa

CVW

Qv, 2m

T2m

Allan et al. JGR, 2022.
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1. Wnet: A constrained neural network to estimate subgrid scale 
vertical wind velocity

2. Trends in Vertical Velocity Variability

3. Vertical Velocity Variability as a Climate Feedback

Outline
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Due to its impact on 
cloud microphysics, 
σw affects the 
radiative properties 
of clouds.

Climatologies of σw 
were calculated using 
the output of two pre-
run simulations 
representing 
preindustrial (1850, PI) 
and present day (mean 
2010’s, PD) conditions. 

Changes in σw during the Industrial Era

Presenter
Presentation Notes
Increase in signmaW in the stratocumulus regions at 900 hPa, decrease in the subtropics 
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Run SigmaW climatology

Present Day 
(wnet_Pd)

Last 10 of a AMIP current day simulation with prescribed 
SST and climatological aerosol emissions (PD)

Preindustrial 
(wnet_Pi)

Last 10 years of piCon Simulation (preindustrial emissions 
and CO2) PI

SST4K 
(wnet_sst4k)

Derived from AMIP simulation using sst+4K

All runs: 50 years integration, prescribed MERRA2 SST 
and sea ice fraction, perpetual 2005, climatological 
aerosol (2010-2020) 
  

Quantifying forcing associated with σw
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Change in Liquid Cloud Properties associated with σw

Enhance droplet number and reduced effective radius in 
stratocumulus regions
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Radiative forcing associated with σw

Barahona et al. Under review.

Evolving σw represents a radiative forcing of about -0.1 W m-2, 
mostly through the shortwave. 
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• An observations-constrained neural network, Wnet, was developed to estimate the 

subgrid scale variability in W from the coarse meteorological state.

• A long term data set was developed, revealing significant trends in σw over the last 
four decades, likely driven by the evolution of water vapor, convection and jet stream 
strength. 

• The connection between large scale climate patterns and cloud microphysics through 
σw may represent an indirect radiative effect on climate, slightly counterbalancing 
greenhouse warming. 

Presenter
Presentation Notes
Missing: More convective, uncertainty
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https://www.weadapt.org

Prediction Scales

(NAO, PNA, MJO…)

(ENSO, PDO, AMM…)

(NAO, PNA, MJO…)

(ENSO, PDO, AMM…)

Annual to climate

Atmosphere 
Only Coupled (Atmosphere, Ocean, Sea ice , Land)

Relies heavily on  observations

Presenter
Presentation Notes
They are not different models
There are different strategies to initialize, correct, assimilate and run this models 



gmao.gsfc.nasa.gov Estimating Droplet Number Concentration and CCN 
from MERRA-2

MAMnet

Wnet

Aerosol 
Activation 

parameteriz
ation

MERRA2-type 
aerosol 
(externally 
mixed, mass-
only)

Aerosol size 
distribution and 
composition (2-
moment, internally 
mixed)

Coarse 
atmospheric state 
(T, P, U, V…)

Subgrid 
scale W

CCN

CDNC



gmao.gsfc.nasa.gov

Skill Score Card (control-noind, sep)

Accounting for the 
indirect effect results 
in mostly 
improvement of the 
skill, although some 
degradation in SH

Change in 
Anomaly 
Correlation

Presenter
Presentation Notes
Aerosol
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Accounting  for Error through Adversarial Training
The PDF of σw is more robust to experimental and 
sampling error than individual measurements:
- Even a few observations may represent the PDF
- Non-systematic error cancels out in the PDF  

Parameterization must 
aim to reproduce the 
PDF-> Generative 
Adversarial Networks 
(GANs)

Park et al. Electronics 2020, 9, 688; 
doi:10.3390/electronics9040688

Conditional GAN

By concatenating labelled 
data to the target, it is 
possible 
restrict the PDF within a 
particular reference class

By using a “state vector” X,  as both input and 
category, the cGAN yields a regression from the 
state vector, X, to the target (σw) while conforming 
with observed PDF.X

X

Presenter
Presentation Notes
Aerosol
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Results: ANN models at all sites

Barahona et al. AIES (2024).

Presenter
Presentation Notes
Aerosol
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σW anomaly at 900 hPa

Barahona et al. Submitted.

Increased in 
CDNC seems 
to be 
correlated with 
dynamical 
forcing
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Estimating the effect of sigma_w

Anomaly in 
CDNC using 
constant 
aerosol 
climatology
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