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Flight
Research 
& Analysis

Applied 
Sciences Technology

NASA Earth Science Division Elements

• Develops, launches, 
and operates NASA’s 
fleet of Earth-
observing satellites, 
instruments, and 
aircraft. 

• Manages data 
systems to make data 
and information 
products freely and 
openly available. 

• Supports integrative 
research that 
advances knowledge 
of the Earth as a 
system.

• Includes six focus 
areas plus field 
campaigns, modeling, 
and scientific 
computing.

• Develops and supports 
use of Earth 
observations and 
scientific knowledge 
for private and public 
planning and 
decisions. 

• Activities include 
disaster response 
support and capacity 
building.

• Develops and 
demonstrates 
technologies for 
future satellite and 
airborne missions: 
Instruments, 
Information Systems, 
Components, InSpace
Validation (CubeSat 
and SmallSat form 
factors).



Research and Analysis (R&A) 
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Modeling and Assimilation in R&A Focus Areas
• Climate Variability and Change (Modeling & Analysis 

Program, Cryosphere, Physical Oceanography, etc)

• Atmospheric Composition
• Weather and Atmospheric Dynamics
• Carbon Cycle & Ecosystems (Land, Ocean Biology & 

Biogeochemistry, Biodiversity, Land Cover/Land Use 
Change

Big data mining
Prediction models 

• Land floods/droughts using ocean satellite 
information

Source: ESD R&A program

C. Keller (USRA) Evaluating the Impact of COVID-19 Restrictions on Air Pollution

Deviation of observed surface nitrogen dioxide relative to a business-as-
usual model estimate using machine learning as a result of mobility 
restrictions in the wake of the COVID-19 pandemic. Shown are the 
estimated deviations on May 1, 2020 at all publicly available 
monitoring sites in Europe. Time series on top show daily deviations 
over Wuhan (yellow), Madrid (blue), and New York (green) since Dec 1., 
2019. Source: https://svs.gsfc.nasa.gov/4872



YOUR COMFORT ZONE: GISS/GMAO
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Goddard Institute for
Space Studies

There is a spectrum of ML approaches

Morrison et al. JAMES (2020)

Relies on 
fundamental 
reasonableness of 
existing equations

With no physics, 
poor performance 
out-of-sample



GISS uses an ML/AI approach to tune the parameters in the model. The ML approach enables a rapid estimate using 
optimal tuning among many parameters to produce the best agreement with observations:
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GCM parameters

How much influence does each parameter have on each metric? 



Goddard Institute for
Space Studies Machine Learning greatly improves calibration

8

• Clouds in the Earth's Radiant Energy System (CERES) Energy Balanced and Filled (EBAF) Short Wave
• Precipitable Water Vapor (PWV) 



Goddard Institute for
Space Studies

Can ML help with structural errors?

‘True’ cloud-> rain 
autoconversion
(from bin scheme)

Power-law based parameterization
cloud-> rain autoconversion (using cloud variables)

Sean Santos et al. (in prep)

Parameter tuning can’t help if physics is fundamentally misrepresented!



Goddard Institute for
Space Studies

As physical framework improves, ML can accelerate fine tuning

‘True’ cloud-> rain 
autoconversion 
(from bin scheme)

Power-law based parameterization
cloud-> rain autoconversion (using cloud and rain variables)

Sean Santos et al. (in prep)



GEOS Neural Network Retrieval for AOD
☐ The aerosol data assimilation problem requires a 

homogenized AOD observing system across different 
platforms and retrieval algorithms

☐ Biases between datasets can propagate in the model 
forecast and lead to artificial time variability.
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patricia.castellanos@nasa.gov

LAND

OCEAN

MODIS-AERONET COMPARISONS

Solution: Train a NN to Predict AERONET AOD 
from MODIS Reflectance

Validation with Data Outside of Training Window



SURPRISE! OTHER IMPLEMENTATIONS IN ESD
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An Unexpectedly Large Count of Trees in West African Sahara and Sahel
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• 1,837,565,501 tress were mapped over 
1,300,000 km2

• Although the overall canopy cover is low, the 
relatively high density of isolated trees 
challenges prevailing narratives about dryland 
desertification, and even the desert shows a 
surprisingly high tree density. Our assessment 
suggests a way to monitor trees outside of 
forests globally, and to explore their role in 
mitigating degradation, climate change and 
poverty.

• ESDS, CSDA, HEC, ERC, NSF, and other agencies

Brandt, M., Tucker, C.J., Kariryaa, A. et al. An unexpectedly large count of trees in the West African 
Sahara and Sahel. Nature (2020). https://doi.org/10.1038/s41586-020-2824-5

a) All trees >3-m2 crown area were mapped in the red rectangle using 
deep learning and <1 m satellite(MAXAR) imagery. b) The density of 
trees per hectare derived from almost 2M trees from local to regional 
scales.



• NDVI quantifies vegetation by measuring 
the difference between near-infrared 
(which vegetation strongly reflects) and 
red light (which vegetation absorbs)

• MODIS and Precipitation (CHIRPS & 
IMERG)* data are being used to train the 
Random Forest Regression model in 
order to predict NDVI over several 
regions of Senegal.

• Machine Learning algorithms continue to 
be explored for time series forecasting.

Predicting Normalized Difference Vegetation Index (NDVI) 
over several regions of Senegal

* Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) is a 30+ year quasi-global rainfall dataset. 
Integrated Multi-satellitE Retrievals for GPM (IMERG) is the unified U.S. algorithm that provides the multi-satellite precipitation product for the U.S. GPM team



Earth Science Technology Office – AIST* AI activities
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Source: ESTO

Halem (UMBC)

Improved Ocean Color Algorithms and Climate Data Records 
Using Machine Learning/Genetic Programming, Moisan (GSFC)

Coral Reef Assessment NeMO-Net, Chirayath (ARC/U.FL)

* AIST – Advanced Information Systems Technology in ESTO



AIST-16 –
Autonomous Moisture Continuum Sensing Network

Soil moisture is important for understanding hydrologic processes by monitoring the flow and distribution of water 
between land and atmosphere. A distributed, adaptive sensor network improves observations while reducing energy 
consumption to extend field deployment lifetimes . 
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Spatially Adaptive Sampling

Distributed wireless sensor network measures soil moisture, sap flow, and 
winds

Embedded Machine learning decides when and where to sample in order to 
optimize information gain and energy usage.

• SoilSCAPE Plan à Satellites Cal/Val
o SMAP Cal/Val: Deployed 1 site at the Cary Institute of Ecosystem Studies (Millbrook, 

NY)
o SoilSCAPE team (via. Co-I Moghaddam) collaborating with CYGNSS to provide in situ 

soil moisture for cal/val activities
o Established a cal/val infrastructure for NiSAR

ü Information Gain vs. Energy
Consumption optimization à present as
Pareto Fronts

ü An autoregressive ML will have superior
performance 𝜃 𝑡 = 𝑓 𝜃 𝑡 − 1 +
𝑔 𝑋 𝑡

ü Simple Policies can achieve superior
RMSE performance with less energy
consumption

Evaluated alternative adaptive 
sampling strategies for performance 
(information) vs energy use.

SoilSCAPE installation for CYGNSS Cal/Val

Entekhabi/Moghaddam (MIT/USC)
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High Fidelity Machine Learning Emulators of Earth 
Science Full Physics Models
Early Career Faculty Projects

• Three projects funded; Work started in Sept. 2021
• Interpretable machine learning for high-speed, high-

fidelity GEOS-Chem model simulations with 
uncertainty quantification, PI Christopher 
Tessum/UIUC

• Development of high—fidelity emulator of a full 
physics model for dense observing systems in 
atmospheric science, PI Alexander Turner/UW

• Multiscale emulation of deep learning-based 
assimilation for probabilistic prediction of 
hydrological phenomena, PI Ramian
Bostanabad/UC Irvine

The call for early career faculty 
grants focused on these 
reference models
• Goddard Earth Observing 

System (GEOS)
• Land Information System 

(LIS)
• Land Data Assimilation 

System (LDAS)



Model /Center Utilization Availability 

Model “E” 
(GISS) 

Global Earth System Model optimized for multidecadal 
runs, contribution to CMIP effort. 

Open Source; output available on ESGF 
node 

GEOS (GSFC) Data assimilation and modeling system, used for Earth 
system analyses and reanalyses  (e.g., Modern Era 
Reanalysis for Research and Applications (MERRA)), 
numerical weather prediction, subseasonal to seasonal 
prediction. 

Source code not available; multiple data 
products available from NASA DAACs, etc. 

GEOS CCM 
(GSFC) 

Coupled chemistry-climate modeling system - climate 
impacts on stratospheric and tropospheric ozone and 
composition, air quality, WCRP SPARC CCMval 
intercomparison exercise. 

Source code/simulations not currently 
available. 

GEOS CTM 
(GSFC) 

Chemistry and transport model - studies of atmospheric 
composition driven by DAS-derived meteorological data, 
IGAC CCMI CTM intercomparisons. 

Experiment simulations available for 
download 

NU-WRF (GSFC) Comprehensive regional Earth system model built from 
NCAR WRF model and NASA code – GOCART, NASA 
microphysics, LIS, others. 

Software available with usage agreement. 

LIS (GSFC) Land surface modeling and data assimilation framework. SC available on GitHub 

GOCART (GSFC) Tropospheric aerosols and transport model driven by 
meteorological data, including sulfate, dust, black carbon, 
organic carbon, and sea-salt aerosols. 

Code/output not generally available. 

ECCO (JPL) Multidecadal ocean state estimation system. OS code + State est. 

ISSM (JPL) Ice sheet and sea level system model. Used in CMIP6 
ISMIP6 exercise. 

Open source 

CMS-Flux (JPL) Spatially resolved carbon fluxes (CO2, CO) and process 
attribution (productivity, respiration, oceanic, and fossil 
fuel).  CMS-Flux integrated GEOS-Chem, CARDAMOM, and 
ECCO-Darwin. 

Built on community-based GEOS-Chem 
model (https://geos-
chem.seas.harvard.edu/). Data available 
at (https://cmsflux.jpl.nasa.gov) 

CARDAMOM 
(JPL) 

Assimilates surface fluxes and terrestrial observations, e.g., 
biomass, LAI, to provide data-constrained, dynamical 
representation of the terrestrial carbon cycle. 

CARDAMOM is open source with active 
developers including JPL, Univ. Edinburgh, 
and Stanford 
(https://github.com/CARDAMOM-
framework) 

 

Model /Center Utilization Availability 

ECCO-DARWIN 
(JPL) 

Estimates ocean carbon fluxes in a process model 
constrained by physical and biogeochemical observations.   

Uses the open-source MITgcm model 
(http://mitgcm.org/). Large academic and 
NASA center community including MIT 
and JPL. 

CliMA (Caltech, 
JPL) 

Comprehensive global Earth System Model focusing on 
assimilation and data science with a scalable architecture.   

CliMA is open source 
(https://clima.caltech.edu/). 

MOMO-Chem 
(JPL) 

Multiconstituent satellite chemical data assimilation 
system for air pollution attribution and analysis. 

Model is not public, but reanalysis 
datasets are freely available and widely-
used 
(https://tes.jpl.nasa.gov/tes/chemical-
reanalysis) 

LPJ-wsl (GSFC) 

Coupled vegetation dynamics and biogeochemistry model, 
representation of permafrost, wetlands, methane, 
agriculture, land use change, radiative transfer. Used in 
TRENDY and Global Carbon Project carbon and methane 
activities. 

 

CATCHMENT-CN 
(GSFC) Carbon and hydrology model used within GEOS, based on 

CLM version 4.5. Sub-grid cell representation of watershed 
hydrology. 

. 

CASA-GFED 
(GSFC) Coupling of carbon and fire model, uses remotely sensed 

NDVI or SIF in diagnostic mode. 

 

QFED (GSFC) Low-latency fire trace gas emission model, uses fire 
radiative power. 

 

NOBM (GSFC) Ocean biogeochemical model used to produce reanalysis 
of phytoplankton and ocean carbon. 

 

ODIAC (GSFC) 
Gridded fossil fuel inventory time series linking country-
level reporting on emissions with nightlight activity 
information from VIIRS. 

 

 

Relevant Models in NASA’s Earth System Division
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Goddard Institute for
Space Studies

Liquid Water Path: NASA-MEaSUREs MAC-LWP* (Top), 
TRMM 3A12 (Bottom)

Observed range for 
precipitation

CERES EBAF

Previous approaches limited by manual 
sensitivity tests
Danger of overfitting to imperfect observations 
New approach: 

Use multiple estimates where available
Include observational uncertainty in cost 
function
Target 35 GCM atmospheric metrics
Use Latin Hypercube sampling across 45-
dimensional phase space of GCM 
parameters (450 1yr AMIP runs)
Use ML to find diverse parameter 
combinations with good agreement with 
observations

GISS-E3 Tuning Approach

* Multisensor Advanced Climatology-Liquid Water Path 



Goddard Institute for
Space Studies

New model versions are using enhanced processes & 
ML to greatly reduce persistent biases

Develop targeted moist atmospheric 
physics, bottom-up process-oriented 
approach based on library of Single-
Column Model-Large Eddy Simulation 
(SCM-LES) case studies
Use Perturbed Parameter Ensemble 
(PPE) to devise emulator with ML, with 
goal of diverse set of models – with range 
of Equilibrium Climate Sensitivity (ECS) –
all comparably matching aggregate of 
observational targets


