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Why is VVUQ important?

* Prerequisite for hypothesis testing and
model comparison
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Why is VVUQ important?

* Prerequisite for hypothesis testing and
model comparison

* Achieves a more complete understanding
of the observation/retrieval system

 Enables data fusion across sensors,
times, regions, atmospheres

* Provides accurate uncertainty estimates
for policymakers and downstream analysts
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Why is VVUQ important?

* |t predicts future instrument performance
to validate instrument requirements
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Example: OCO-2 Mission

* Level 2 product is the
column-averaged dry air
mole fraction for CO, (X:00)
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Example: OCO-2 Mission

* Level 2 product is the
column-averaged dry air
mole fraction for CO, (X:00)

* The retrieval algorithm finds
a maximum a posteriori
(MAP) solution within an
optimal estimation (OE)
framework
— Physics-based radiative

transfer model

— Input is calibrated radiances
and meteorology
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Example: OCO-2 Mission

« Validation compares retrieved X, to ground station
measurements from the Total Column Carbon Observing
Network (TCCON) throughout phase E
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 Verification uses software functional unit tests, end-to-
end regression tests, and a forward-to-inverse tool
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Example: OCO-2 Mission

« Validation compares retrieved X, to ground station
measurements from the Total Column Carbon Observing
Network (TCCON) throughout phase E

 Verification uses software functional unit tests, end-to-
end regression tests, and a forward-to-inverse tool

« Uncertainty Quantification uses the OE framework for
estimating posterior uncertainty from measurement error
and a priori knowledge of quantity of interest.

— Linear sensitivity studies

— Monte Carlo simulation studies of operational or alternative
retrieval configurations
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Imaging
spectroscopy
case study

[Thompson et al., Remote Sensing
of Environment 2018]

* AVIRIS-NG remote data
* |n-situ Reagan sunphotometers
* In-situ ASD spectrometers

e Six validation sites at three
locations

* Diverse surfaces, altitudes and
solar illuminations
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lterative Maximum A Posteriori

[Thompson et al., Remote Sensing of Environment 2018]

Optimal estimation: A statistically-rigorous inversion incorporates prior and
measurement distributions across the full spectral range. Enables rigorous

uncertainty accounting.
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Instrument: AVIRIS-NG

Atmosphere: MODTRAN 6.0 RTM

Surface: Multi-component Multivariate
Gaussians
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Instrument: AVIRIS-NG

* Instrument model with Wavelength- and
signal-dependent SNR

 Photon shot & read noise

Atmosphere: MODTRAN 6.0 RTM
« DISORT MS, Correlated-k
 Rural aerosol model

Surface: Multi-component Multivariate
Gaussians
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Instrument: AVIRIS-NG

* Instrument model with Wavelength- and
signal-dependent SNR

* Photon shot & read noise
« Uncorrelated calibration uncertainty
« Systematic calibration / RT uncertainty

Atmosphere: MODTRAN 6.0 RTM
« DISORT MS, Correlated-k

« Rural aerosol model

* broad prior uncertainties

« Unmodeled unknowns, including H>O
absorption coefficients

Surface: Multi-component Multivariate
Gaussians

* Prior based on universal library, highly

regularized to permit accurate retrieval of

arbitrary shapes
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Instrument: AVIRIS-NG

* Instrument model with Wavelength- and
signal-dependent SNR

* Photon shot & read noise
« Uncorrelated calibration uncertainty
« Systematic calibration / RT uncertainty

Atmosphere: MODTRAN 6.0 RTM
« DISORT MS, Correlated-k

« Rural aerosol model

* broad prior uncertainties

« Unmodeled unknowns, including H>O
absorption coefficients

Surface: Multi-component Multivariate
Gaussians

* Prior based on universal library, highly

regularized to permit accurate retrieval of

arbitrary shapes
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Radiance model vs. measurement

[Thompson et al., Remote Sensing of Environment 2018]

Ivanpah Radiance
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Reflectance estimate vs. in situ

[Thompson et al., Remote Sensing of Environment 2018]
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Posterior uncertainty
compared to actual
discrepancies

[Thompson et al., Remote Sensing of Environment 2018]
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Surface Reflectance

Linear sensitivity
analysis vs. Markov
Chain Monte Carlo

Surface state vector elements
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AVIRIS-NG at
Karnataka, India
10 January 2016,
Courtesy Manoj
Mishra
(ISRO/SAC)
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Atmospheric state

Linear SenSitiVity vector elements
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Forward models predict
instrument performance

1. Forward-simulate observations under specific conditions
2. Perform retrievals and compare against the truth
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Forward models predict
instrument performance

1. Forward-simulate observations under specific conditions
2. Perform retrievals and compare against the truth

Example: For what aerosol optical depths can AVIRIS-NG
achieve a required reflectance accuracy (spectral angle < 0.03)

for the Pasadena scene?
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Forward models predict
instrument performance

1. Forward-simulate observations under specific conditions
2. Perform retrievals and compare against the truth

Example: For what aerosol optical depths can AVIRIS-NG
achieve a required reflectance accuracy (spectral angle < 0.03)
for the Pasadena scene?
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Forward models predict
instrument performance
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Quantifying Science Yield

Basic 1. Instrument Spec - “Back of Napkin”
based on analogy to prior
iInvestigations, spectral/spatial
coverage, resolution

Refined
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Quantifying Science Yield

Basic

) 4
Refined

1.

Instrument Spec - “Back of Napkin
based on analogy to prior
investigations, spectral/spatial
coverage, resolution

. Retrieval uncertainty for

representative observations

. Retrieval uncertainty for realistic

distribution of observations

Posterior uncertainty in main
objective, under a realistic
simulated mission (full OSSE)
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Thanks!

NASA Earth Science Division and the HysplIRI preparatory campaign

The AVIRIS-NG Team, including Sarah Lundeen, Brian D. Bue,
Winston Olson-Duvall, John Chapman, and others

JPL Research and Technology Development program

NASA Program NNH16ZDA001N-AVRSN, “Utilization of Airborne
Visible/Infrared Imaging Spectrometer — Next Generation Data from an
Airborne Campaign in India.” Program manager Woody Turner
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Posterior Error decomposition

S = GS.GT + I-A)S,I-A)
= S, + S,

Uncertainty due to Uncertainty due to
observation noise resolution of the retrieval
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Posterior Error decomposition
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