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correction approach (Roberts et al., 1986) assumes that there is an area
in the scene that has spectrally neutral reflectances, i.e., the spectrum
has little variation with wavelength. The mean spectrum of the “flat
field” is then used for the derivation of relative reflectance spectra of
other pixels in the scene. Both the IAR approach and the “flat field”
approach do not need any field measurements of reflectance spectra
of surface targets. The derived relative reflectance spectra often have
absorption features that are not present in reflectance spectra of com-
parable materials measured in the field or laboratory (Clark & King,
1987). The reason is that the mean spectrum of the “flat field” often
contains absorption effects of surface materials and is not 100% spec-
trally neutral. The use of such mean spectrum in the derivation of
relative reflectance spectra of other pixels can introduce broad absorp-
tion bands in the resulting spectra.

The empirical line approach (Conel et al., 1987) requires field-
measurements of reflectance spectra for at least one bright target and
one dark target. The imaging spectrometer data over the surface
targets are linearly regressed against the field-measured reflectance
spectra to derive the gain and offset curves. The gain and offset curves
are then applied to the whole image for the derivation of surface
reflectances for the entire scene. Thismethodproduces spectra that are
most comparable to reflectance spectra measured in the field, or in
the laboratory (Aspinall et al., 2002). However, if changes occur in the
atmospheric properties outside the area used for the empirical line
approach, which is often the case, the spectral reflectance data will
contain atmospheric features.

For atmospheric corrections over the darker water surfaces, an
empirical “cloud shadow” method was developed in the 1990s
(Reinersman et al., 1998). This method calculates the differences
between the total radiance valuesmeasured by the sensor over cloud-
shaded pixels and the neighboring pixels having similar optical
properties. The differences are then used for the removal of the nearly
identical atmospheric radiance contributions from the measured
data. Another implementation of the cloud shadow method has been
described by Lee et al. (2005). Shadows cast by trees and cliffs along
coastlines in high spatial resolution (~1 m) hyperspectral imagery have
recently been used by Filippi et al. (2006) for atmospheric corrections.

It should be pointed out that the absolute radiometric calibration
of hyperspectral imagers is not required when using these empirical
approaches for the estimates of relative surface reflectances. However,
to apply these approaches the hyperspectral imaging system must
remain stable over the duration of the data acquisition.

3. Radiative transfer modeling approaches for land

Around 1987, Alexander F. H. Goetz first perceived the need for
developing an atmospheric correction technique using radiative transfer
modeling, given the limitations of the empirical approaches for surface
reflectance retrievals. The thought was soon realized with the develop-
mentof theAtmosphereRemoval algorithm(ATREM)(Gaoet al.,1993) for
retrieving land surface reflectance spectra from hyperspectral imaging
data using a theoretical modeling technique, which simulates explicitly
the absorption and scattering effects of atmospheric gases and aerosols.

3.1. Atmospheric effects and radiative transfer formulations

The solar radiation on the sun-surface-sensor path is affected by
absorption and scattering effects from atmospheric gases and aerosols.
Accurate modeling of these effects is required in order to derive
surface reflectance spectra from imaging spectrometer data. Among
the approximately thirty atmospheric gases, only eight gases, namely
water vapor (H2O), carbon dioxide (CO2), ozone (O3), nitrous oxide
(N2O), carbon monoxide (CO), methane (CH4), oxygen (O2), and
nitrogen dioxide (NO2) produce observable absorption features in
imaging spectrometer data over the range 0.4 to 2.5 µm with a
spectral resolution between 1 and 20 nm. Fig. 2 shows examples of
simulated atmospheric transmittances for the eight gases. Approxi-
mately half of the spectral region between 0.4 and 2.5 µm is affected
by atmospheric water vapor absorption. The absorption effects from
the other seven gases are generally located in much narrower wave-
length intervals.

Atmospheric gaseous molecules and aerosols scatter solar radia-
tion. The short wavelength region between 0.4 and 0.7 µm is strongly
affected by molecular scattering (Rayleigh scattering). Its effect
decreases rapidly with increasing wavelength (λ−4). The aerosol
scattering effect also decreases with increasing wavelength, but at
a slower rate (typically λ−2 to λ−1).

The radiances measured with an imaging spectrometer from a
satellite include atmospheric path radiances (due to Rayleigh and
aerosol scattering) and surface-reflected solar radiances. These
radiances are often converted to “apparent reflectances” (e.g., Gao
et al., 1993; Tanre et al., 1986). The definition of apparent reflectance is
given by

ρ⁎
obs λ; θ;/; θo;/oð Þ = πLobs λ; θ;/; θo;/oð Þ= μoFo λð Þ½ $; ð1Þ

Fig. 1. A sample AVIRIS spectrum. Several absorption bands of atmospheric gases are easily seen.

S18 B.-C. Gao et al. / Remote Sensing of Environment 113 (2009) S17–S24
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Imaging spectroscopy at JPL
• First Imaging Spectrometer AIS flights in 1982
• AVIRIS imaging spectrometer > 1000 refereed journal 

articles
• NIMS imaging spectrometer to Jupiter
• VIMS imaging spectrometer to Saturn
• MICAS Miniature Integrated Camera and Imaging 

Spectrometer to Comet
• Hyperion-Earth, CRISM-Mars and ARTEMIS-Earth imaging 

spectrometers (gratings, designs, calibration, science)
• NASA Moon Mineralogy Mapper (M3)
• > 7 Airborne/Rover-type Imaging Spectrometer operating 

at cryogenic temperature and in a vacuum (2005-2015)
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From radiance to reflectance
[Thompson et al., RSE 2015;  
Thompson et al., RSE 2018]
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Orbital 
investigations
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High accuracy: e.g. sub-percent surface 
reflectance
Physical interpretability: Output 
reported in physical units of quantities 
measurable in situ, and traceable to 
rigorous physical models
Rigorous uncertainty propagation: 
Respect input noise, report confidence 
intervals
Generalizability: should apply across 
different new locales, new 
spatiotemporal sampling

Special needs of remote Earth 
science



Agenda

8 March 2019 D. R. Thompson - JPL Center for Climate Sciences 12

Measurement Method
Science Themes  
Deep dive: Bayesian 
Atmospheric Correction



Localized greenhouse sources
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Localized greenhouse sources
Matched filter applied independently in each column
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atmospheric correction codebase [Gao et al., 2009; Thompson et al., 2015b], and resam-63

pled it to the Hyperion spectral response. Next, we shifted the Hyperion wavelength64

calibration to minimize the squared error fit to the continuum-removed radiance, treating65

the FWHM and scale of absorption as free parameters. For most scenes the resulting66

correction was under 5% of native sampling.67

After refining the wavelength calibration we measured CH4 enhancements above the

background by applying a matched filter independently to each cross-track location

[Thompson et al., 2015a]. We modeled the background radiance as a multivariate Gaus-

sian with mean µ and covariance ⌃, estimated from the data and regularized for stability

by a small positive addition to diagonal elements [Manolakis et al., 2007]. The matched

filter tested the null hypothesis H0 (that the spectrum x was generated by the back-

ground) against the alternative hypothesis H1 (which included a perturbing signal t and

scale factor ↵):

H0 : x ⇠ N (µ,⌃) H1 : x ⇠ N (µ+ ↵t,⌃) (1)

The matched filter ↵̂(x) took the form:

↵̂(x) = (x� µ)T⌃�1
t/(tT⌃�1

t) (2)

This equation estimated the scaling factor ↵. As in Thompson et al. [2015a] we defined

t to be the change in radiance caused a unit mixing ratio length of CH4 absorption.

This perturbation was a Beer-Lambert attenuation of the background µ, appropriate for

optically-thin CH4 emissions enhancing the ambient CH4. The partial derivative with

respect to thickness ` of an absorbing CH4 layer, taken at ` = 0, was:

t = @x/@` = �µe
�`

 = �µ (3)
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Using the target signature
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spectrum

Background 
mean

Mixing ratio 
length

Background 
covariance

Unit 
absorption 
coefficient



Aliso canyon gas storage leak
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500 m

N

ER-2 at 6.6 km altitude, 1/12/2016 EO-1 Spacecraft at LEO, 1/1/2016

Thompson et al., Geophys. Res. Lett. (2016)



Fugitive CH4 emissions 
at Four Corners, NM
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Frankenberg, Thorpe, Thompson et al., PNAS 2016



CH4 in California
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Duren et al. (in review), Thorpe et 
al. (2016), Thompson et al. (2015)



Arctic CH4
Emissions
Elder, Thompson, et al. 
(in preparation)
Analysis of AVIRIS-NG data 
from the ABoVE campaign, 
PI: Chip Miller
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Arctic-wide 
statistics 
reveal a two 
component 
power law

8 March 2019 D. R. Thompson - JPL Center for Climate Sciences 19

0.001

0.002

0.003

0.004

10 100 1000

Site-level, lake 
littoral control?

Landscape, 
proximal wetlands/ 
water table control?

y = 0.004x-0.16

R² = 0.99

y = 0.021x-0.65

R² = 0.97

Elder, Thompson, 
et al.  (in preparation)
Analysis of AVIRIS-NG 
data from the ABoVE
campaign
PI: Chip Miller

Distance to standing water (m)

Po
iss

on
 ra

te
 o

f C
H 4

ho
ts

po
ts



The CORAL EV-S mission 
PI: Eric Hochberg (BIOS)       Deputy PI: Michelle Gierach (JPL)
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Step 1
Aerosol optical depth τ
Aerosol type ζ
Water leaving reflectance 
Rrs

Step 3
Backscatter bb
Attenuation Kd
Depth H
Benthic reflectance Rb

Step 2
Glint-corrected Rrs0

Sensor

Sun glint

Sky 
reflection

Scattering and 
absorption in 
water column

Bottom 
reflection

Scattering and 
absorption in 
atmosphere

Thompson et al., Remote Sensing of 
Environment 2017

Hochberg et al., Remote Sensing of 
Environment 2003



Estimating Benthic Reflectance
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Graphic inspired by [Kirk, 2011].  

Step 1
Aerosol optical depth τ
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Water leaving reflectance Rrs
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Depth H
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Scattering and 
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Procedure
Posit the relation [Maritorena et al., 1994]:
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Rrs0 = Rinf +  (Rb – Rinf) e 
-2KdH

bb / (2Kd) Benthic reflectance Attenuation

Depth



Procedure
Posit the relation [Maritorena et al., 1994]:

Problem: underdetermined 
Kd, bb, and Rb yield (3N + 1) parameters for just N measurements
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Rrs0 = Rinf +  (Rb – Rinf) e 
-2KdH

bb / (2Kd) Benthic reflectance Attenuation

Depth



Procedure
Posit the relation [Maritorena et al., 1994]:

Problem: underdetermined 
Kd, bb, and Rb yield (3N + 1) parameters for just N measurements

Solution: represent as linear mixtures
Parameterize Kd, bb, and Rb as nonnegative linear combinations of 
endmember spectra, and retrieve mixing coefficients (~20 DOF)
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Rrs0 = Rinf +  (Rb – Rinf) e 
-2KdH

bb / (2Kd) Benthic reflectance Attenuation

Depth



Example of Rb endmember library
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Rrs vs. bottom reflectance result
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Delta-X  EV-S mission PI: Marc Simard
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In Situ 
(Water flow and sediment)

UAVSAR 
(Repeat-pass Radar interferometry: 

water level change)

AVIRIS-NG 
(Spectroscopy: 
sediment and 
vegetation)

AirSWOT 
(Radar interferometry: 

water height and slope)

In Situ
(Vegetation & Soil)

Urgency: If ignored, Relative Sea Level Rise (RSLR) will very soon have devastating consequences on the
livelihood of the half billion people that live in these low-lying coastal regions. Nearly all the world’s major
river deltas are threatened along with the services they provide: flood protection, carbon sequestration,
biodiversity and food supply.

Delta-X Science Question: Will river
deltas completely drown, or some parts
of these deltas accumulate sufficient
sediments and produce enough plants
to keep pace with RSLR ?



Launching 2021: EMIT
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Courtesy NASA/JPL/Roger Clark

Salton Sea, CA (AVIRIS instrument)



Salton Sea 
Mineral Map

50km

Courtesy NASA / JPL / USGS / R. Clark

Courtesy NASA/JPL/Roger Clark

Salton Sea, CA (AVIRIS instrument)
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Cloud optical properties at high 
spatial resolution

6/22/2016 david.r.thompson@jpl.nasa.gov - ICRS 32

1400 1450 1500 1550 1600 1650 1700 1750 1800 1850 1900
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Wavelength (nm)

To
p 

of
 A

tm
os

ph
er

e 
R

ef
le

ct
an

ce
  ρ

Measured

Measured

Ice Cloud
Simulated

Liquid Cloud
Simulated

Tan and Storelvmo,  Journal of 
the Atmospheric Sciences, 2016

[Thompson et al., JGR 2016;  Thompson et al., AMT 2018]



Fits of liquid and ice cloud spectra
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Cloud optical properties at high 
spatial resolution
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Tan and Storelvmo,  Journal of 
the Atmospheric Sciences, 2016 Ice Liquid VaporRGB Image
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[Thompson et al.,  
JGR. Atm. 2016] Ice
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Global cloud 
survey by 
Hyperion on 
EO-1
[Thompson et al., AMT 2016]
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Measurement Method
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Deep dive: Bayesian 
Atmospheric Correction



Atmospheric correction 
[Thompson et al., RSE 2015;  Thompson et al., RSE 2018, Thompson et al., RSE 
2019a, Thompson et al., RSE 2019b]
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Atmosphere varies over short 
spatiotemporal scales
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“AVIRIS Classic” imaging 
spectrometer, visible wavelengths

Retrieved Water vapor 
[Thompson et al., Surv. Geohysics, 2018]



The “forward problem”
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The “inverse problem”
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Maximum A Posteriori solution
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Maximum A Posteriori solution
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The Maximum A Posteriori estimation is equivalent to 
the optimization:

… we can solve it by conjugate gradient descent.

!𝛘! 𝐱 = ( )𝐅(𝐱) − 𝐲 𝐓 𝐒𝛜$% 𝐅 𝐱 − 𝐲 + 𝐱 − 𝐱𝐚 𝐓 𝐒𝐚$% (𝐱 − 𝐱𝐚

Bayesian priorModel match to 
measurement

Cost
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Maximum A Posteriori estimation
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Iterative simultaneous estimation of 
atmosphere and surface

45

'𝛘! 𝐱 = ( )𝐅(𝐱) − 𝐲 𝐓 𝐒𝛜$% 𝐅 𝐱 − 𝐲 + 𝐱 − 𝐱𝐚 𝐓 𝐒𝐚$% (𝐱 − 𝐱𝐚

Bayesian priorModel match to measurementCost

1. Predict 
radiance

2. Optimize 
state vector

𝐲 = 𝐅 𝐱 + ϵ



Case study
[Thompson et al., 
Remote Sensing of Environment 2018]
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• In-situ AOD via Reagan 
sunphotometers

• In-situ surface reflectance 
via ASD Fieldspec

Ivanpah Playa California Institute of Technology

Jet Propulsion Laboratory

From Thompson et al., RSE 2018.



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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Speeding up the forward model

reflection

scattering

absorption

RTM NN

images: Mishra et al., Heliyon 2015, wikimedia



Radiative 
transfer 
emulation
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Summary
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Imaging spectroscopy: 
• Is statistically rigorous and 

quantitative
• Reveals physical and 

chemical processes in the 
environment

• Has unique accuracy and 
generalizability needs

Get ready for global-scale 
spectroscopy datasets

Your help will be critical 



With due thanks to:
• Kevin Bowman (JPL), for much of the source material in 

these slides
• Clive D. Rogers, for theoretical foundations, approach and 

notation (e.g. Inverse Methods for Atmospheric Sounding, 
Theory and Practice, 2000).

• NASA Earth Science for sponsorship of AVIRIS-NG and the 
AVIRIS-NG India investigation and analysis.

• The JPL Research and Technology Development and 
NASA Center Innovation Fund Programs

• The JPL Office of Chief Scientist and Technologist
• Other coinvestigators, coauthors and colleagues including 

Amy Braverman, Jonathan Hobbs, Robert Spurr, Steven 
Massie, Bruce Kindel, Manoj Mishra, et cetera.

• The NSF National Robotics Initiative 
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Backup
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Sensitivity and depth

2/19/21 HyspIRI Science Symposium, October 2015 54
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ρ∗obs = Lobs

[

π

cos(θo)Fo

]

= ρa +
Tρs

1− Sρs
ρ∗obs = Lobs

[

π

cos(θo)Fo

]

= ρa +
Tρs

1− Sρs
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Lookup table of 
transmission, 

scattering
indexed by H2O, 

etc. 

1. In advance, do 
RTM calculations

Conventional 
atmospheric correction: 
A sequential process

measurement
reflectance

3. Algebraic 
Inversion

2. Estimate atmosphere 
(typically by band ratios)



Ongoing: Optimal Estimation for iterative 
fits of surface and atmosphere
[Thompson et al., Remote Sensing of Environment 2018]

Bayesian Maximum a Posteriori 
estimate using a combined model of 
surface, atmosphere, instrument
Improves atmospheric correction 
accuracy
Rigorous uncertainty accounting
Optimal weighting of information 
from instrument vs. domain 
knowledge

https://github.com/isofit/isofit
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Iterative 
optimization



Limitations of conventional methods
1. Limited size of state vector that can be 

represented in the lookup table
2. Algebraic approximate solutions are less 

accurate for extreme geometries
3. Do not couple surface and atmosphere
4. Estimate atmosphere and surface 

sequentially, making it difficult to 
disambiguate atmospheric effects from 
surface effects

5. Disregard uncertainties
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Intrinsic dimensionality
• The degrees of freedom in a process under study
• Quantifies the measurable diversity in a dataset
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Dimensionality estimates 
must account for 
measurement noise
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Laplacian Eigenmap code via Kye Taylor, Mathworks file exchange
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Model 
components
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Pre-defined
Statistical, fit to data
Retrieved in the inversion

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 H2O 

absorption coefficients
• H2O, AOD retrieved 

Surface: Multi-component Multivariate 
Gaussians
• Prior based on universal library, highly 

regularized to permit accurate retrieval of 
arbitrary shapes

• Reflectance estimated independently in 
every channel



Maximum A Posteriori vs. MCMC
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AVIRIS-C f170127t01p00r16 
(subset, visible bands)

Aerosol Optical Depth at 550 nm

Aerosol Optical Depth Uncertainty

Hot crater

Aerosol mapping 
examples 
(Hawaii campaign)

Combined estimate of H2O vapor, AOT, 
surface reflectance and temperature
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Variability due to measurement 
noise vs. unknown state parameters
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Total observation noise

Measurement noise 
(instrument effects) 
• Photon noise
• Read noise
• Dark current noise

Unknown parameters in the 
observation system
• Sky view factor
• H2O absorption coefficient intensity
• Systematic radiative transfer error
• Uncorrelated radiative transfer error

Jacobian WRT unknowns
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Yosemite Mosaic  f130503 
(no color blending applied)

Vapor Liquid Ice Melting

65

Half dome

Clouds

2/19/21 JPL / HyspIRI symposium, 17-18 March 2014[Thompson et al., RSE 2015



Shenandoa species maps

Species/Functional-type Map
Shenandoah

National Park, USA
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Phil Townsend, U. Wisconsin



High Intrinsic Dimensionality
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Geologic maps for the 
EMIT mission
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Coincident multi-aircraft 
measurement
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In situ corroborates remote data
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Remote sensing of cloud phase
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Vegetation signatures
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Spectroscopy of Vegetation



Example of bb endmember library
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Example of Kd endmember library
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