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Cross-track Infrared Sounder (CrIS): 
• 10/2011 (Suomi-NPP), 11/2017 (NOAA-20), expected 2022 
• Near-global coverage twice/day (8.7 million spectra/day)
• Afternoon (~1330 LT SNPP) overpass
• Low noise

Key for isoprene     
and other VOCs!

We can detect isoprene from space using TIR radiances from the Cross-track IR Sounder 

2200 km swath width,
30 views per swath

3 × 3 pixel array 
14 km diameter at nadir

Brauer et al., 2014
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We developed a machine learning approach for 
fast, global retrievals of isoprene from CrIS ΔTb

ΔTb = Tb ,off-peak – Tb,peak

Wells et al., Nature, 2020



The Hyperspectral Range Index uses a broader 
active spectral range= enhanced sensitivity,  

less impact from interferences
(e.g., NH3 and VOCs from IASI, Whitburn et al., 2016;  

Franco et al., 2018; 2019; 2020)

We built off our previous approach with the Retrieval of Organics from CrIS Radiances 
(ROCR) algorithm
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of an arbitrary spectrum y onto the NH3 spectral signature (a spectral Jacobian K corresponding to a change in
NH3) resulting in a single pseudoquantitative number (called hereafter HRI, for “hyperspectral range index”):

HRI =
KT S!1

y (y ! y)
!

KT S!1
y K

, (1)

with y a mean background spectrum associated with Sy . Note that the HRI defined here is normalized such
that it has a mean of zero and a standard deviation of 1 for spectra without observable quantities of NH3.
When the HRI exceeds 3 or 4 (standard deviations) one can be reasonably confident that detectable NH3

are present in the observed scene. This method is derived from the main formula appearing in optimal
least squares estimates but turns out to be equivalent to the statistical method called “linear discrimination
analysis,” which is commonly used in classification problems [Clarisse et al., 2013]. The HRI detection method is
fast and extremely sensitive (up to an order of magnitude more sensitive than brightness temperature di!er-
ence techniques), because very wide spectral ranges can be used and because it captures spectral correlation
better than forward models can. A forward model is used only for the calculation of the Jacobian, but since
Jacobians are essentially spectral di!erences, the majority of the forward model errors cancel out. Thus, the
errors introduced to the HRI by the forward model are, in general, unimportant. As such, the detection method
avoids a lot of the problems of regular optimal estimation methods.

The HRI, a measure for the NH3 signature strength in the spectrum, is not only dependent on the amount of
NH3 but through the radiative transfer also on the thermal state of the atmosphere. The principal parameter
here is the thermal contrast defined as the temperature di!erence between the atmospheric boundary layer
and the surface. For a fixed NH3 column, a larger thermal contrast (TC) will give rise to larger spectral signatures
and vice versa. HRIs can therefore be converted into reasonably accurate columns by taking into account
the thermal contrast via two-dimensional lookup tables (LUT) mapping the pair (HRI, TC) to NH3 columns.
A retrieval algorithm based on this idea was developed in Van Damme et al. [2014a], who also presented a
way to realistically estimate uncertainties for each measurement. The high sensitivity of this LUT-based HRI
method was apparent in this first study with the discovery of a large number of new highly localized hot spots,
retrieval results for the evening overpass of IASI, and for the first time detection of NH3 transport over oceans.
Quantitatively, the algorithm showed a good correlation with independent retrievals using optimal estima-
tion techniques. These measurements were compared with the LOTOS-EUROS model output in Van Damme
et al. [2014b] and to in situ measurements in Van Damme et al. [2015a], and agreement was overall achieved
within measurement uncertainty, although limitations of both models and in situ measurements were also
exposed. These studies also highlighted the di"culties in comparing satellite measurements with models or
in situ data and stressed the need to very carefully take into account the measurement uncertainties. They also
exposed the following limitations of the LUT-based HRI method: (1) Using constant NH3 vertical profiles can
introduce potentially large errors (in Van Damme et al. [2014a], one fixed profile over land is used which peaks
at the surface and one over oceans which peaks around 1400m). (2) While TC is taken into account, residual
dependencies on, for instance, the complete temperature profile are not. (3) Instrumental noise causes a high
bias of the measurements [Van Damme et al., 2015a], as a result of the fact that each HRI is always converted
into a positive column. Especially for observations where the sensitivity to NH3 is low this can lead to drastic
positive mean biases (even if the associated estimated uncertainty on the individual observations are correct).

In this paper we propose an extension of the LUT-based HRI method from Van Damme et al. [2014a]. Instead
of using a two-dimensional LUT, we use here a feedforward neural network (NN) for the conversion of HRI to
NH3 columns. A NN can approximate any (unknown or di"cult to calculate) function Y = f (x) (under mild
assumptions) by a transfer function F(W, x) which can be readily evaluated. The weights W of the function
F are obtained via training on a training set {yi = f (xi)} (see, e.g., Hadji-Lazaro et al. [1999] and Turquety et al.
[2004] for earlier satellite retrieval schemes that used NNs). As both rely on a database of training data, a NN
can be seen as a generalization of a LUT. However, the important di!erence is that a LUT needs to store an
output value for each combination of its input parameters, and the size of the LUT therefore grows exponen-
tially with the dimension of the table. The great strength of a NN lies in its ability to cope with hundreds of
input parameters, thereby o!ering a lot more flexibility than a two-dimensional LUT, while not requiring the
expensive and, in many cases, repetitive calculations of spectral fitting approaches. So rather than using TC
as an input parameter, the NN allows use of the full temperature profile as input. Other input parameters that
we will use are surface emissivity, surface temperature, the pressure and water vapor vertical profiles, satellite
viewing angle, and information on the vertical profile shape of NH3.

WHITBURN ET AL. NEW IASI-NH3 NN RETRIEVAL ALGORITHM 6583
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• HRI exhibits a tighter correlation with isoprene than ∆Tb
• Use NN to capture remaining dependence on T, H2O
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Combined with space-based HCHO, CrIS isoprene provides joint constraints on isoprene 
emissions and chemistry CrIS isoprene:OMI HCHO GEOS-Chem isoprene:HCHO

Wells et al., Nature, 2020

Space-based isoprene:HCHO
ratio supports current model 
treatment of OH chemistry in 

isoprene source regions

Daily retrievals will facilitate 
space-based quantification of 

isoprene emission drivers

CrIS broadly supports       
GEOS-Chem isoprene 

variability in US Ozarks

CrIS
GEOS-Chem

Wells et al., JGR, 2022

JJA 2012-2020 US Ozarks 



Now: Apply ROCR to retrieve other VOCs from CrIS, advance understanding of their 
sources and chemistry-climate-ecosystem interactions

Species Primary Sources
Methanol Biosphere, fires

Ethene Biosphere, fires, industry

Ethyne Combustion, fires

HCN Fires

Acetone Biosphere, VOC oxidation, 
fires

Acetic acid VOC oxidation, fires

Glycoaldehyde** VOC oxidation, fires

Furan** Fires

Ethane** Oil+gas, fires

Propene** Biosphere, fires, industry

VOCs CO, O3, HCHO

SOA

OH, hν

Iso
prene + 

others

**No space-based quantification to date



Initial CrIS HRIs for ethene, ethyne, HCN, and methanol exhibit robust global distributions, 
revealing transport from biogenic and biomass burning source regions

January 2020 September 2020
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