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Abstract. Currently large uncertainties exist associated with
the attribution and quantification of fugitive emissions of cri-
teria pollutants and greenhouse gases such as methane across
large regions and key economic sectors. In this study, data
from the airborne Hyperspectral Thermal Emission Spec-
trometer (HyTES) have been used to develop robust and re-
liable techniques for the detection and wide-area mapping of
emission plumes of methane and other atmospheric trace gas
species over challenging and diverse environmental condi-
tions with high spatial resolution that permits direct attribu-
tion to sources. HyTES is a pushbroom imaging spectrometer
with high spectral resolution (256 bands from 7.5 to 12 µm),
wide swath (1–2 km), and high spatial resolution (∼ 2 m at
1 km altitude) that incorporates new thermal infrared (TIR)
remote sensing technologies. In this study we introduce a
hybrid clutter matched filter (CMF) and plume dilation al-
gorithm applied to HyTES observations to efficiently detect
and characterize the spatial structures of individual plumes
of CH4, H2S, NH3, NO2, and SO2 emitters. The sensitiv-
ity and field of regard of HyTES allows rapid and frequent
airborne surveys of large areas including facilities not read-
ily accessible from the surface. The HyTES CMF algorithm
produces plume intensity images of methane and other gases
from strong emission sources. The combination of high spa-
tial resolution and multi-species imaging capability provides

source attribution in complex environments. The CMF-based
detection of strong emission sources over large areas is a fast
and powerful tool needed to focus on more computationally
intensive retrieval algorithms to quantify emissions with er-
ror estimates, and is useful for expediting mitigation efforts
and addressing critical science questions.

1 Introduction

The Hyperspectral Thermal Emission Spectrome-
ter (HyTES) is a pushbroom imaging spectrometer that
produces a wide-swath thermal infrared (TIR) image with
high spectral (256 bands from 7.5 to 12 µm) and spatial
resolution (∼ 2 m at 1 km altitude) (Hook et al., 2013,
2016). HyTES incorporates a number of technologies, which
presents a major advance in airborne TIR hyperspectral
remote sensing measurements (Johnson et al., 2009, 2012).
While hyperspectral imaging spectrometers operating in the
visible to short-wave infrared spectrum (VSWIR, 1400–
2500 nm), such as the Next Generation Airborne Visible
Infrared Imaging Spectrometer (AVIRIS-NG) (Green et
al., 1998), rely on reflected solar radiance to detect various
chemical gas species such as methane (CH4) (Roberts et al.,
2010; Thompson et al., 2015; Thorpe et al., 2013, 2014),
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TIR spectrometers instead rely on the thermal emission
and thermal contrast between ground and target gas alone.
This has the advantage of making detection more robust
over a wider range of land cover types independent of their
reflective features. For example, given sufficient thermal
contrast between the plume and the surface, TIR data should
on average have higher sensitivity to methane detection than
SWIR data over low albedo surfaces such as seawater and
dark vegetation, and particularly at higher latitudes where
reduced reflective solar insolation makes it a challenge
for current SWIR instrument capabilities. This is because
thermal contrast can change rapidly with local atmospheric
conditions over much shorter timescales than the underlying
reflective surface features such as water and dark vegetation
of which the SWIR instruments are responsive to. These
kinds of conditions would be typical of the Arctic region,
for example, which contains large reservoirs in the form of
methane hydrates at the ocean surface and in permafrost
regions (Damm et al., 2010; Kort et al., 2012). TIR ob-
servations also allow nighttime operation during which
the collapsed nocturnal planetary boundary layer results
in higher near-surface concentrations of source gases –
translating to easier detection. Another key advantage of TIR
hyperspectral data is the ability to distinguish between both
greenhouse gases (e.g., CH4) and criteria pollutants such as
hydrogen sulfide (H2S), ammonia (NH3), nitrogen dioxide
(NO2), and sulfur dioxide (SO2) within a single plume – a
capability that will be demonstrated in this work.

TIR remote sensing has a long heritage of medium to high
spatial resolution airborne and spaceborne sensors with mul-
tiple (3–10) bands in the TIR region, starting with the six-
band Thermal Infrared Multispectral Scanner (TIMS) air-
borne sensor in the early 1980s (Kahle and Goetz, 1983)
and followed by the MODIS/ASTER (MASTER) airborne
sensor with 10 bands in the TIR region (Hook et al., 2001).
However, one of the biggest drawbacks of these imagers is
their limited number of spectral bands defining the TIR re-
gion (7.5–12 µm). In response, a number of hyperspectral
TIR sensors have been developed, starting with the narrow
field-of-view SEBASS (Spatially Enhanced Broadband Ar-
ray Spectograph System) (Hackwell et al., 1996), and includ-
ing wide-swath capabilities such as MAKO (Warren et al.,
2010), the Mineral and Gas Identifier (MAGI) (Hall et al.,
2008, 2015), AisaOWL (Doneus et al., 2014), SIELETERS
(Ferrec et al., 2014), and HyTES (Hook et al., 2013). Table 1
compares the instrument characteristics of each of these six
sensors. Of these instruments, HyTES has the highest num-
ber of spectral bands (256), which will improve the detec-
tion sensitivity of trace gas species, particularly those gases
with sharp spectral features. For example, using a set of
∼ 50 gases a study by Hall et al. (2008) found that species
with sharp spectral features such as H2S and NH3 suffered
the greatest sensitivity loss from reduced spectral resolution
when simulating the relative sensitivity of data with 64, 32,
and 16 spectral channels. HyTES has sufficient spectral in-

formation in the 7.5–12 µm region to resolve the spectral ab-
sorption signatures of a variety of different trace gases in-
cluding CH4, NH3, H2S, SO2 and NO2.

Airborne hyperspectral imagers such as HyTES have a
wide-swath mapping capability and fine spatial resolution,
making them very useful for the detection of discrete sources
of gaseous emissions over large regions, which is otherwise
difficult from ground or airborne lidar measurements alone
(Thorpe et al., 2014; Tratt et al., 2014). In the context of cli-
mate change and air quality, the ability to detect and charac-
terize individual point sources of greenhouse gases such as
methane or criteria pollutants such as sulfur and nitrogen ox-
ides from key emitting sectors is a promising tool for improv-
ing understanding of the distribution of emissions sources
and for supporting emissions mitigation.

In this work we present the theory and methodologies for
the rapid detection of a variety of trace gas species (CH4,
NO2, NH3, H2S, and SO2) from the HyTES hyperspectral
TIR data, with a focus on methane. We introduce a hybrid
clutter matched filter (CMF) and plume dilation algorithm
for efficiently detecting and imaging trace gas plumes. We
present representative results from field testing including the
detection of anthropogenic CH4 sources over challenging ar-
eas such as urban Los Angeles, where thermal in-scene clut-
ter makes detection difficult, and over managed systems such
as dairy farms, and oil fields in the San Joaquin Valley (SJV),
California. The sites were chosen to test the HyTES gas de-
tection technique in a variety of different settings related to
a range of science applications, and to provide in situ mea-
surements to validate those results. For example, contempo-
raneous surface CH4 measurements were made from vehi-
cles with on-board Picarro G2401 or G1301 analyzers while
driving along public roads in the domain of HyTES over-
flights during campaigns over the La Brea tar pits in Los
Angeles during 2014, and during February 2015 in the Kern
River oil field. The primary science goal of the HyTES flights
over these sites was to detect, attribute, and characterize the
spatial structure of CH4 plumes to better understand their
distribution and enable follow up measurements, and iden-
tify high-priority sources for follow-up analysis with more
computationally intensive quantitative retrievals (Kuai et al.,
2016). We also demonstrate the ability of the technique to im-
age different chemical species such as NH3, H2S, SO2, and
NO2 within the same plume. HyTES Level-1 radiance data
and Level-2 Surface Temperature and Emissivity data from
the 2013, 2014, and 2015 campaigns are free and available
for ordering at http://hytes.jpl.nasa.gov/order (Jet Propulsion
Laboratory, 2016).

2 HyTES background

2.1 Instrument

The HyTES instrument is a Dyson optical configuration
with a compact hyperspectral grating spectrometer acquir-
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Table 1. Instrument characteristics of well demonstrated airborne hyperspectral long-wave thermal infrared systems.

Instrument First Bands Spectral Spectral IFOVc Max Pixels NEDTa Detector
deployed range resolution (mrad) scan X-track (K)

(µm) (nm) (◦)

AISA-OWLd 2014 96 7.7–12.3 100 1.10 ±24 384 25b HgCdTe
HyTESe 2013 256 7.5–12 18 1.70 ±25 512 0.20 QWIP
MAGIf 2011 32 7.1–12.7 175 0.53 ±42 2800 0.10 HgCdTe
Sieleters B3g 2011 38 8–11.5 80 0.25 ±7 – 0.15 HgCdTe
MAKOh 2010 128 7.45–13.5 47 0.55 ±45 400–2750 0.05 Si :As
SEBASSi 1995 128 7.6–13.5 46 1.10 ±3.6 128 0.05 Si :As
LWHISj 2003 128 8–12.5 35 0.9 ±3.25 128 0.035 HgCdTe

a NEDT is the noise equivalent differential temperature (K); b NESR is the noise equivalent spectral radiance (mW m−2 sr−1 µm−1); c IFOV is the
instantaneous field of view; d Specim (Finland); e Jet Propulsion Laboratory (USA); f,h, i The Aerospace Corporation (USA); g Onera (France); j Northrop
Grumman Space Technology (USA).

Figure 1. (a) HyTES design and optical layout, (b) Twin Otter aircraft, (c) HyTES installation in aircraft, and (d), optical layout highlighting
ray trace through the Dyson spectrometer and objective lens elements.

ing data in 256 spectral bands in the TIR range from 7.5 to
12 µm (Fig. 1), and a Quantum Well Infrared Photodetector
(QWIP) (Gunapala et al., 2006). This is the first integration
of the QWIP with a spectrometer imaging system for Earth
science studies that require well-calibrated data. A major ad-
vantage of the instrument is its very compact design due to its
small form factor and low power requirement (1 kW) when
compared to what the aircraft can support (4 kW) (Johnson et
al., 2012). A vacuum chamber is used to keep the focal plane
system cold using two mechanical cryocoolers (Fig. 1). The
chamber has also been proven to support airborne operation

of other VSWIR instruments, while maintaining rigidity of
its inner precision and optical components. A full description
of the HyTES instrument including instrument performance,
calibration, and validation is provided by Hook et al. (2016).

HyTES is currently configured to fly on the Twin Otter
aircraft and Fig. 1 shows the aircraft and the HyTES instru-
ment looking nadir in flight. For Twin Otter flights, the in-
strument is calibrated before and after each flight (including
any intermediate stops), and the nominal operation for data
processing from L0 to L1 is to average the pre- and post-
flight calibrations. That being said, a day to day comparison
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between calibrations in 2014 showed that a single calibration
in fact could be substituted with only minor errors for the
whole week’s campaign.

For detection of trace gases, flights are usually conducted
at an altitude of 1 km above ground level (a.g.l.) to min-
imize atmospheric attenuation between ground and sensor.
The HyTES pixel size at 1 km a.g.l. is ∼ 2 m. Figure 2 shows
an example of a HyTES data hypercube for a flight over
Death Valley, California. Radiances in the vertical slice have
been atmospherically corrected for the atmospheric transmis-
sion and path radiance using an in-scene atmospheric correc-
tion approach.

3 Thermal infrared physics

The clear-sky radiance measured by a sensor in the TIR spec-
tral region (7–14 µm) is a combination of the Earth-emitted
radiance, reflected downwelling sky irradiance, and atmo-
spheric path radiance, and is defined as the flux per unit pro-
jected area per unit solid angle incident at the sensor. The
Earth-emitted radiance is a function of the land surface tem-
perature and spectral emissivity and gets attenuated by the at-
mosphere on its path to the sensor. The atmosphere also emits
radiation, some of which gets scattered up into the path of
the sensor directly and called the atmospheric path radiance,
while some gets radiated to the surface (irradiance) and re-
flected back to the sensor-termed the reflected downwelling
sky irradiance. Reflected solar radiation in the TIR region is
negligible and is not accounted for in forward simulations of
at-sensor radiance. One effect of the sky irradiance is to re-
duce the spectral contrast of the emitted radiance, since the
addition of the downward reflected component “fills” in the
spectral features from the surface.

3.1 Theory

Using Kirchhoff’s law, we can write the hemispherical–
directional reflectance as a function of directional emissivity
(ρλ = 1− ελ), and express the at-sensor radiance for a clear-
sky pixel with no gas plume attenuation (“off-plume”), (Loff

λ )
as follows:

Loff
λ (θ)= L

gnd
λ τ atm

λ +L
↑

λ , (1)

where τ atm
λ is the atmospheric transmittance, L↑λ is the at-

mospheric path radiance, and Lgnd
λ is the total land leaving

radiance:

L
gnd
λ (θ)= Lsurf

λ + ρλL
↓

λ = ελBλ (Ts)+ (1− ελ)L
↓

λ , (2)

where λ is the wavelength; θ the observation angle; Lsurf
λ the

Earth-emitted radiance; ελ the spectral surface emissivity; Ts

the surface temperature; L↓λ the downwelling sky irradiance;
τ atm
λ the atmospheric transmittance; L↑λ the atmospheric path

Figure 2. HyTES data hypercube over Death Valley, California. Ra-
diances in the vertical slice have been atmospherically corrected for
the atmospheric transmission and path radiance.

radiance; Bλ (Ts) the Planck function defined at temperature,
Ts.

The radiance measured by a sensor for a pixel centered
on a gaseous plume (“on-plume”) introduces an additional
plume thermal emission term, Lp

λ, and a plume transmissiv-
ity term, τ p

λ to account for the additional attenuation of the
surface radiance:

Lon
λ (θ)= L

gnd
λ τ atm

λ τ
p
λ +L

↑

λ +L
p
λτ

atm
λ , (3)

where Lp
λ = ε

p
λBλ

(
Tp
)

is the gas plume emission term, Tp is
the plume temperature, and εp

λ the plume emissivity. An illus-
tration depicting these components for an observation over a
gaseous plume is shown in Fig. 3. These terms can be simpli-
fied using some physics-based assumptions. The weak plume
transmissivity, τ p

λ , is given by Beer’s law:

τ
p
λ = e

−nobλ , (4)

where no is the gas column density and bλ is the gas ab-
sorbance spectra (“plume signature”), usually extracted from
the HITRAN database for the relevant gas constituent. If we
assume the gas plume is optically thin and plume absorbance,
(nobλ), is small, we can approximate Eq. (4) with a Taylor
expansion:

τ
p
λ ≈ 1− nobλ. (5)

The Beer–Lambert law can then be used to write the trans-
mittance as a function of the gas plume effective emissivity:

ε
p
λ = 1− τ p

λ ≈ nobλ. (6)

Substituting Eq. (6) into Eq. (3) and rearranging terms yields
an equation describing the total at-sensor radiance for an ob-
servation centered on a gaseous plume pixel:

Lon
λ (θ)= [L

gnd
λ τ atm

λ +L
↑

λ ] + nobλτ
atm
λ [Bλ

(
Tp
)
−L

gnd
λ ]. (7)
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Figure 3. Illustration depicting various components of thermal in-
frared radiative transfer with a gaseous plume, where Lsurf

λ is the

Earth-emitted radiance, Lp
λ is the plume thermal emission term, L↑λ

the atmospheric path radiance, ρλL
↓

λ the reflected downwelling ra-
diance, τ atm

λ the atmospheric transmittance, τp
λ the plume transmit-

tance, θ the observation angle, and P(*) the pressure level.

The first term on the right-hand-side of Eq. (7) describes the
off-plume radiance,Loff

λ (background, or “clutter”), while the
second term consists of the plume signature, b, multiplied by
the plume strength, which includes the column density, no,
multiplied by the thermal contrast term, [Bλ

(
Tp
)
−L

gnd
λ ]. Ex-

amination of this term indicates that the detection of gaseous
plumes in the TIR requires a finite thermal contrast between
the surface and the plume, otherwise the plume strength term
approaches zero. To solve Eq. (7), knowledge of the surface
temperature of the background, the temperature of the gas
plume, the surface emissivity of the background, and the at-
mospheric terms τ atm

λ and L↑λ is needed. The atmospheric
terms are estimated using an atmospheric correction tech-
nique described in the next section, and are usually fairly
constant across an image at the scale of a few kilometers de-
pending on variability in atmospheric water vapor.

3.2 In-Scene Atmospheric Correction (ISAC) methods

The spectral radiance in Eq. (1) will include atmospheric
emission, scattering, and absorption by the Earth’s atmo-
spheric constituents. In order to isolate the land-leaving sur-
face radiance and separate the surface temperature and spec-
tral emissivity terms, these atmospheric effects need to be
removed from the observation. For on-plume pixel obser-
vations, the atmospheric compensation isolates the land-
leaving radiance contribution in addition to reducing the
wavelength dependence of the plume strength, which is the
difference between radiance emitted by plume and ground as
expressed in Eq. (7). The success of the atmospheric correc-
tion depends on the accurate characterization of the atmo-
spheric state that is input into the radiative transfer model

Figure 4. An example of surface brightness temperature spec-
tra from HyTES after atmospheric correction using the RTM ap-
proach with MODTRAN (gray line), and the ISAC approach (black
line). With a successful atmospheric correction we expect a nearly
constant temperature across all bands, which is achievable with
the ISAC approach but not with MODTRAN below 8 µm and
above 11.5 µm because of misregistrations between HyTES data
and MODTRAN.

(RTM) e.g., MODTRAN (Berk et al., 2005). Independent at-
mospheric profiles of temperature, water vapor, and other gas
constituents (e.g., ozone) are input to the RTM to obtain the
atmospheric transmittance, path radiance, and sky irradiance
terms. Once the residual effects of the atmosphere have been
removed from the observed radiance the surface properties
can be obtained.

For multispectral data, where the bands are typically not
strongly affected by the atmosphere the RTM approach
works satisfactorily, but for hyperspectral data the RTM ap-
proach is more challenging when bands are situated in strong
atmospheric absorption features and if output model data
from the RTM are not accurately spectrally registered with
the observed data, then the solution may be unstable. This
instability primarily arises because (1) methods used in the
RTM to interpolate hyperspectral absorbances introduce er-
ror, (2) the sensor’s spectral responses functions are not pre-
cisely defined, and (3) band-to-band registration issues result
in model error. In these cases even small misregistrations be-
tween the observed and modeled data near strong absorption
lines will amplify instead of reduce the effects of atmospheric
attenuation, making correction of the radiance spectrum very
difficult. To address these issues, an in-scene atmospheric
correction (ISAC) approach was developed for the SEBASS
airborne hyperspectral sensor (Young et al., 2002). The main
advantage of the ISAC method is that atmospheric correc-
tion is accomplished using the hyperspectral data itself with-
out the need for external atmospheric profiles or an RTM. In
addition, the issue of spectral band misregistrations is elim-
inated. An example of this is shown in Fig. 4 where surface
brightness temperature spectra are shown from HyTES after
atmospheric correction using the RTM approach with MOD-

www.atmos-meas-tech.net/9/2393/2016/ Atmos. Meas. Tech., 9, 2393–2408, 2016
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TRAN (gray line), and the ISAC approach (black line). With
a successful atmospheric correction we expect a nearly con-
stant temperature across all bands, which is achievable with
the ISAC approach but not with MODTRAN below 8 µm and
above 11.5 µm because of band-to-band misregistrations be-
tween HyTES data and MODTRAN in the presence of higher
water vapor absorption regions.

ISAC relies on finding gray bodies in a given scene with
emissivity close to 1 across all bands, ελ ∼ 1 (e.g., water,
dense vegetation, ice, snow). Then, the observed radiance in
Eq. (1) can be written as a linear function with an indepen-
dent variable, Bλ (Ts), and with slope τ atm

λ and y intercept L↓λ
as follows:

Loff
λ =

[
Bλ (Ts)τ

atm
λ + L

↑

λ

]
. (8)

Theoretically, the atmospheric parameters τ atm
λ and L↑λ can

then be found by simple linear regression by plotting Loff
λ vs.

Bλ (Ts) for all pixels on a scene for a given wavelength. We
found that using the maximum brightness temperature “most
hits” method as proposed by Young et al. (2002) resulted in
pixels consisting of different types of soils in agricultural en-
vironments, with emissivities < 0.95 often being included in
the fitting procedure. This was verified by comparing these
pixels with emissivity information from the ASTER Global
Emissivity Database (ASTER GED) at ∼ 100 m spatial res-
olution (Hulley et al., 2015). Misclassification was usually
worse over scenes with high temperatures, where bare soils
exhibit near-blackbody-like behavior and are confused with
true gray bodies such as dense vegetation. These non-gray-
body pixels violate the intrinsic assumptions of the ISAC
method, leading to errors in the fitting procedure.

To address this issue we developed a spectral variance ap-
proach in which the spectral variance in observed radiance
was calculated for each pixel and only those pixels with low
variance (e.g., a threshold set at less than 8 W m−2) were
assumed to be gray-body pixels suitable for use in the fit-
ting procedure. Using this approach resulted in a very good
match with gray bodies classified according to the ASTER
GED emissivities. The spectral variance approach is a good
assumption for low-altitude flights (1 km a.g.l.) in which ob-
served radiance is still representative of underlying surface
spectral features, and also because the emissivity spectra of
gray-body surfaces such as vegetation, snow, ice, and water
are pseudo-invariant in the 8–12 µm range.

A large fraction of the HyTES target sites including those
over a few key methane hotspots (e.g., Kern River oil field)
were flown over bare regions containing very few gray-body
pixels (e.g., vegetation, water) and an alternative ISAC ap-
proach had to be developed. In this approach, termed the
ISAC-ASTER method, emissivity information from the five
ASTER GED TIR bands from 8 to 12 µm were used directly
in the ISAC fitting procedure instead of relying on the black-
body assumption. ASTER GED emissivities at 100 m spa-
tial resolution were first geolocated and interpolated onto the

Figure 5. Normalized absorption spectra of H2O, CH4, NO2, H2S,
SO2, and NH3 extracted from the HITRAN 2012 database and con-
volved to the HyTES spectral response functions displayed in dif-
ferent wavelength ranges in the thermal infrared from 7.4 to 12 µm.

HyTES scene and then a principal component (PC) regres-
sion approach (Borbas et al., 2007) was used to extend the 5
ASTER band emissivities to the 256 HyTES bands from 7.4
to 12 µm (Hulley et al., 2014).

4 Plume detection methodology

The problem of identifying plumes from trace gas species
in hyperspectral data is based on a set of linear algebraic
expressions that are used to find signals in nonlinear noisy
(cluttered) background data (Funk et al., 2001; Theiler and
Foy, 2006). The challenge is to condense a set of nonlinear
results, radiative transfer through the atmosphere, and hy-
perspectral data, into a linear signal-in-noise problem. This
approximation becomes easier with weaker plumes that are
close to being linear in their effect on the observed signal.
The problem can further be simplified by transforming the ra-
diance data to atmospherically compensated brightness tem-
peratures. Several “matched filter” formulations have been
developed, each with a basic goal of generating a weighting
function based on a given specific target gas signature, and
producing an image using the observed hyperspectral data
in which the intensity of the image correlates with the pres-
ence of the desired signature assumed to be distinct from the
background covariance. Figure 5 shows normalized absorp-
tion spectra extracted from the HITRAN database of various
trace gases including H2O, CH4, NO2, H2S, SO2, and NH3

Atmos. Meas. Tech., 9, 2393–2408, 2016 www.atmos-meas-tech.net/9/2393/2016/
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in different wavelength ranges and convolved to the HyTES
spectral response functions. The strongest CH4 absorption
feature at 7.68 µm has minimal overlap with strong water va-
por absorption features on either side at 7.6 and 7.78 µm, al-
lowing higher signal-to-noise detection during humid con-
ditions. The strongest features of H2S and SO2 are in the
8–9 µm range, while ammonia has distinct spectral features
in the 10–11 µm window range in which H2O absorption is
minimal. A key advantage of HyTES is its higher spectral
resolution with respect to other airborne hyperspectral TIR
sensors (see Table 1), which results in higher sensitivity for
detection of trace gas species, particularly those gases with
sharp spectral features such as H2S and NH3.

4.1 Clutter matched filter (CMF)

Starting with a data cube, L of hyperspectral thermal infrared
data, contains an image of N columns by n rows, where the
columns denote the number of pixels in a given image, and n
denotes the number of spectral channels. The goal is to find
a wavelength-dependent spectral signature, b, which is as-
sumed to be linearly superimposed on the background signal
or clutter. This can be expressed by the following equation:

r =∝ b+ c, (9)

where r is the total radiance and can be modeled as a lin-
ear combination of signal, ∝ b, where ∝ is the strength of a
plume signature, b, and c is a noise term that contains both
sensor noise and scene clutter. The plume signature b is usu-
ally expressed in terms of absorbance, and is typically ex-
tracted from the HITRAN database and convolved to the sen-
sor’s spectral response. Figure 5 shows an example of CH4
and H2O normalized absorbance spectra in the 7.5–8.1 µm
range convolved to the HyTES spectral response. The scene
clutter contains radiance contributions from the ground and
atmosphere, and is defined as noise with cross-spectral cor-
relations. These spectral cross correlations can be written in
terms of a covariance matrix, K:

K= 〈ccT 〉 =
1
N
LLT . (10)

Given the covariance of the background clutter, K, we can
then find the optimum filter vector, q, as follows:

q =
K−1b
√
bTK−1b

, (11)

where q is normalized such that the variance, qTKq = 1.
This ensures that in the absence of the signal, the matched fil-
ter image will have a variance of 1. The final clutter matched
filter (CMF) image, is calculated by applying q to the origi-
nal data cube of radiance:

CMF= qTL. (12)

In order to minimize the effects of striping and other noise
in the data, the CMF is calculated in a matrix column-wise
fashion (along-track) for a given data swath. The CMF result
for each column is then demeaned by subtracting the sample
mean from each observation and dividing by the standard de-
viation using all pixels on the scene. This results in a mean
CMF of zero and standard deviation of 1 for each column of
data. The final CMF will produce an image in which the in-
tensity correlates with the desired plume signature as defined
by b. Values that are classified as outliers in the final CMF
are strong evidence for the presence of the desired signature,
and their significance quantified by number of sigmas of the
distribution; however this metric is only valid if the matched
filter distribution is Gaussian (Funk et al., 2001).

We can further define a dimensionless quantity called the
signal clutter ratio (SCR), which is computed by applying the
signal filter vector in Eq. (11) to the target plume signature,
b:

SCR= qT b. (13)

The SCR can be used as a metric for evaluating the strength
of the desired target signal above background clutter, or the
radiance emitted by other targets in the field of view. Usually
the optimally derived CMF in Eq. (12) will maximize the
SCR values derived in Eq. (13). SCR values are normalized
from [0 1] and values closer to 1 indicate higher confidence
in the presence of the desired gas target pixels in the image
data.

4.2 Plume dilation algorithm

The CMF detection algorithm for HyTES is optimized to de-
tect only the strongest CH4 sources using a five-step process.
The algorithm is designed to minimize false positives while
enhancing plume structure around the strongest sources us-
ing a plume dilation algorithm. This algorithm is used to
provide qualitative information to help attribute emissions to
specific source types and source locations. The CMF can also
be tuned to detect more diffuse CH4 enhancements that could
be the result of advection further downwind from a specific
source. For example, ground surveys have shown that some
of the highest concentrations are found downwind at signifi-
cant distances (hundreds of meters) from the original source
(Leifer, 2014). However, lowering the CMF threshold comes
at the cost of increasing the likelihood of false positives in
the final image.

Once a binary image of the strongest plume pixels is gen-
erated from thresholding the CMF result, a dilation algo-
rithm is used to enhance the structure and edges of the plume
(Broadwater et al., 2008). The binary image is first dilated
within a 2-by-2 pixel neighborhood and then multiplied by
the original CMF detection image. This results in an image
with modified CMF values in the neighborhood immediately
around the original plume pixels. A slightly lower detection
threshold is then applied to the new detection image, result-
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ing in a binary image that is again dilated within a 2-by-2
pixel neighborhood. This process repeats until a minimum
detection threshold is reached based on the initial threshold
set. After each iteration, a contiguity test is applied that re-
moves any pixels with fewer than two neighbors. The re-
sult is an adaptive plume-growing algorithm that finds the
gas plume edges immediately surrounding the strongest gas
plume pixels, while simultaneously reducing any false posi-
tives and noise.

A number of different configurations and thresholds were
tested, which resulted in a final set of steps that both opti-
mized the presence of the strongest gas plume pixels and si-
multaneously reduced any false positives and noise. The re-
sults of the three primary steps are demonstrated in Fig. 6,
which shows a sequence of two methane plumes detected
over the Kern River oil field (top panels) and Four Corners
(bottom panels).

5 Results of field testing

In this section we summarize results of field tests that evalu-
ated the performance of the CMF plume detection and imag-
ing capability for different gases, key emission sectors, and a
variety of surface conditions. This represents a small subset
of a 2-year program, spanning multiple seasons that ranged
from test facilities in Wyoming, to oil and gas fields in Col-
orado and New Mexico, to California’s San Joaquin Valley,
and to the Los Angeles Basin.

5.1 Anthropogenic methane

While HyTES has the ability to detect multiple trace gases,
much of this work focused on improving understanding of
atmospheric methane given its high importance both for sci-
entists and decision-makers as a key climate-forcing green-
house gas and ozone precursor. The atmospheric growth rate
of methane and controlling emission sources remains highly
uncertain at regional to global scales (Dlugokencky et al.,
2009; Kirschke et al., 2013; Miller et al., 2014; Rigby et al.,
2008). Future changes in surface temperatures and precipita-
tion have the potential to dramatically alter natural methane
fluxes from large Arctic reservoirs (Damm et al., 2010;
Kort et al., 2012) and tropical wetlands (Dlugokencky et
al., 2009), while transformational changes in anthropogenic
emissions from fossil fuel production threaten to further in-
crease atmospheric methane abundance (Larsen et al., 2015).
Examples of anthropogenic sources of methane include the
natural gas and oil supply chains (production, storage, trans-
mission, distribution, consumption), agricultural activities
(enteric fermentation, manure management, rice cultivation),
landfills, coal mining, stationary and mobile combustion, and
wastewater treatment (Thomas and Zachariah, 2012). This
work focuses on anthropogenic point source emitters rather
than more diffuse area sources, given that the former are

Figure 6. An example of the three-step plume detection and en-
hancement algorithm for two methane plumes detected over the
Kern River oil field (top panels) and Four Corners (bottom panels),
(a.1, 2) original CMF normalized from [0 1] where brightest pixels
are associated with the presence of the target gas plume, (b.1, 2) a
threshold is set on the CMF using an interquartile range with weight
set to 2.5, and (c.1, 2) final plume image after a plume dilation al-
gorithm is implemented (see text for details).

both uncertain and more readily detectable with TIR imag-
ing spectroscopy.

Detection of methane from infrared measurements is pos-
sible due to the absorption from strong rotational-vibrational
transitions (ν4) in the 7.3–8 µm range that have sufficient
separation from the strong water vapor band centered at
6.3 µm (see Fig. 5). Hyperspectral satellite sensors like
the Infrared Atmospheric Sounding Interferometer (IASI)
(Aires et al., 2002), the Tropospheric Emission Spectrom-
eter (TES) (Beer, 2006), and the Atmospheric Infrared
Sounder (AIRS) (Tobin et al., 2006) are able to take advan-
tage of these absorption characteristics of methane, however
are limited by their coarse spatial resolutions (10 km or more)
and insensitivity to near-surface concentrations due to sensor
saturation issues. Airborne hyperspectral TIR sensors such
as HyTES and others detailed in Table 1 have the imaging
capability of detecting methane emission sources at the scale
of a few meters, allowing improved characterization of in-
dividual point sources towards better understanding of their
distribution.

5.1.1 Oil production example: Kern River oil field

HyTES flew a set of flight lines over 4 days covering the ex-
tent of the Kern River and Kern Front oil fields during June
2014 and February 2015. This is a relatively large (44 km2)

oil field in the greater Bakersfield area of California, densely
populated with production wells, storage, processing, and
distribution infrastructure. Most of the production in this area
relies on thermal enhanced oil recovery technologies (e.g.,
steam flooding). This often results in a mix of CH4 gas and a
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Figure 7. Examples of persistent methane plumes detected by HyTES over oil condensate storage tanks in the Kern Front and Kern River
oil fields near Bakersfield, California. Sources A4 in panels (a) and (b), and B1 in panels (c) and (d) were detected during July 2014 and
February 2015. Plume enhancements are shown in color using the CMF method overlayed on a surface temperature image.

high-temperature steam “cloud” with high water vapor load-
ing, which has the potential for confusing the matched filter
for methane detection resulting in false positives. Together
with the complex terrain and often strong winds this offered
a challenging test of the HyTES detection capability.

HyTES surveyed the Kern River oil field on 8 July 2014
with nine flight lines (each 1 km wide by 10 km long), 10
flight lines on 5 February 2015, and an additional 10 flight
lines on 8 February 2015 at an altitude of 1 km a.g.l. with
a pixel resolution of ∼ 2 m. The 2015 flight campaign was
used to identify persistent sources, to refine the atmospheric
correction and CMF visualization algorithms, and to identify
priority targets for follow-up quantitative retrieval analysis
with a more computationally intensive algorithm (Kuai et al.,
2016). Using the CMF algorithm with a target spectrum of
methane, multiple individual sources of methane were iden-
tified over the Kern River field. A number of these sources
were persistent with detections in July 2014 and February
2015. Repeated detections over time provide confidence in
the detection algorithm, especially when plume shapes and
trajectories correspond well with wind vector and speed ob-
servations from the same day. Examples of two of these per-
sistent plume sources are illustrated in Fig. 7a and b for
source A4 and Fig.7 c and d for source B1. Each panel shows
the CMF for CH4 overlayed on a surface temperature im-

age derived from the HyTES long-wave TIR data. Higher
intensity CMF values in red/yellow are indicative of higher
concentration of the target gas (CH4). Spatial variations in
the plume shapes are caused primarily from fluctuations in
wind direction and speed, and also turbulence. The detected
plumes all had high SCR values ranging from 0.75 to 0.85
and the shapes of all plumes were consistent with the wind
direction derived from local meteorological measurements.
(Note the different wind direction and plume trajectories for
source B1.)

To illustrate the ability to distinguish methane from wa-
ter associated with steam flooding in the Kern River field,
Fig. 8 shows an example of HyTES observed brightness tem-
perature spectrum in the 7.5–8 µm range extracted from an
on-plume and off-plume pixel for a plume detected over a
well pad. The right image in Fig. 8 shows the CMF over-
lay result with the on- and off-plume pixels highlighted. The
off-plume pixel was chosen to be similar in spectral shape
and magnitude as the on-plume pixel, except without the ev-
idence of methane absorption. Both spectra clearly show the
strong water absorption feature in the 7.55–7.76 and 7.85–
7.9 µm regions from ambient atmospheric water vapor load-
ings, while the distinctive CH4 absorption feature between
7.65 and 7.7 µm is only seen for the on-plume pixel with a
difference of ∼ 10 K from the off-plume spectra. Figure 8
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Figure 8. HyTES brightness temperature spectra (left) from 7.5 to 8 µm for an on-plume and off-plume pixel indicated in the CMF tempera-
ture overlay (right) for a plume over the Kern River oil field in July 2014. The presence of H2O features in both the on-plume and off-plume
pixels but only CH4 in the on-plume pixel indicates the latter detection is not a false positive.

Figure 9. HyTES-detected methane plumes over a dairy farm in the San Joaquin Valley, California, during February 2015 displayed in
Google Earth with the methane plume in green overlayed on HyTES grayscale surface temperature retrieval. The dispersion of the detected
plume is consistent with wind measurements in the local area (from NNE at 0.4 m s−1 with gusts to 2.8 m s−1).

clearly shows a distinct separation between the H2O and CH4
absorption features for the on-plume pixel due to the high
spectral resolution of HyTES data (18 nm spectral resolu-
tion).

5.1.2 Manure management example: Bakersfield
dairies

Methane emissions associated with livestock represent the
largest source of methane emissions in California; enteric
fermentation contributes about 35 %, and manure manage-
ment about 30 % of the total budget (EPA, 2011). In addi-
tion to methane, ammonia, hydrogen sulfide, and other oxy-
genated organic compounds are emitted from management
of animal waste (manure). At many dairies in the SJV, waste
is flushed from animal houses into waste lagoons and stor-

age ponds for storage and intermediate treatment (Ham and
DeSutter, 2000; Liang et al., 2002; Ro et al., 2013).

HyTES conducted flights over dairy farms in the vicinity
of Bakersfield during July 2014 and February 2015. Using
the CMF method, HyTES identified methane source emis-
sions from a number of different dairy farms in the south-
ern Bakersfield dairy region that were concentrated primar-
ily over anaerobic lagoons. Figure 9 shows an example of
methane detected over a dairy from a HyTES flight on 8
February 2015. A section of the HyTES swath (∼ 2 km wide)
is shown as grayscale temperature image with methane-
detected pixels overlayed in green. A distinct and localized
methane source can be seen in the vicinity of a covered anaer-
obic lagoon in Fig. 9, and the dispersion of the detected
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Figure 10. Example of HyTES-detected methane (green) with overlay on grayscale surface temperature (left) at the natural gas controlled
release site (inset photograph). Detected methane in the HyTES image is displayed in green with the higher intensity color corresponding
with highest concentration of methane at the release point circled in red.

Table 2. Results from a controlled release experiment on 28 April 2015 where natural gas was released from a∼ 2 m high stack at a pressure-
regulating station near Bakersfield, California. Aircraft altitude, fluxes (SCFH is the standard cubic feet per hour), wind speed, pixel size,
and maximum (dMax) and total values (dTotal) of CH4 calculated from the clutter matched filter (CMF) and CH4 retrieved concentration
values (ppm) are shown, where dMax= [max(CH4)−BKG], and dTotal= [Sum(CH4)−BKG], where BKG is the average CH4 background
value of pixels in which no plume was detected.

CMF results Retrieval results

Altitude Fluxes Wind speed Pixel size dMax dTotal dMax (% error) dTotal
(m) (SCFH, kg h−1) (m s−1) (m) (% error) (ppm) (ppm)

500 1000, 20 1.96 0.782 0.55 (4.5) 158.15 0.98 (12) 6.24
500 500, 10 2.30 0.754 0.49 (2.8) 133.39 0.93 (21) 3.64
500 250, 5 1.94 0.785 0.27 (6.1) 66.56 0.5 (18) 1.29

plume is consistent with wind measurements in the local area
(from NNE at 0.5–3 m s−1).

5.1.3 Controlled release experiment

On 28 April 2015, we worked with Pacific Gas and Elec-
tric to conduct a controlled release of natural gas from one
of their pressure-regulating stations near Bakersfield, Cali-
fornia. Gas was released at three flux rates: 250, 500, and
1000 standard cubic feet per hour (SCFH) (5, 10, and 20 kg
CH4 h−1), with a control accuracy of ∼ 10 %. The test lasted
for about 3 h around solar noon, during which a total of
14 HyTES overpasses were conducted at a flight altitude of
∼ 500 m. Ground measurements included a weather station
and in situ gas analyzers sampling methane mixing rations
1 m above the release point and mobile transects of the down-
wind plume using an automobile. The goal of the experiment
was to establish a minimum threshold of detection for the
HyTES instrument based on a range of flux rates, and better
understand the correlations between the CMF and concentra-
tion retrieval results.

Figure 10 shows an example of HyTES-detected methane
over the controlled release site (shown in photograph) at
19:38 UTC. In the image, higher intensity green pixels corre-
spond to higher methane mole fractions beneath the HyTES
aircraft. The brightest green pixels (red circle) indicate the

approximate location of the release point, while lower in-
tensity pixels can be seen advecting down the road in the
southerly direction, which is consistent with the wind direc-
tion measured nearby at this time (2 m−1 at 20◦).

We also show results from the HyTES CH4 quantita-
tive retrieval algorithm (Kuai et al., 2016) in Table 2 and
Fig. 11. The quantitative retrieval algorithm was developed
and adapted from the algorithm used for retrieving trace
gases from the Tropospheric Emission Spectrometer (TES)
on board the Aura Satellite. Using HyTES radiance spectra
in the 7.5 to 9.2 µm range, the HyTES CH4 quantitative algo-
rithm has been used to retrieve methane partial column mole
fractions with a total error of approximately 20 % using un-
certainties determined primarily from instrument noise and
spectral interferences from air temperature, surface emissiv-
ity, and atmospheric water vapor (Kuai et al., 2016).

Table 2 shows details of the HyTES flight altitude, CH4
flux released, wind speed, pixel size, and values of the max-
imum (dMax) and total accumulated (dTotal) values esti-
mated from the CMF (unitless) and concentration retrieval
(ppm) algorithms. The dMax value of the quantitative re-
trieval represents the maximum methane detection above
background calculated for pixels in the immediate vicinity
of the release point; dMax=max(CH4)−BKG, where BKG
is the average methane background retrieval located away
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Figure 11. Scatter plots of maximum and total CH4 concentration
(ppm) and CMF values (unitless) for three different flux rates (250,
500, 1000 standard cubic feet per hour) at the controlled release
site near Bakersfield, CA, on 28 April 2015. The max values (top
panel) represent the highest concentration/CMF values in the vicin-
ity of the release point above background values, while the total
value (bottom panel) represents the accumulated sum of quantita-
tive/CMF values over the detected plume pixels determined from
thresholding the CMF result. The quantitative retrieval and CMF
results have high correlation (0.992 and 0.988), which gives confi-
dence in using the more efficient CMF method to rapidly detect and
attribute methane plume point sources when compared to the more
rigorous and slower retrieval approach (< 0.1 s pixel−1 for the CMF
as opposed to 12 s pixel−1 on average for the retrieval).

from the plume in the same scene. Similarly for the CMF re-
sult, the dMax represents the pixel with the maximum CMF
value for detected plume pixels above the average back-
ground CMF value. Similarly the total values (dTotal) for
the CMF and quantitative retrieval in Table 2 represent the
sum of all detected plume pixels as identified by threshold-

ing the CMF values; dTotal=
n∑
i=1

CH4(i)−BKG, where n is

the total number of detected plume pixels.
Figure 11 shows scatter plots of dMax and dTotal CH4

mole fraction (ppm) and CMF values (unitless) for the
three different flux rates (250, 500, 1000 SCFH), with both
quantities increasing with flux rate. The error bars for
the CMF were determined from the CMF variance across
detected plume pixels, and for the quantitative retrieval
were determined from the retrieval error analysis of vari-
ous sources (e.g., air temperature, emissivity, water vapor).
The quantitative retrieval and CMF results have high cor-
relation (0.992 and 0.988) for both dMax and dTotal met-
rics, which gives confidence in using the more efficient CMF
method to rapidly detect and attribute methane plume point
sources when compared to the more rigorous and slower re-
trieval approach (< 0.1 s pixel−1 for the CMF as opposed to
∼ 12 s pixel−1 on average for the retrieval). These results also
give confidence in using the CMF and retrieval approaches
in a synergistic manner, for example the CMF approach
could be used to first rapidly detect and identify locations
of methane plumes from a large aerial survey, and using this
information, selected plumes can be quantified in a more rig-
orous manner with full uncertainty statistics using the quan-
titative retrieval approach.

5.2 Multiple chemical species detection

The following section demonstrates a few examples of the
capability of HyTES to detect multiple chemical gas species.
The ability to distinguish between different trace gas signa-
tures within a single plume consisting of several contiguous
pixels is a key advantage of TIR hyperspectral data. The dif-
ferent chemical species that will be shown include NH3, SO2,
H2S, and CH4 and their distinctive features in the infrared
domain from 7.5 to 12 µm are shown in Fig. 5.

5.2.1 El Segundo refinery and power plant, Los
Angeles

HyTES surveyed a refinery and natural gas-fired plant in El
Segundo, California, on 5 July 2014. The purpose of this
flight and other flights over industrial facilities in this re-
gion was to demonstrate the capability of detecting multi-
ple chemical trace gas species simultaneously from different
processes. This capability could be used in the future to effi-
ciently monitor both regulated and fugitive emission sources
in industrial zones that are challenging to detect from the sur-
face. Detection of fugitive emissions from airborne imagery
can provide key information to identify the problem and en-
able mitigation, as well as improve inventories.

HyTES flew two lines over the El Segundo facility at an
altitude of 1.1 km a.g.l. (pixel resolution 2 m). The target ab-
sorption spectra for SO2, NO2, NH3, H2S, and CH4 (Fig. 5)
were extracted from the HITRAN 2012 database and used
simultaneously with the CMF method to observe any en-
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Figure 12. A HyTES multi-species gas detection example showing a Google Earth image (center) of the area covered by a HyTES flight
line over a refinery (magenta outline) and a natural gas power plant (yellow outline) near El Segundo, CA. The insets show HyTES imagery
of five detected trace gases (CH4, NO2, NH3, H2S, and SO2) highlighted in different colors and overlayed on retrieved surface temperature
data in grayscale. Three examples are indicated where two different gases were detected simultaneously within the same plume consisting
of several contiguous pixels; NH3 and NO2 were detected over the refinery at the location a.1/a.2, while at the natural gas power plant, NH3
and H2S were detected at location b.1/b.2, and c.1/c.2 respectively. Small plumes of SO2 (blue) can also clearly be seen being emitted from
areas of the power plant (inset photograph). A distinctive CH4 plume was detected in the southeastern region of the refinery.

hancements in the vicinity of the plant. Figure 12 shows the
area covered by a HyTES flight line over the El Segundo
refinery and a gas-fired power plant. Insets show HyTES im-
agery of the five detected trace gases highlighted in differ-
ent colors and overlayed on retrieved grayscale surface tem-
perature data. Three examples are indicated where two dif-
ferent chemical species were detected simultaneously within
the same plume consisting of several contiguous pixels: NH3
and NO2 were detected over the refinery, while NH3 and
H2S were detected in two distinct plumes over the natu-
ral gas power plant, both highlighted in Fig. 12. A distinc-
tive CH4 plume was also detected in the southeastern re-
gion of the refinery and a SO2 plume was detected at the
power plant. It is beyond the scope of this study to deter-
mine the controlling process for each of these sources; how-
ever, NO2 and SO2 emissions are often products of com-
bustion, and NH3 and H2S are known to be produced from
post-combustion pollution control technologies used in natu-
ral gas-fired power plants. In situ mobile surveys have also
shown elevated methane levels in this vicinity (Francesca
Hopkins, Jet Propulsion Laboratory, personal communica-

tion, 2016). Successful detection of a variety of different
chemical species at such fine scale gives confidence in being
able to detect similar emissions at other combustion power
plants and refineries in addition to detecting SO2 from nat-
ural sources such as over volcanic regions (Realmuto et al.,
1994).

6 Discussion

The results presented here demonstrate the strength of high
spatial resolution TIR imaging spectroscopy for detecting lo-
calized sources for a variety of chemical trace gas species
including CH4, NH3, SO2, H2S, and NO2. Through spec-
troscopic analysis of HyTES TIR imagery using a clutter
matched filter (CMF) approach, we were able to detect el-
evated concentrations of these trace gases in spatial patterns
that, given the winds, appeared to be consistent with emis-
sion plumes from point sources. In most cases we were able
to infer the specific location of these sources down to spatial
scales of a few meters using accurate geolocation informa-
tion provided with the HyTES data.
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Atmospheric methane was detected over a wide variety
of different sources including fugitive emissions from oil
and gas fields, landfills, and dairies. From the 2014 and
2015 HyTES data campaigns, more than 100 individual point
sources of methane were characterized in the Kern River and
Elk Hills oil and gas fields in the SJV, with most emissions
originating from large infrastructure such as storage and pro-
cessing facilities, and distribution pipes, rather than active
well heads.

CMF plume imagery are useful for rapidly identifying
the location of large and persistent point source emissions,
including attribution of source types. This information has
been used to focus subsequent analysis with more computa-
tionally intensive, quantitative retrieval algorithms (Kuai et
al., 2016). “Quicklook” CMF images can be generated on
demand for any specific target gas within a few hours of the
observation time, although not part of routine HyTES pro-
cessing, to assist with rapid deployment of ground teams to
measure in situ concentrations of the identified plumes using
various instruments such as open-path in situ gas analyzers
and thermal infrared cameras.

7 Conclusion

This study demonstrates the capability of the HyTES to de-
tect and characterize atmospheric plumes of multiple trace
gas species (CH4, H2S, NH3, NO2, and SO2) for individual
emission sources at high spatial resolution over larger areas
(100s of km2) under representative field conditions. HyTES
produces wide-swath thermal infrared (TIR) images at high
spectral (256 bands from 7.5 to 12 µm) and spatial resolu-
tion (∼ 2 m at 1 km altitude), and presents a major advance
in airborne TIR hyperspectral remote sensing measurements.
HyTES can characterize the spatial extent and identify the
specific source for individual gas plumes for moderate to
strong emitters. Of particular interest is the characterization
of methane point sources that remain highly uncertain.

Three HyTES science campaigns during the summer of
2014 and winter/spring of 2015 targeted a variety of trace gas
sources such as oil fields, gas pipelines, landfills, and dairies
in the state of California. Using a hybrid clutter matched fil-
ter (CMF) technique and plume dilation algorithm, HyTES
successfully detected more than 100 discrete and persistent
methane sources over the oil and dairy farms in the San
Joaquin Valley (SJV), California. Spatial patterns of methane
plumes detected by HyTES were consistent with coincident
in situ methane profile and wind measurements at the sur-
face and from other aircraft. In addition to the HyTES plume
detection/attribution capability, a HyTES methane concen-
tration retrieval algorithm was developed and adapted from
the algorithm used for retrieving trace gases from the TES
instrument on board the Aura Satellite.

A controlled release experiment of methane gas in the
Bakersfield region demonstrated that HyTES could detect
methane fluxes as small as 250 SCFH (5 kg CH4 h−1) at

500 m flight altitude with∼ 2 m s−1 winds. The controlled re-
lease results also showed high correlation between the CMF
and concentration retrieval results, which gives confidence
in using these two approaches in a synergistic manner. For
example, the CMF approach could be used to first rapidly
detect and identify locations of methane plumes from broad
aerial surveys, and then guide focused application of the full
methane algorithm to generate quantitative estimates in a
more rigorous manner with a full set of uncertainty statistics
to help address key science questions.

The quantitative retrieval capability combined with high-
resolution wind data will be used in the future to support
emission flux estimation of methane point sources. The high
spatial resolution imaging capability of HyTES for methane
and other trace gas plumes will help fill an important niche
in tiered observing strategies by complementing the larger
coverage but coarser spatial resolution offered by satellite
methane observations and high measurement accuracy of
mobile surface in situ observations. Collectively, these mea-
surement systems offer new tools for improving scientific
understanding and decision-making associated with methane
emission sources.

Data availability

HyTES L2 and L3 data are available for ordering free of
charge at http://hytes.jpl.nasa.gov/order (Jet Propulsion Lab-
oratory, 2016).
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