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Abstract

Sensitivity Analysis for Mapping Methane with Airborne and Satellite Imaging Spectrometers

by

Alana Kaleikaumaka Ayasse

Atmospheric methane has been increasing in concentration since the beginning of the In-

dustrial Era due to anthropogenic emissions. Methane has many anthropogenic sources, in-

cluding the oil and gas industries, agriculture, and waste management. There continues to be

considerable uncertainty regarding the contribution of each source to the total methane budget;

therefore, remote sensing techniques for monitoring and measuring methane emissions are of

increasing interest. Imaging spectrometers have proven to be a valuable instrument for quan-

titative mapping of point source methane plumes. However, there are significant uncertainties

regarding the sensitivity of the retrieval algorithms, including the influence of albedo, the im-

pact of surfaces that may cause spurious signals, aerosols, and the influence of the wind speed

on flux estimations. In addition, questions remain regarding the potential to move these sen-

sors from airborne platforms to satellites. I explore these sensitivities to help improve accurate

mapping of this important greenhouse gas. I also explore the possibility to expand our ability

to map point sources methane plumes from a a local scale to a global scale. The findings from

this study help define the accuracy and limitations of current and future systems for methane

mapping and outline what is needed in order to map point source methane globally.
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Chapter 1

Introduction

1.1 Atmospheric Methane

Methane (CH4) is a potent greenhouse gas that contributes significantly to global climate

change. It is the second most important greenhouse gas after carbon dioxide. While there

is significantly more carbon dioxide than methane in the atmosphere a single molecule of

methane has 86 times more radiative forcing abilites than carbon dioxide. [1]. Overall methane

is estimated to be responsible for about 20 percent of all global warming. [2]. In addition

methane has a much shorter atmospheric life time than carbon dioxide, 12-15 years versus

100 year. Consequently, methane makes an excellent mitigation target. However, in order to

effectively reduced emissions, it is important to understand, at a source specific scale, where

emissions are coming from.

Methane emissions have both natural and anthropogenic sources; natural sources are thought

to make up about 40 percent of methane emissions while anthropogenic sources make up the

other 60 percent [3]. While natural methane emissions have existed long before humans, an-

thropogenic methane emissions have increased substantially due to human activities and are

now contributing to global climate change. Anthropogenic methane emissions come from three
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Figure 1.1: Methane emissions in million tonnes (MT) per year by sector. [3]

major sectors: the energy sector, agriculture (specifically livestock), and the waste management

industry. Figure 1.1 shows the relative amount of methane from the three major anthropogenic

sources as well as the major natural source. Traditional methods of studying methane from

these sources, such as scientific aviation, flux towers, and large-scale satellite data, have made

significant progress in constraining the methane budget [4, 5, 6, 7]. However, these techniques

lack the ability to directly attribute a methane emission plume to a specific source. For ex-

ample, traditional methods can characterize the basin wide flux from an area with heavy oil

and gas infrastructure but cannot pinpoint which well, compressor station, or storage tank is

emitting methane. In order to effectively target mitigation efforts, knowledge of the specific

emitting source is important.

Recently the Airborne Visible InfraRed Imaging Spectrometer Next Generation (AVIRIS-

NG) and similar imaging spectrometers have been used to map methane plumes. These instru-

ments can map methane plumes, quantify the size and flux of the plume, and directly attribute

the plume to a specific source. However, AVIRIS-NG can only monitor a limited area and
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satellite platforms are needed to understand global emissions. Expanding this type of work is

key to enacting an effective mitigation strategy.

1.2 Imaging Spectrometers and Absorption Spectroscopy

Imaging spectrometers are a class of remote sensing instruments defined by a narrow spec-

tral bandwidth and a high number of bands. Traditionally this class of instruments has a ∼10

nm spectral spacing and >100 bands. AVIRIS-NG, an imaging spectrometer that is featured

heavily throughout this work, is a push-broom instrument with a 36-degree Field of View

(FOV) and 432 spectral channels between 380 and 2510 nm, with a 5 nm spectral spacing and

a 6 nm Full Width Half Maximum (FWHM) [8]. See Table 1.1 for more details on AVIRIS-

NG. AVIRIS-NG and other operational imaging spectrometers, such as the National Earth

Observation Network Airborne Observation Platform (NEON AOP) and the Global Airborne

Observatory (GAO) [9, 10] were originally designed as instruments to map terrestrial surfaces.

The high spectral resolution and sampling can identify different physical and biological charac-

teristics of soils, rocks, and plants [11]. However, imaging spectrometers are also very sensitive

to the atmosphere including absorption by greenhouse gases.

Table 1.1: AVIRIS-NG specifications and characteristics.
Parameter Value

Wavelength 380 nm to 2510 nm
FWHM 6 nm

Spectral Resolution 5 nm
Field of View 36 degrees

Spatial Sampling 1 mrad
Spatial Resolution 0.3 to 20 m
SNR @ 600 nm 2000 nm
SNR @ 2200 nm 1000 nm

Greenhouse gases, like methane, have specific absorption bands in infrared wavelengths.
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These are due to vibrational and rotational absorptions caused by bonds between atoms with

in the gas molecules. In the case of methane, this is the carbon and hydrogen bonds. Methane

specifically has its fundamental absorption features in the mid and thermal infrared [12], which

are outside of the wavelength ranges of AVIRIS-NG and most Visible Infrared and Short Wave

InfraRed (VISWIR) imaging spectrometers. However, overtones and combinations of the fun-

damental vibrational models produce weaker but significant absorption features in the short-

wave infrared (SWIR) which is within the wavelength range of some imaging spectrometers,

like AVIRIS-NG. Water vapor and carbon dioxide, two other dominate greenhouse gases, also

have absorption features in the SWIR that overlap partially with methane [13, 14]. This leaves

two small windows where we can see methane. The first window is around 1600 nm, where

the methane is distinct but has a weak absorption. The second, and more commonly used

window, is around 2300 nm, where methane is the strongest absorber at typical atmospheric

concentrations [15] (Figure 1.2).

Figure 1.2: The transmittance spectra of methane, water vapor, and carbon dioxide in the
short-wave infrared. Note the area around 2300 nm where methane is the primary absorber.

The depth of the absorption feature can be described using Beer-Lambert’s law which states
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that the attenuation or absorption of light is directly related to the materials through which the

light is traveling. Transmitted radiance decreases exponentially as a product of the number

of absorbers and the strength of the absorber. The strength of the absorber, or the absorption

coefficient, is wavelength dependent. In the case of atmospheric methane, the absorption coef-

ficient for a molecule of methane at a given wavelength is known and is static. The number of

absorbers is a function of both concentration of methane and the pathlength (distance) along

which light travels. Thus, if path lengths are equivalent, we can assume that a deeper absorp-

tion feature indicates more methane in the air column. This information can be applied to

imaging spectrometer data and is the physical basis behind detecting and quantifying methane

with imaging spectrometers.

1.3 Mapping Methane with AVIRIS-NG

The use of remote sensing to map methane is well established. Historically methane has

been mapped using atmospheric sounders such as the Atmospheric Infrared Sounder (AIRS)

[16]or high spectral resolution and low spatial resolution non- imaging spectrometers such

as the SCanning Imaging Absorption spectroMeter for Atmospheric CartograpHY (SCIA-

MACHY) aboard Envisat [17] or the TROPOspheric Monitoring Instrument (TROPOMI) [18].

The use of an imaging spectrometer, such as AVIRIS-NG, to map methane is a much more re-

cent development. Since 2010 the use of imaging spectrometers to map methane has gone

from a proof-of-concept to an integral part of our carbon monitoring system. In 2010, Roberts

et al. published the first paper that demonstrated imaging spectrometers could be used to map

methane [15]. Previous studies had only used imaging spectrometers to map other greenhouse

gasses such as water vapor and carbon dioxide. Water vapor and carbon dioxide are far more

abundant in the atmosphere, and therefore their spectral signatures are more prominent. While

methane has a relatively high absorption coefficient in the SWIR compared to water vapor
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and carbon dioxide, much lower concentrations produce a smaller signature. In order to show

that methane could also be mapped with an imaging spectrometer, Roberts et al. (2010) took

advantage of sun glint over the Coal Oil Point methane seep and was able to map a methane

signature. In 2011 Bradley et al. further proved that methane could be mapped with an imaging

spectrometer by developing a SWIR band ratio technique [19]. This again used sun glint over

the Coal Oil Point methane seep. Although the band ratio worked well for sun glint, it was

not an optimal technique for more spectrally diverse surfaces. In order to map methane over a

diversity of surfaces, Thorpe et al. (2012) applied a cluster tuned matched filter to AVIRIS data

to map methane [20]. The cluster tuned matched filter has previously been used to map weak

gas signatures in thermal hyperspectral imagery[21]. This was successfully applied at the Coal

Oil Point seep and in 2013 it was applied over a spectrally diverse area as well [22]. By show-

ing that methane could be mapped over a spectrally diverse setting, they also demonstrated

that methane emissions from anthropogenetic sources could be targeted with this technique.

The cluster tuned matched filter could identify a methane plume, but it could not provide the

total abundance of methane in the plume. Quantitative gas mapping using remote sensing had

been used in other missions such as SCIAMACHY [23]. However, those sensors had very fine

spectral resolution, which made a quantitative estimate of the abundance of gas slightly easier.

In 2014 Thorpe et al. successfully applied the quantitative retrieval used on SCIAMACHY

data to AVIRIS-NG data and proved that not only can we detect methane, but we can also

quantitatively measure the amount of methane in an air-column with an imaging spectrometer

[24].

From then on, mapping methane with an imaging spectrometer moved away from a strictly

proof of concept exercise to being applied to do carbon science. Frankenberg et al. (2016)

applied the AVIRIS-NG instrument to map oil and gas related plumes in the Four Corners area.

This study showed how this instrument could map the size, distribution, and exact sources of

point source methane plumes over a large area [25]. At the end of 2015 and into the beginning
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of 2016, the Aliso Canyon gas storage facility had a major well blowout that released a record

amount of methane into the atmosphere. Thompson et al. (2016) were able to harness the now

defunct satellite imaging spectrometer Hyperion to map the blowout [26]. This study showed

that there was potential to not only use an airborne instrument to map point source plumes but

also that satellite imaging spectrometers could potentially do it as well.

Beginning in 2016 the AVIRIS-NG instrument began to fly hundreds of methane specific

flights over potential methane sources in California. This work culminated in a 2019 paper

published in Nature that showed exactly which sources in California were emitting the most

methane and provided a clear path forward for how this type of work could be used to target

the highest emitting facilities and significantly reduce methane emissions [27]. Also, in 2019

more work was published supporting the possibility to map point source emissions with imag-

ing spectrometers. Work presented in this dissertation (chapter 3) and Cusworth et al. (2019)

both showed that upcoming imaging spectrometers missions have the capability for mapping

methane [28, 29]. In addition, private aerospace companies, such as GHGSat, began experi-

menting with using imaging spectrometers to map point source methane plumes from space

[30]. By 2020 AVIRIS-NG and similar instruments have become an integral part of the car-

bon observatory and are being integrated with other data sources to provide a holistic view of

carbon emissions [31].

1.4 Research Motivation and Summary of Chapters

As mapping methane with imaging spectrometers is integrated into the global carbon moni-

toring efforts and more instruments similar to AVIRIS-NG are launched into space, it is critical

to understand the capabilities and sensitivities of these instruments. The motivation behind this

dissertation is to better understand what factors can affect methane detection. The key factors

include the underlying land cover and the wind speed at the time of the image acquisition to the
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spatial resolution and signal-to-noise ratio of the sensor. Throughout this dissertation I also ex-

plore how synthetic images can be created and used to test the sensitivity to the aforementioned

factors.

In Chapter 2, I use synthetic AVIRIS-NG images to understand how the underlying land

cover can affect methane detection. I quantitatively show how and why albedo is the most

significant source of error in methane mapping. I also show how surfaces with an absorption

feature similar to the methane absorption feature can act as confusers and also cause a large

amount of error in the results. Lastly, I show that the land cover is a larger source of error than

aerosols.

In Chapter 3, I use the methods developed to create the synthetic images to develop images

that represent data from proposed satellite sensors. I then use these images to test the capabili-

ties of measuring methane from space. I show that point source methane plumes from a variety

of anthropogenic sources can be mapped with these proposed imaging spectrometers. I also

show, that spatial resolution may be the most important factor for accurately mapping methane

plumes.

Lastly, in chapter 4, I look more closely at the effect of spatial resolution and the effects

that wind speed and flux rates have on methane detection. Here I utilize synthetic images to

quantitatively determine methane detection thresholds. I then apply the threshold to Large

Eddy Simulation (LES) plumes. The LES plumes allow for the isolation and analysis of the

effect of wind speed and spatial resolution on the detection limits and how errors propagate

into the calculated flux.

The results from this study are crucial for advancing the understanding of the sensitivities

and limitation of mapping methane with imaging spectrometers. Without these results, we

cannot know if the design of the instruments will be able to map the methane plumes of interest.

These results also will help to inform best practices when applying the data to real world

challenges. Lastly, this study provides an analysis of the instrumentation and methods needed
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to map point source methane globally.
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Chapter 2

Evaluating the Effects of Surface

Properties on Methane Retrievals Using a

Synthetic AVIRIS-NG Image

With Andrew K Thorpe, Dar A Roberts, Christian Frankenberg, Andrew D Aubrey, Philip E

Dennison, Christopher C Funk, and Andrea Teffke

This chapter is based off a manuscript published in the journal Remote Sensing of Environ-

ment:

Ayasse, A.K.; Thorpe, A.K.; Roberts, D.A.; Frankenberg, C.; Aubrey, A.D.; Dennison, P.E.;

Funk, C.C.; Teffke, A. Evaluating the effects of surface properties on methane retrievals using a

synthetic airborne visible/infrared imaging spectrometer next generation (AVIRIS-NG) image.

Remote Sens. Environ. 2018, 215, 386–397.
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2.1 Abstract

Atmospheric methane has been increasing since the beginning of the industrial era due to

anthropogenic emissions. Methane has many sources, both natural and anthropogenic, and

there continues to be considerable uncertainty regarding the contribution of each source to

the total methane budget. Thus, remote sensing techniques for monitoring and measuring

methane emissions are of increasing interest. Recently, the Airborne Visible-Infrared Imag-

ing Spectrometer - Next Generation (AVIRIS-NG) has proven to be a valuable instrument for

quantitative mapping of methane plumes. Despite this success, uncertainties remain regard-

ing the sensitivity of the retrieval algorithms, including the influence of albedo and the impact

of surfaces that may cause spurious signals. To explore these sensitivities, we applied the

Iterative Maximum a Posterior Differential Optical Absorption Spectroscopy (IMAP-DOAS)

methane retrieval algorithm to synthetic reflected radiances with variable methane concentra-

tions, albedo, surface cover, and aerosols. This allowed for characterizing retrieval perfor-

mance, including potential sensitivity to variable surfaces, low albedo surfaces, and surfaces

known to cause spurious signals. We found that dark surfaces (below 0.10 µWcm−2nm−1sr−1

at 2139 nm), such as water and green vegetation, and materials with absorption features in the

2200 - 2400 nm range caused higher errors in retrieval results. We also found that aerosols

have little influence on retrievals in the SWIR. Results from the synthetic scene are consistent

with those observed in IMAP-DOAS retrievals for real AVIRIS-NG scenes containing methane

plumes from a waste dairy lagoon and coal mine ventilation shafts. Understanding the effect

of surface properties on methane retrievals is important given the increased use of AVIRIS-NG

to map gas plumes from a diversity of sources over variable landscapes.
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2.2 Introduction

Methane (CH4) is a potent greenhouse gas that contributes significantly to global climate

change. Methane is estimated to be responsible for about 20 percent of the total global warming

induced by anthropogenic greenhouse gases [2] and abundances have been increasing since the

industrial revolution [32]. However, from 1999 to 2006 the growth rate stagnated only to rise

again starting in 2007 [33, 34]. The cause of this stagnation and subsequent rise is still debated.

Some argue that the increase in methane is due to the natural gas industry while others argue

it is due to increased emissions from wetlands [35, 36, 37]. Other studies point to changes in

the methane lifetime [38, 39]. Regardless of cause, the recent unexpected rise in methane re-

flects our uncertainty regarding the contribution of various sources to the total methane budget.

In addition, recent increases in atmospheric methane have revived concern about its relative

contribution to global warming, which has resulted in some states, such as California, enact-

ing new regulations to curb emissions (SB-1383, Lara, 2016; AB-1496, Thurmond, 2015).

These policy measures underscore the importance of unraveling sectoral contributions through

deployment of effective techniques for monitoring and quantifying methane emissions.

Using remote sensing to study greenhouse gases, such as methane, has gained promi-

nence over the last decade [40]. There have been a variety of instruments launched into space

with the goal of observing methane and other greenhouse gases. The Atmospheric Infrared

Sounder (AIRS), the SCanning Imaging Absorption SpectroMeter for Atmospheric CHartog-

raphY (SCIAMACHY), and the Greenhouse gases Observing SATellite (GOSAT) are three

such examples [41, 42, 43]. These sensors generate global maps of gas concentrations with

coarse spatial resolutions on the order of kilometers. AIRS, SCIAMACHY, and GOSAT have

greatly increased our understanding of global methane distribution and quantity, but lack the

spatial resolution to directly attribute observed emissions to individual sources. Finer spatial

resolution sensors are necessary to improve sensitivity to local emissions sources. For exam-
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ple, the 30 m pixel resolution of the Hyperion imaging spectrometer enabled the space-based

detection of a methane plume from Aliso Canyon [26]. However, the Aliso Canyon plume was

anomalously large and Hyperion was not well suited for methane detection given an aged focal

plane at the time of detection and low signal-to-noise ratio in wavelength regions capturing

methane absorption [44].

In addition to space-based observations, airborne observations have also been used to detect

and measure methane. Airborne remote sensing has fine spatial resolution and is well suited to

resolving individual sources, although these retrievals are limited in time. Current airborne sen-

sors used to measure methane emissions include the Methane Airborne MAPper (MAMAP),

a non-imaging spectrometer specifically designed to map methane and carbon dioxide [45].

This sensor was able to obtain flux estimates from point sources such as landfills and coal mine

ventilation shafts [46, 47]. MAMAP and other similar sensors are able to make very accurate

column concentration estimates but must fly many downwind transects in order to map a full

plume. This makes detection of emissions from unknown sources difficult, and these sensors

are best suited for studying known methane sources. More recently, imaging spectrometers

have been used to map methane. Thermal imaging spectrometers such as Mako and the Hyper-

spectral Thermal Emission Spectrometer (HyTES) have successfully mapped methane plumes

from multiple sources [48, 49]. However, the sensitivity of these sensors to emissions near the

ground depends on the thermal contrast between the ground and atmosphere and decreases as

flight altitude increase, which in turn limits ground coverage.

The Airborne Visible and Infrared Imaging Spectrometer (AVIRIS) and the Next Genera-

tion instrument (AVIRIS-NG) are imaging spectrometers that measure reflected solar radiation

in the visible and shortwave infrared (VSWIR) and have also been used to map methane emis-

sions [25, 15, 50, 51, 22]. AVIRIS measures a spectral range between 400 and 2500 nm and has

a 10 nm spectral sampling [11] while AVIRIS-NG measures the same spectral range with 5 nm

spectral sampling and improved signal to noise ratio (SNR) [8]. AVIRIS-NG has a 34 degree
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field of view with a 1 milliradian instantaneous field of view that results in spatial resolutions

that typically range between 1 to 8 meters depending on the flight altitude. These sensors were

not originally designed to map greenhouse gases but their sensitivity to gas absorption features

between 900 nm and 2500 nm has allowed for detection and quantitative mapping of methane,

carbon dioxide, and water vapor [19, 52, 53, 15, 51]. Recently, quantitative retrievals have been

developed to estimate column concentrations of methane from AVIRIS-NG data [50, 51, 24].

For example, the Iterative Maximum a Posterior Differential Optical Absorption Spectroscopy

algorithm (IMAP-DOAS) [23] was adapted for AVIRIS-NG [51]. Success using AVIRIS-NG

for methane mapping has prompted multiple flight campaigns in the Western United States

focused on mapping methane emissions from the energy sector [50, 25, 51].

Although AVIRIS-NG has been used successfully to map methane plumes, there are still

uncertainties regarding the sensitivity of the retrieval algorithms, including the influence of

albedo on results and the impact of surfaces that can cause spurious signals. Low albedo

surfaces reduce the observable difference in reflected radiance between a background methane

concentrations and enhanced concentrations. At the 5 nm spectral sampling of AVIRIS-NG,

surfaces with absorption features in the shortwave infrared can mimic the absorptions caused by

methane. In this study, we apply the IMAP-DOAS algorithm to a synthetic image with variable

methane concentrations, surfaces, and albedo. In an observed AVIRIS-NG scene we cannot

control the exact column concentration of a gas, but synthetic radiances based on accurate

radiative transfer modeling allows us to control these values and therefore test the accuracy

of the algorithms used to estimate the gas concentrations [52, 54, 55]. In addition, the land

cover properties, such as albedo and surface type, can be controlled, allowing us to test the

sensitivity of the algorithms to these factors. The ability to manipulate these parameters allows

us to quantify how the retrieval algorithm is impacted by variations in albedo, surface type,

and specific surfaces known to cause spurious signals in order to improve our understanding

of retrieval results. In this study, we will first create a synthetic image, run the IMAP-DOAS
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retrievals algorithm on the synthetic image, and then compare the retrieved CH4 values to the

known values.

2.3 Methods

The general method for this study is to create a synthetic image and to run the IMAP-

DOAS algorithm on the synthetic image. Figure 2.1 summarizes the workflow for creating

the synthetic image and the steps to achieve the results discussed subsequently. Details on the

synthetic image and IMAP-DOAS algorithm are discussed below.

Figure 2.1: Workflow framework for the study.

2.3.1 Synthetic Image

The synthetic image used in this study consists of three main components; it has 30 dif-

ferent surface types modeled at 50 surface albedos and 25 different methane concentrations.

MODTRAN 5.3, a radiative transfer model, was used to simulate reflected solar radiance spec-

tra for the synthetic image [56]. MODTRAN is commonly used to create lookup tables for

many atmospheric correction algorithms including ACORN [57, 58] FLAASH [59, 60] , and

ATCOR [53, 61]. It has also been used in a similar way to retrieve water vapor and carbon

dioxide from AVIRIS images [53]. We generated a radiance look up table that consisted of
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radiance files with 1,000 brightness levels and 25 methane concentrations. The methane con-

centration within the lowest 1 km of the atmosphere, intended to simulate a methane plume or

local emission source, ranged from 0 ppm to 12.5 ppm above a background of 1.864 ppm with

a 0.5 ppm step (Figure 2.2 ). The MODTRAN atmospheric profiles used to generate these syn-

thetic radiances were modified to match profiles used in the IMAP-DOAS retrieval. Assuming

a 4 km sensor height and a nadir view zenith angle, two-way transmittance (upwelling and

downwelling) was calculated for the atmospheric layers below the sensor, including the 1 km

layer with variable methane concentrations (Figure 2.2). The solar reflected radiance was then

convolved to the AVIRIS-NG wavelengths using the AVIRIS-NG sensor response function;

this produced 432 bands with approximately 5 nm full width half maximum.

The additional atmospheric and geometric variables included in the model were held con-

stant and are listed in Table 2.1. These variables reflect typical conditions under which AVIRIS-

NG data are collected. The sensor height in the original studies using AVIRIS Classic to de-

tect methane was 8.95 km [19, 15]. Recent AVIRIS-NG flight campaigns that have targeted

methane emissions had sensor heights ranging from 0.43 to 3.8 km with the average around

3 km [27, 62]. In this study, a height of 4 km was chosen to reflect the upper limit of typical

AVIRIS-NG flights for methane mapping. Given this sensor height, methane concentrations

were calculated in units of mixing ratio-path length (ppm-m) for the 0 to 4 km layer to permit

direct comparison between the modeled concentrations in the synthetic image and the IMAP-

DOAS retrieval results. The volume mixing ratios (VMRs) generated by MODTRAN for each

kilometer layer of the 0-4 km layer were multiplied by 1000 m and summed. The lowest

methane concentration modeled in the image is 6,264 ppm-m and the highest concentration,

with a 12.5 ppm enhancement above background, is 18,764 ppm-m. The background car-

bon dioxide, water vapor, location, date, and time of day all represent typical conditions for

AVIRIS-NG data collection. The MODTRAN visibility was set at 30 km for a rural atmo-

sphere, including scattering components comprised of 70 percent ammonium, calcium sulfate,
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and other organic compounds and 30 percent dust like aerosols [63]. Additional testing was

done to determine that a single visibility was sufficient.

Scattering from aerosols in the atmosphere is hypothesized to have a minimal impact on

AVIRIS-NG methane retrievals due to the small amount of scattering in the shortwave infrared

(SWIR 1100 to 3000 nm) [52]. In order to test this assumption and to be confident that the

use of a single 30 km visibility was sufficient, we created a small synthetic image with all of

the same attributes described below but with a 5 km visibility for a rural atmosphere. The

30 km visibility atmosphere has a total column extinction coefficient of 0.177 and the 5 km

visibility atmosphere has a 1.082 total column extinction coefficient (MODTRAN normalizes

the extinction coefficient to 1 at 550 nm). The 5 km visibility value was chosen because it

is an extreme example, therefore any effects from aerosols should be apparent based on the

differences between 5 and 30 km visibility. This image had the same variable land cover and

albedo (described below) but only had three methane concentration (1.864 ppm, 2.864 ppm,

9.864 ppm). The IMAP-DOAS algorithm was run on this image in the same way described

later (see Section 2.3.2) and the results are reported in Section 2.4.

The spectra selected for this study represent surface types common in both natural and

urban areas. The surfaces include common cover types imaged by AVIRIS-NG and surfaces

hypothesized to be challenging for methane mapping. The majority of the surface spectra used

to construct the synthetic image were derived from a spectral library originally developed by

Roberts et al. (2017) that consists of spectra representing urban and natural environments in

Southern California [64]. The spectra were originally collected from a combination of Analyt-

ical Spectral Device (ASD) measurements and AVIRIS Classic data. Two additional spectra

were obtained from other sources, a calcite spectrum from the US Geological Survey and oil

coated vegetation from an AVIRIS Classic image of the Louisiana coastline following the Deep

Water Horizon oil spill [65]. The spectral library was convolved and resampled to AVIRIS-NG

band centers and full-width half maxima. The surface types are broken up into eight main
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Table 2.1: AVIRIS-NG inputs for the MODTRAN simulation. The attributes are the environ-
mental factors affecting the radiative transfer model and the values are the modeled values.
All attributes remain constant except for albedo and methane.

Attribute Values

Sensor height 4 km
Wavelengths 350-2500 nm

Carbon dioxide 405 ppm
Water Vapor 1.535 cm

Visibility 30 km
View zenith angle 0 degrees

Latitude 34.1
Longitude -118.4

Day of Year 262
Time (UTC) 21.30

Solar Zenith Angle 29.77 degrees
Methane (1 km layer) 1.864-14.364 ppm

categories: Green Vegetation (GV), Non-Photosynthetic Vegetation (NPV), soil (or bare soil),

water, paved material, roofs, rocks, and “confusers”. Previous studies have hypothesized that

surfaces with strong hydrocarbon absorptions can be potential confusers[22] , therefore the

spectra in the confuser class were selected because they contained hydrocarbons or similar

SWIR absorptions, which might interfere with the methane absorption features. This class

consists of materials such as white painted commercial roof (WPCR), calcite, plastic cov-

ered vegetation (greenhouse), and oil-coated vegetation. The individual spectra used in all the

classes are listed below in Table 2.2.

The spectral library reflectance data were converted to radiance using the aforementioned

look up table. For each wavelength of each reflectance spectrum, the reflectance value was

matched with the closest simulated reflectance value for a specified methane concentration

[52]. The corresponding radiance from the lookup table was then extracted, and the process

was repeated for the next wavelength. This was then repeated for every methane concentration

and every reflectance spectrum, to create a synthetic image of radiance spectra with known
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Figure 2.2: The left panel is the methane profile modeled by MODTRAN for an atmosphere
with no methane enhancement. The bottom 0-4 km layer is plotted on a different scale then
the 5-100 km layer. The middle panel is a schematic of how the synthetic image models
methane in the atmosphere. The far right panel shows IMAP-DOAS retrieval layers, and
the light blue layer is below the sensor where the algorithm allows for methane perturbation.
For the IMAP-DOAS retrieval, the methane profile above the sensor (white layer) remains
constant. The red square represents the sensor and the red line represents transmittance path
from the sun to the sensor.

atmospheric parameters.

The layout of the synthetic image is such that there are 30 “boxes” on the grid, and each

box represents a single background spectrum. The bottom half of the box has methane con-

centrations grading from 0 to 12.5 ppm above background in 25 steps. The top half of the box

uses background methane throughout the entire atmosphere. The reflectance of the background

spectrum varied from 2 percent on the left to 52 percent on the right. Figure 2.3 depicts how

the surface type, methane, and albedo vary across the image. The gridded layout allowed for

easy visual analysis of the performance of IMAP-DOAS algorithm. A noise component aimed

at mimicking sensor noise was added using noise equivalent delta radiance (NEdL) to param-
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eterize random noise [52]. NEdL is the minimum change in radiance distinguishable from

sensor noise and varies by wavelength and radiance level. For each pixel at each wavelength,

the NEdL value is calculated by using the original radiance value and NEdL coefficients that

were calculated by Dennison et al. (2013) [52]. A random number between 0 and 2 was gen-

erated and multiplied by the NEdL value so that different amounts of noise were added to each

pixel with the average amount being the original NEdL value. The result was then added to

the original radiance value. The purpose of varying NEdL was not to simulate the radiance

distribution of sensor noise, but rather to create random but true to life variation in each pixel.

The total size of the image was 500 by 612 pixels.
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Table 2.2: The surface type and spectra used to create the synthetic image.
Land Cover Class Surface Name

Confusers Oil coated vegetation
White painted commercial roof 1 (WPCR1)

Calcite
Plastic covered crops

White painted commercial roof 2 (WPCR2)
White painted commercial roof 3 (WPCR3)

Green Vegetation (GV) Ceanothus (CEME)
Wetland Vegetation (MARSH)

Coyote brush (BAPI)
Willow (SASP)

Golf course grass
Palm tree

Water Hope Lake
Ocean water (glint)

Non-Photosynthetic Vegetation (NPV) Dead grass
Evergreen bark

Bark
Needle litter

Paved Surface Airport asphalt
Concrete bridge

Concrete parking structure 1
Concrete parking structure 2

Tennis court
Roof Asphalt and gravel roof

Red tile roof
Soil Soil 1

Soil 2
Soil 3
Soil 4
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Figure 2.3: The organization of the synthetic image. A. The location of the surface types in
the synthetic image. B. The modeled albedo levels for each background spectrum varied from
2 percent on the left to 52 percent on the right. C. The modeled methane concentrations in
ppm-m for the atmosphere between 0 and 4 km.
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2.3.2 The IMAP-DOAS Retrieval Algorithm

Based on the Beer-Lambert law, Differential Optical Absorption Spectroscopy (DOAS) de-

scribes the relationship between incident intensity for the vertical column and measured inten-

sity after passing through a light path containing an absorber [66]. The IMAP-DOAS retrieval

incorporates optimal estimation theory to adjust the column densities of gases until there is

optimal agreement between the measured and modeled radiances [67] and has been modified

for use with AVIRIS-NG [51]. For this study, IMAP-DOAS was setup to model reflected solar

radiation using a two layer model. Above the aircraft, the vertical optical densities were com-

bined with an air mass factor (AMF) calculated to account for one-way transmission. Below

the aircraft, vertical optical densities were also combined and an AMF calculated to account for

two-way transmission (Figure 2.2). Atmospheric profiles from the LOWTRAN/MODTRAN

U.S. standard atmosphere [68] were updated to reflect background concentrations, including

1.864 ppm methane near the surface and volume mixing ratios (VMR) that decreased with alti-

tude. These atmospheric profiles and spectral parameters for methane, water vapor, and nitrous

oxide from the HITRAN database [12] were used to calculate vertical optical densities.

Methane retrievals were performed between 2215 and 2410 nm and included fits for the

additional absorbing species of water vapor and nitrous oxide. The resulting state vector (xn)

has six entries (three gases for two atmospheric layers). Modeled radiance was calculated for

each wavelength with a forward radiative transfer model using the following equation:

Fhr(xi) = Ihr
0 ∗ exp(−

6

∑
n=1

An ∗ τ
re f
n ∗ xn,i)∗

k

∑
i=0

akλ
k (2.1)

Where Fhr(xi) is the forward modeled radiance (high spectral resolution) at the i-th iteration

of the state vector, Ihr
0 is the incident intensity (solar transmission spectrum), An is the AMF

for each n number of atmospheric state vector elements (6 rows, specified for each of the 2

layers and repeated for each gas), τ
re f
n the reference total optical density for each n number
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of atmospheric state vector elements (including optical densities of methane, water vapor, and

nitrous oxide), xn,i is the gas related state vector at the i-th iteration (gas scaling factor), which

scales the prior optical densities of methane, water vapor, and nitrous oxide in each n layer (6

rows). ak are polynomial coefficients to account for broadband variability in surface albedo.

The high resolution modeled radiance Fhr is then convolved with the instrument line shape

and sampled to the center wavelengths of each AVIRIS-NG spectral band. This results in a low

resolution modeled radiance at the i-th iteration of the state vector Fhr(xi)), calculated using a

known τ
re f
n scaled by xn,i.

The IMAP-DOAS algorithm was run using the same parameters used to generate the syn-

thetic image, including the sensor height, location, date, time, and solar zenith angle (Table

2.1). In this study, the IMAP-DOAS algorithm assumed background concentrations above the

aircraft and perturbed the absorbing species in the lowest layer of the model (from 0 to 4 km).

The resulting gas state vector for the lowest layer of the model at the last iteration (gas scaling

factor) was then multiplied by the product of the VMR for the lowest layer of the reference

atmosphere and the distance between the aircraft and the ground, resulting in gas concentra-

tions in units of ppm-m. Therefore, IMAP-DOAS retrievals reflect the methane concentrations

present in the atmospheric subcolumn beneath the aircraft (from 0 to 4 km). Additional details

on the IMAP-DOAS retrieval can be found in Thorpe et al. (2014, 2017) [24, 51].

2.4 Results

2.4.1 Aerosol Scattering

We first tested the effects of aerosol scattering on the IMAP-DOAS results. We found that

the differences between the modeled methane and IMAP-DOAS retrieved methane is much

larger than the differences between the 5 and 30 km visibility (Figure 2.4), indicating that
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more error is associated with surface type or albedo than visibility. Figure 2.4 shows that the

distribution of the difference for 5 km and 30 km is very similar with a slight offset between

the peaks, corresponding to a mean difference of 1559.9 ppm-m for the 5 km visibility and

1712.39 ppm-m for the 30 km visibility. In addition to the differences between the 5 and 30

km histograms being relatively minor, 5 km visibility is an extremely low visibility and in

practice there would be smaller differences in retrieved concentrations across a more realistic

range in visibilities.

Figure 2.4: A) The green histogram shows the difference in the retrieved IMAP-DOAS results
for the 5 km visibility and the 30 km visibility. The gray histogram is the difference between
the methane modeled in the synthetic image and the methane retrieved by IMAP-DOAS for
both visibilities. B) The blue histogram is the difference between the methane modeled in
the synthetic image and the IMAP-DOAS results for the 5 km visibility atmosphere. The
red histogram is the difference between the methane modeled in the synthetic image and the
IMAP-DOAS results for the 30 km visibility atmosphere.

2.4.2 IMAP-DOAS

The IMAP-DOAS algorithm was successful in retrieving the modeled methane enhance-

ment in the synthetic image (Figure 2.5). In addition, the pattern and values of retrieved
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methane enhancement were consistent with the methane enhancement modeled in the synthetic

image. Initial visual analysis indicates that the IMAP-DOAS retrieved methane concentration

ranged from between 5,000 and 6,000 ppm-m and then gradually increased until it reached the

18,000 to 20,000 range (Figure 2.5). The most notable exception was the Hope Lake box (the

box displayed white). This water spectrum had very low reflectance between 2,215 and 2,410

nm, resulting in no ability to retrieve or detect methane using IMAP-DOAS.

Figure 2.6 shows the correlation between the methane concentration from the synthetic

image and the IMAP-DOAS retrieved concentrations for the entire image except pixels using

the Hope Lake spectrum. The best fit trend was close to the 1:1 line, however IMAP-DOAS

underestimated the modeled concentrations by an average error of 385.11± 1568.33 ppm-m

(Table 2.3) and the RMSE for the entire image was 1614.92 ppm-m. These results incorporate

all land cover types except the lake water and include confusers. The average RMSE dropped

to 862.75 ppm-m and the average error dropped to an overestimate of 5.93±862.73 ppm-m

when the confuser and Hope Lake background spectra were excluded. When we organize the

results by land cover class, it becomes clear that each class responds differently, and a few

classes are primarily responsible for the spread in the data. Figure 2.7 plots the IMAP-DOAS

results against the modeled methane for eight different land cover classes (rock is combined

with the soils and lake water and sun glint are separated) and Table 2.3 summarizes the mean

error for each land cover class. We found roofs, soil, NPV, and sun glint all had good agreement

and low spread (Figure 2.7, Table 2.3). The lake water, green vegetation, and confusers all had

relatively poor agreement and larger spread (Figure 2.7, Table 2.3).
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Table 2.3: The mean error between the synthetic image and retrieved IMAP-DOAS methane
concentrations. The mean error is the average of the residuals between the known methane
concentrations from the synthetic image and IMAP-DOAS retrieved methane concentrations
(negative means are overestimations and positive means are underestimations).

Land cover class Mean Error ppm-m
Confusers 1884.10±2490.45

Paved −243.92±382.39
GV −62.51±1466.72
Soil 372.45±307.40

Lake Water(Hope Lake) −32757.44±16661.133
NPV 22.44±462.67

Sun Glint 645.49±310.57
Roofs −168.62±428.8

All (except Hope Lake) 385.11±1568.33
All (except Hope Lkae and Confusers) −5.93±862.73
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Figure 2.5: A) The methane concentration in ppm-m modeled by A) MODTRAN, and B)
retrieved by IMAP-DOAS. Scaling in the two plots is the same, with results outside of the
displayed range shown in white. See Figure 2.3 for the configuration of the synthetic image.
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Figure 2.6: The mean IMAP-DOAS retrieved concentration for each synthetic image concen-
tration, plotted against the image concentration for all pixels except Hope Lake. The error
bars represent one standard deviation. The dotted line represents the one to one line and the
blue solid line is the linear fit. The linear model has a slope of 1.01, an intercept of -494.2,
and an R-squared of 0.88.
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Figure 2.7: The mean IMAP-DOAS retrieved concentration for each synthetic image con-
centration, plotted against the image concentration within each land cover class. The error
bars represent one standard deviation from the mean. The dashed line represents a one-to-one
relationship and the blue line is the linear regression. The slope, intercept, and r-squared for
the linear model are reported for each plot except lake water.
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2.4.3 Surface Type

In addition to looking at the correlation between IMAP-DOAS retrieved concentration and

synthetic image concentration, we also looked at the per-pixel error. Figure 2.8 shows the error

between IMAP-DOAS retrieved and synthetic image concentrations (synthetic image minus

IMAP-DOAS). In total, 90 percent of the error (excluding Hope Lake) fell between -1941.65

and 3793.06 ppm-m. Excluding the confusers as well, the 90 Percent range decreased from

the afore mentioned range to -1609.96 ppm-m to 998.36 ppm-m. We observed a few distinct

patterns in error (Figure 2.8 and 2.9). First, the error seems to be related to individual sur-

face types because different background spectra boxes have distinctive error patterns. Some

surface types (Lake water, white painted roofs, and calcite) exhibited a large degree of error,

with error increasing with methane concentration. A number of other surfaces also exhibited

heteroscedastic errors, with the error tending towards overestimation with increasing methane.

In order to summarize the pattern of error, we averaged the residuals and calculated the root

mean square error (RMSE) for each background spectrum (Table 2.4). In addition, we plotted

the error for each background spectrum as box plots (Figure 2.9). The Hope Lake (water), the

white painted roofs, calcite, coyote brush, and golf course grass had high mean errors and had

the largest RMSE. The remaining GV and confuser surfaces also had high RMSE. The soils,

the paved surfaces, NPV, and roofs were the surfaces with lower mean error and lower RMSE.

Apart from the patterns associated with surface type, the results shown in Figure 2.8 exhibit

two characteristic error patterns: the residuals scale with the methane concentration and the re-

sults indicate slight vertical banding. We observed a greater overestimate at higher methane

concentrations and underestimation at low methane concentrations. These relationships be-

tween the error and the modeled methane may be due partly to the difference in how MOD-

TRAN and IMAP-DOAS model radiance. MODTRAN accounts for multiple scattering while

IMAP-DOAS does not. This means the path radiance for MODTRAN is larger than for IMAP-
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DOAS, and therefore an equivalent methane concentration will have a more pronounced ab-

sorption feature [15], which is consistent with the observed IMAP-DOAS overestimates. Ad-

ditionally, varying degrees of vertical banding are observed in Figure 2.8. The banding results

from the combined effects of the layout of the albedos in the synthetic image and the retrieval

fit errors. For example, two adjacent pixels with the same concentration of modeled methane,

the same surface, but with a 1 percent albedo difference (Figure 2.3) can result in differing

retrieved methane concentrations. This effect is more pronounced for certain surface types

like confusers and green vegetation and less visible for bright surfaces such as soils and paved

surfaces.

Figure 2.8: The error between the synthetic image and IMAP-DOAS retrieved methane con-
centrations (image minus IMAP-DOAS). The white areas represents values outside of the
displayed range. The all white box is lake water and the partially white box is one of the
white painted roofs. See Figure 2.3 for the complete configuration of the synthetic image.
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Figure 2.9: Box plots of the error for every surface type. The colors, as indicated in the
legend, represent the larger land cover class. Lake water is omitted.
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Table 2.4: Table showing the surface name, the mean error, and root mean square error
(RMSE). The surface types are organized by RMSE.

Surface Type Mean Error ppm-m RMSE

Hope Lake -32757.44 36750.73
WPCR3 4632.82 4748.20
WPCR1 3799.22 3890.20
WPCR2 2759.16 2826.87
Calcite -2647.97 2728.81

Golf course grass 602.23 1996.17
Coyote brush (BAPI) -1754.34 1793.47
Oil coated vegetation 1381.89 1791.71

Willow (SASP) -1203.39 1558.20
Plastic covered crops 1379.49

Wetland Vegetation (MARSH) 998.93 1262.71
Palm tree 689.21 1193.34

Ocean water (Glint) 645.5 716.32
Rock -429.51 657.00

Concrete parking stucture 1 -488.67 608.21
Soil 4 516.57 606.86

Dead grass 545.54 593.19
Asphalt and gravel roof -464.08 591.98

Ceanothus (CEME) 292.32 532.02
Soil 1 454.77 518.77

Tennis court -283.93 507.79
Bark -139.65 491.13

Concrete parking structure 2 -338.11 449.42
Needle litter -274.18 430.17

Soil 2 318.41 393.68
Soil 3 200.05 374.79

Airport asphalt -196.72 360.06
Evergreen bark -41.94 283.02

Red tile roof 126.83 272.32
Concrete bridge 87.84 363.07
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2.4.4 Albedo

We also evaluated the effect of albedo on retrievals. To determine the albedo of a spectrum

we used the radiance value at 2139 nm. The radiance at this wavelength is a good indicator

of albedo because there are no atmospheric absorptions from any of the major greenhouse

gases[15]. In addition, 2139 nm is in the SWIR, which means the radiance values represent the

albedo in the region of the electromagnetic spectrum of interest. To test the influence of albedo

on the IMAP-DOAS retrieved concentration, the residuals were binned by radiance level and

then plotted as box plots (Figure 2.10). The lowest radiance bin, with values ranging between

0 and 0.104 µWcm−2nm−1sr−1 at 2139 nm, had the largest spread in the residuals and the

poorer results. The pixels with radiance between 0.206 and 0.611 µWcm−2nm−1sr−1 at 2139

nm had a much smaller range of residuals compared to the darkest pixels but still exhibited

some spread. The pixels above 0.611 µWcm−2nm−1sr−1 had the least spread and the most

accurate results. Lastly, the outlying residuals around and below 5000 and -2500 ppm-m, can

all be attributed to the confusers.
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Figure 2.10: The residuals between the image and IMAP-DOAS retrieved concentration (im-
age minus IMAP-DOAS) binned by radiance at 2139nm (µWcm−2nm−1sr−1) and then plot-
ted as box plots. The x-axis represents the upper level of the radiance threshold used to bin
the residuals. The plot on the left has a different y-axis to accommodate the larger range in
error.

2.5 Discussion

Surface type and albedo both have an effect on the methane retrieval results for the syn-

thetic image. By isolating and quantifying the effect of different surface types, we can better

understand detection limits and potential error sources of methane concentration retrievals. We

found that soils, paved surfaces, roofs, and NPV generally possess high reflectance and no

confusing absorption features in the SWIR and resulted in good methane retrievals. Low re-

flectance materials (water, green vegetation) and materials with confusing absorption features

(confusers) produced large uncertainties for methane retrievals. In the following sections, we

will discuss the surfaces and albedos that caused poor retrieval results, reasons for the poor

results, and possible solutions.
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2.5.1 Albedo

Albedo has a significant effect on the accuracy of the results but only for the lowest

albedos. We found that surfaces (independent of surface type) with very low radiance, be-

low 0.10 µWcm−2nm−1sr−1 at 2139 nm, had extremely poor results with large error. This

finding is consistent with Thorpe et al. (2017)[51] who found that dark surfaces resulted in

anomalously high retrievals and removed spectra if there were radiance values less than 0.01

µWcm−2nm−1sr−1 at any band in the fitting window. Zhang et al. (2017) [55] also examined

the effects of many factors, including albedo, on a different retrieval technique and concluded

that albedo was a significant factor in determining the bias of the methane concentration re-

trieval. In contrast, we found that the impact of albedo on retrieval accuracy was small, except

at the lowest albedos. We found no linear correlation between albedo and error. For the darkest

surfaces (0.10 µWcm−2nm−1sr−1 and below), there is insufficient reflected radiance to discern

methane absorptions. Surfaces that fell between 0.10 and 0.60 µWcm−2nm−1sr−11 at 2139

nm had a detectable methane signature but the error in the results was higher than for brighter

surfaces. For pixels with radiance above 0.60 µWcm−2nm−1sr−11 at 2139 nm the range in the

residuals was much lower and the column concentrations in this range are fairly accurate. In

addition, all outlying error in Figure 2.10 is attributed to the confusers. Although albedo af-

fects the accuracy of the column concentration, the effect is far less significant than described

in Zhang et al. (2017) [55]. In addition, although column concentration accuracy may be poor

at low albedos, detection is still possible at all radiance values save for the lowest. As shown in

Figure 2.5 and 2.7, methane retrieval accuracy is poor for the dark lake water example however

water with sunglint results in high retrieval accuracy.
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2.5.2 Surface Type

Previous studies that tested the IMAP-DOAS retrieval technique on AVIRIS Classic im-

agery concluded that the results were also influenced by the underlying surface [24]. Different

surface types can affect the accuracy of the IMAP-DOAS results either through the spectral

shape of the material in the SWIR or with their inherent albedo. To explore this idea further

and to better understand the error associated with surface type we looked at the spectral shape

of the reflectance data in the SWIR. Figure 2.11 shows the four spectra with worst accuracy,

the four spectra best accuracy (accuracy is defined by the RMSE as reported in Table 2.4), and

a GV spectrum.

Figure 2.11: A) The transmittance spectra for methane calculated from MODTRAN and
convolved to the AVIRIS-NG bandpass function. B) The reflectance spectra in the SWIR
(2100 nm to 2500 nm) for calcite, water, the white painted roofs, soil, evergreen bark, red
tile roof, coyote brush, and concrete. The solid lines represent surface types that had high
amounts of error. The dashed lines represent surface types that had the lowest amount of
error.
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Green Vegetation

Thorpe et al. (2014) noted that retrieval performance was poorer for areas dominated by

green vegetation compared to areas dominated by soil. Green vegetation spectra, especially the

golf course grass and coyote brush, are generally very dark in the SWIR (Figure 2.11), which

was the main cause of the error. Green vegetation is not as dark as water and therefore the

results are far better for green vegetation than for water. In addition, despite green vegetation

having little reflectance in the SWIR, the spectral shape is relatively flat which causes improved

results compared to the confuser class. Green vegetation is a very common surface type espe-

cially in natural and agricultural landscapes and therefore can make accurate quantification of

methane plumes in these areas more challenging. However, green vegetation in AVIRIS-NG

images can easily be classified and an estimate of uncertainty applied. In addition, future sen-

sors with finer spectral resolution and improved gas sensitivity should have improved accuracy

over vegetation [62]. Lastly, although IMAP-DOAS results have some uncertainly, methane

detection remains possible over vegetated surfaces.

Confusers

The confusers had large mean error and RMSE. After lake water, the confuser class had

the most error with the worst results attributed to the white painted roofs and calcite. These

surfaces, although bright in the visible portion of the spectrum and part of the SWIR, have

significant drops in reflectance in the methane absorption bands. In the case of the white

painted roofs, the SWIR absorption is due to hydrocarbon absorptions from oil-based paints.

In the case of calcite, this feature is due to the vibrational absorption bands found in carbonate

minerals [69]. These absorption features are thought to be the cause of the poor results. Other

studies have also found that surfaces with strong absorption features between 2200 and 2400

nm can cause error. Thorpe (2013) [22] used a cluster-tuned matched filter to detect methane in
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various AVIRIS Classic scenes concluding that surfaces with hydrocarbon absorptions or any

significant absorptions in the 2200 to 2500 nm window were likely to confuse the matched filter

and result in a spurious signal. Our study specifically tested these types of surfaces and found

that they caused error in IMAP-DOAS concentration retrieval as well but not necessarily a

spurious signal. Interestingly, these surfaces did not all cause an overestimation in the methane

concentration as would be expected. Of the four surfaces with the most pronounced absorptions

in the 2300 nm window, only calcite caused overestimations and the other surfaces (white

painted roofs 1, 2, and 3) caused underestimations. Figure 2.11 shows the spectra of calcite,

white painted roof 1, and white painted roof 2. The calcite is much brighter and has a more

prominent absorption versus the other white painted roofs. White painted roof 2 also has a

clear absorption feature but does not have overestimation. The other white roofs, the oil coated

vegetation, and the plastic covered crops also had very poor results but the cause of the error

for these surfaces was due to low reflectance in the SWIR. These types of surfaces, especially

the white painted roofs, are common in urban and commercial areas and can pose challenges

when detecting methane plumes in these types of environments. Similar to green vegetation,

these surfaces can be classified and masked out of images so as not to cause spurious signals

or inaccurate results.

Water

The largest source of error in the IMAP-DOAS results was Hope Lake. In general, water

has extremely low reflectance in the SWIR (Figure 2.11) and this is the source of the error in

the results. Given the low reflectance over water bodies, mapping methane sources over water

bodies with AVIRIS-NG will remain challenging. Despite this, methane plumes originating

from water bodies, like manure lagoons and wastewater treatment plants, will still offer oppor-

tunities for plume detection and quantification as the plume moves over background surfaces

with higher reflectance (Figure 2.12). For larger water bodies, sun glint reflected off the surface
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of the water can provide an excellent means of detection [19, 15, 24]. In addition, this study

concluded that results from sun glint are fairly accurate. On a global scale, wetlands are the

largest natural source of atmospheric methane and are predicted to become a more important

source in the future [70, 55]. This study suggests that methane detection should be possible for

wetlands covered in vegetation.

2.5.3 Comparison to Real AVIRIS-NG Images

These patterns are consistent with previous studies and results from IMAP-DOAS applied

to real AVIRIS-NG images (Figure 2.12). In Figure 2.12, IMAP-DOAS methane retrievals

are shown for a dairy and a coal mine ventilation shaft imaged by 2015 AVIRIS-NG flights

over Bakersfield, California and the Four Corners region of the United States respectively. In

both of these images, there are clear examples of the underlying surface reflectance affecting

the methane retrievals. In Figure 2.12 the methane plume emanates from the waste lagoons

and extends southeast over the combination of buildings with metal roofs, soils, and green

vegetation shown in Figure 2.12. The plume is most visible over the soil and roof but seems

to disappear over the green vegetation due to difficulty in detecting methane over vegetation.

The plume is more visible over the metallic roofs and less visible over low albedo shaded

areas between the buildings. In addition, it appears that there is no methane directly over

the dairy waste lagoons, due to the difficulty of methane retrieval over water. The image of

a coal mine ventilation shaft (Figure 2.12) has a much larger methane plume (Figure 2.12),

and the plume is clearer in this image compared to the dairy waste lagoon example. The

majority of the surfaces in this image are soil, NPV, and paved surfaces, all surfaces that are

ideal for retrieving methane. The one exception is the pond; the plume seems to disappear

as it passes over the water due to very low radiance. The same surfaces in these images and

the synthetic images cause poor detection, providing assurance that the synthetic image is
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accurately capturing patterns found in real imagery.

Figure 2.12: A) True color AVIRIS-NG image of a dairy in Bakersfield. CA April 29, 2015.
The sensors height was 2.9 km resulting in a 2.6 m pixel. B) IMAP-DOAS methane re-
trieval for image A shows methane plumes emanating from dairy waste lagoons. C) True
color AVIRIS-NG image of coal mine ventilation shafts near the Four Corners region of the
United States from April 22, 2015. The sensor height was 2.9 km resulting in a 2.7 m pixel.
D) IMAP-DOAS methane retrieval for image C shows methane plumes that originate from
known coal mine ventilation shafts. For all scenes north is up.

2.5.4 Limitation and Potential Solutions

While this study provided an opportunity to control and test the effect of the surface prop-

erties on methane quantification, there are some limitation to this study. As mentioned pre-

viously and illustrated in Figure 2.8, there was not perfect agreement between the retrieved

IMAP-DOAS methane concentrations and the known concentrations from the synthetic scene.

As expected, some of this was due to the underlying surface, however, some patterns in the
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error were unexpected and likely due to differences in the radiative transfer calculations used

in IMAP-DOAS and MODTRAN. The most notable error in the image is the slight overesti-

mation of methane at higher concentrations. We believe this can be partly attributed to the fact

that MODTRAN incorporates multiple scattering while IMAP-DOAS does not. To investigate

this possibility, we ran MODTRAN without the multiple scattering component, created a small

synthetic image, and ran IMAP-DOAS. We found that the overestimation decreased but not

enough to explain all of the error in the results. This study primarily focused on the effect of

the surface on methane detection but also determined that aerosols have a minimal influence

on methane retrievals. Despite these limitations, the synthetic image remains a powerful tool

to study the sensitivities of surface type and other factors on detection.

This study found that some surface types can influence the accuracy of the IMAP-DOAS

results. A potential solution to account for the influence of land cover is to classify the underly-

ing surface. In addition to the SWIR, AVIRIS-NG collects data in the visible and near infrared

portion of the spectrum. This additional information can be used to classify the underlying land

cover and a measure of error could be applied to each class. This could be done for classes

such as vegetation and soil or for albedo classes. Additionally, a higher spectral resolution

sensor will reduce sensitivity to land cover type. AVIRIS-NG has a 5 nm spectral resolution,

which is well suited for mapping land cover and other surface properties. However, at 1 nm

spectral resolution the spectral signatures of gases are more pronounced and have higher fre-

quency variations compared to the surface, which should decouple the spectral signature of the

atmosphere from the surface [62]. A 1 nm instrument specifically designed for gas mapping

will provide increased gas sensitivity [62, 27] and its performance could be tested empirically

using a similar sensitivity study.
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2.6 Conclusions

The synthetic AVIRIS-NG image provided an excellent framework through which we were

able to test the effects of land cover and albedo on methane retrievals with the IMAP-DOAS al-

gorithm. The synthetic image allowed us to model known methane concentrations, albedo, land

cover, and other atmospheric variables. By quantifying the effects of the surface on methane

retrievals, we were able to characterize the sensitivity of the IMAP-DOAS algorithm applied

to AVIRIS-NG data. Overall, we found excellent agreement with the modeled methane and

the IMAP-DOAS results. We found that the most accurate retrievals were over soils and paved

surfaces. Conversely, we found that low albedos, below 0.10 µWcm−2nm−1sr−1 at 2139 nm,

caused higher error in the retrieval results but above that threshold, there was significantly less

error. Green vegetation had high error due to low albedo in the SWIR. Water, the darkest

surface, had the most error. Confusers also had higher error due to the absorption features in

the 2200-2400 nm window but not all caused a spurious signal as hypothesized. Changes in

the surface can affect our ability to retrieve column concentration accurately. This means that

methane plumes over water bodies will present a greater challenge and require further study

and attention. Potential solutions to dealing with these challenging surfaces include using other

regions of the electromagnetic spectrum to classify then flag or mask out these surfaces. Finer

spectral resolution provided by future imaging spectrometers will provide greater gas sensitiv-

ity as well. The synthetic image has strength in its versatility and therefore can be modified to

test the sensitivity of these future sensors or other retrieval algorithms, gas species, and land

cover. Overall, the results from this study help us to understand the capabilities of the AVIRIS-

NG sensor for methane retrievals and aid in understanding the limitations and uncertainty in

mapping methane over large regions with variable surface types
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Methane Mapping with Future Satellite

Imaging Spectrometers
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3.1 Abstract

This study evaluates a new generation of satellite imaging spectrometers to measure point

source methane emissions from anthropogenic sources. We used the Airborne Visible and

Infrared Imaging Spectrometer Next Generation(AVIRIS-NG) images with known methane

plumes to create two simulated satellite products. One simulation had a 30 m spatial resolution

with 200 Signal-to-Noise Ratio (SNR) in the Shortwave Infrared (SWIR) and the other had

a 60 m spatial resolution with 400 SNR in the SWIR; both products had a 7.5 nm spectral

spacing. We applied a linear matched filter with a sparsity prior and an albedo correction to

detect and quantify the methane emission in the original AVIRIS-NG images and in both satel-

lite simulations. We also calculated an emission flux for all images. We found that all methane

plumes were detectable in all satellite simulations. The flux calculations for the simulated

satellite images correlated well with the calculated flux for the original AVIRIS-NG images.

We also found that coarsening spatial resolution had the largest impact on the sensitivity of the

results. These results suggest that methane detection and quantification of point sources will

be possible with the next generation of satellite imaging spectrometers.

3.2 Introduction

Methane is a prominent greenhouse gas and is responsible for about 20 percent of all at-

mospheric radiative forcing [32, 71]. As our planet continues to warm due to radiative forcing

caused by greenhouse gases, understanding, monitoring, and reducing these emissions will be-

come increasingly important. However, there remains a high level of uncertainty regarding the

magnitude of methane sources and sinks globally [2, 71]. Anthropogenic sources, which make

up 50–65 percent of all methane emissions, mostly come from the energy, waste, and agricul-

ture sectors [72, 71]. These are generally point sources, or emissions emanating from a single
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easily identifiable source like a gas storage tank or a landfill [25, 73]. Although these sectors

can also contain diffuse sources, or emissions coming from a larger area, a few point sources

can dominate the emissions budget. Identifying emission sources and quantifying their rates

can improve regional greenhouse gas budgets and mitigation strategies [25, 27].

This study investigates the potential to use a future generation of Earth observing satellites

to map methane emissions. Past and present satellite missions measure atmospheric methane,

but lack the fine spatial resolution needed to measure individual point sources. These sensors,

such as the Atmospheric Infrared Sounder (AIRS), SCanning Imaging Absorption SpectroM-

eter for Atmospheric CHartographY (SCIAMACHY), TROPOspheric Monitoring Instrument

(TROPOMI), and the Greenhouse gas Observing Satellite (GOSAT), can accurately character-

ize the global and regional distributions of methane, but only at spatial resolutions between

7 and 60 km [18, 74, 67, 39, 75]. More recently, GHGsat demonstrated the ability to map

methane plumes at a resolution as fine as 50 m [76, 30]. Future satellites may be able to detect

methane at even finer spatial resolutions.

In the coming decade, there is strong interest in a new generation of Earth observing

satellites equipped with Visible and Shortwave Infrared (VSWIR) imaging spectrometers[77].

VSWIR imaging spectrometers typically measure between 380 and about 2500 nm with be-

tween 5 to 10 nm spectral spacing [25, 15, 22, 51, 50]. These imaging spectrometers are

sensitive to gas absorption features, which allows for the detection and quantitative mapping

of methane, carbon dioxide, and water vapor [15, 19, 53, 20]. In 2019, the Italian space agency

launched the Hyperspectral Precursor and Application Mission (PRISMA), a medium resolu-

tion imaging spectrometer [78, 79]. In 2020, the German space agency plans to launch the

Environmental Mapping and Analysis Program (EnMAP) [80] and the Japanese government

plans to launch the Hyperspectral Imager Suite (HISUI) [81], both of which are spaceborne

imaging spectrometers.The National Aeronautics and Space Administration (NASA) plans to

launch the Earth Surface Mineral Dust Source Investigation (EMIT) to the International Space
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Station (ISS) in 2021. NASA’s Surface Biology and Geology investigation is likely to include

an imaging spectrometer that could launch as early as 2025 [82]. None of these sensors are

being designed for gas mapping, but if these instruments can be used for methane mapping, the

global monitoring of greenhouse gases will drastically improve.

Recent work with a current satellite VSWIR imaging spectrometer and airborne imaging

spectrometer data have provided a testbed for evaluating point source methane detection and

measurements with these types of instruments [15, 19, 20, 26, 51]. The Hyperion imaging

spectrometer on board the EO-1 satellite successfully detected the accidental methane release

at Aliso Canyon [26], despite the age of the sensor and low signal-to-noise ratio (SNR). The

Airborne Visible and Infrared Imaging Spectrometer Next Generation instrument (AVIRIS-

NG), detected, geolocated, and quantified over 500 methane point sources throughout Califor-

nia from the oil and gas, manure management, and waste management sectors [27]. Across

each sector, a small number of point sources contributed the majority of observed methane

emissions, demonstrating the importance of observing point sources.

While none of the proposed future imaging spectrometers are explicitly designed to map

greenhouse gases, given their design and the prior successful work using similar airborne sen-

sors to map methane, the upcoming generation of spaceborne imaging spectrometers has great

potential for global mapping of near-surface methane emissions. This study examines the

possibility of using these future sensors to monitor emissions from three of the largest anthro-

pogenic methane sectors: oil/gas, waste management, and agriculture.

3.3 Methods

In order to test the capability of future sensors for methane mapping, we resampled AVIRIS-

NG data to create a simulated satellite product (Figure 3.1 ) and then tested methane retrievals

using this new product. We based our simulated satellite data on the sensor design for the
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upcoming EMIT mission [83]. The EMIT sensor design favors radiometric sensitivity over

spatial resolution, leading to a 60 m spatial sampling that is slightly coarser than the 30 m

spatial sampling slated for many orbital VSWIR sensors. Therefore, we simulated two sen-

sor designs. The first was characteristic of a hypothetical future NASA mission modeled after

EMIT as well as those already operating or planned for launch by other space agencies. It has

a 30 m spatial resolution with lower SNR. The second was a direct analogue of the EMIT in-

strument, with a 60 m spatial resolution and a higher SNR. Both simulations are important for

understanding the methane mapping potential for NASA’s future generation of sensors. The

following section describes the original AVIRIS-NG data used, the process to resample it to a

simulated satellite product, and the methane retrieval algorithm.

3.3.1 Imagery

AVIRIS-NG is an airborne imaging spectrometer that measures radiance in the visible

through shortwave-infrared (SWIR). It measures in the spectral range from about 380 to 2500

nm with a 5 nm spectral sampling [8, 11, 84]. AVIRIS-NG has a 36 degree field of view and a

one milliradian instantaneous field-of-view that results in spatial resolutions ranging between

approximately 1 and 8 meters, depending on the height of the aircraft. The AVIRIS-NG data

used in this study were collected in 2016 and 2017 throughout California as part of the Califor-

nia Methane Survey and an image from a 2018 controlled release experiment [27]. We selected

images of plumes from a landfill, a dairy, a dairy digester, a wastewater treatment facility, and

oil/gas infrastructure. In this study, eight examples of plumes (Table 3.1), one or more from

each source, were resampled to satellite specifications using the methods described below.
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Table 3.1: The Airborne Visible and Infrared Imaging Spectrometers Next Generation
(AVIRIS-NG) flight lines used in this study. The methane source type, time, date, and spatial
resolution of each flight line.).

Line Name Source Type Date of Time of Spatial
Flight Flight (UTC) Resolution

ang20161104t183025 Gas Storage Facility 11/4/2016 18:30:25 1.6 m
ang20160915t185210 Gas Distribution Line 9/15/2016 18:52:10 1.7 m
ang20170618t194516 Landfill 6/18/2017 19:45:16 3.3 m
ang20170918t201542 Well 9/18/2017 20:15:42 3.3 m
ang20170618t193955 Wastewater Treatment 6/18/2017 19:39:55 3.3 m
ang20170616t210522 Dairy Manure Lagoon 6/16/2017 21:05:22 3.0 m
ang20170616t212046 Dairy Digester 6/16/2017 21:20:46 3.0 m
ang20180917t201723 Controlled Release 9/17/2018 20:17:23 2.3 m

3.3.2 Simulated Satellite Images

Figure 3.1: Flow chart of the steps for creating the simulated satellite data.

Aircraft to Top-of-Atmosphere

To simulate the additional atmosphere between the original aircraft height and the top of

the atmosphere (TOA), we used MODerate resolution atmospheric TRANsmission 6 (MOD-

TRAN6) to simulate one-way transmittance between the two heights [56]. Each transmittance

simulation was generated with the aircraft height, latitude, longitude, day, and time of day

of the original AVIRIS-NG flight. In addition, we assumed a background carbon dioxide,

methane, and water vapor profile. Pixel radiance values from each image were multiplied by

each simulated transmittance spectrum.
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Spectral Resampling

The exact band centers and full width half maximum (FWHM) for EMIT are still to be

determined. However, EMIT will most likely have a 7.4 nm spectral sampling with an 8.2

to 8.8 nm FWHM. We resampled spectra from AVIRIS-NG radiance images using a Gaussian

convolution with band centers and FWHM based on these specifications. In total, the resampled

spectra had 288 bands between 376.4 and 2500 nm.

Re-sample Spatial Resolution

Each image was resampled to 30 m and 60 m spatial resolutions using Gaussian resam-

pling. The stated spatial resolution represents the full-width half maximum of the Gaussian

function, with the x-y coordinates for each AVIRIS-NG pixel center used to calculate each

pixel’s weighting for resampling. The original unorthorectified AVIRIS-NG images were used

for resampling, but pixel coordinate information allowed the creation of orthorectified 30 m

and 60 m output images.

Sensor Noise

The SNR from AVIRIS-NG is higher than the proposed SNR for the EMIT sensor and in

addition, after spatial and spectrally resampling the data, some of the noise from the original

AVIRIS-NG data is reduced through averaging. Therefore, adding sensor noise back into the

data is critical for accurately modeling satellite data. To properly model the SNR of the satel-

lite sensors, a noise component aimed at mimicking expected sensor noise was added to the

radiance. Modeled sensor noise comes from two main components: photon noise (PN) and

constant noise (CN). PN increases as the number of photons hitting a detector increases, and

scales with the square root of radiance. CN is mainly associated with electronics and quantiza-

tion in the signal chain. A primary contributor is “read noise”, caused by the analog-to-digital
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conversion as the instrument digitally records the signal, and this parameter can be modeled

as constant across wavelengths and pixels. To calculate PN, we first converted the spectral

radiance to the total number of photons and then multiplied it by the etendue (G), which is

calculated based on the area of the emitting source (in this case, the Sun) times the solid angle,

band FWHM, integration time (τ), and the system transmittance factor (T ):

PN =

√
Lλ ∗ ( λ

hc
)∗G∗FWHM ∗ τ ∗T (3.1)

where PN is the photon noise; Lλ is the radiance at each wavelength in each pixel; λ is the

wavelength; and hc is Planck’s constant times the speed of light. The AVIRIS-NG CN is 100

photons, therefore the same value was used for this simulation. The total noise was calculated

as follows:

T N =
√
(PN2 +CN2) (3.2)

where T N is the total noise. The total noise was then converted back to radiance units by

substituting T N for PN in Equation (3.1) and inverting. TN converted to radiance was then

multiplied by a random number from a Gaussian distribution with a mean of 0 and standard

deviation of 1, then added to the original radiance for each wavelength for each pixel. PN

increases with increasing radiance; for low radiance values, CN dominates the total noise and

for higher radiance values, PN dominates. For the 60 m image, we multiplied PN by the square

root of 2. The SNR was calculated by dividing the signal by the noise. In this case, the signal

was the number of photons and the noise is the total noise. The resulting average SNR for the

30 m simulated satellite images in the SWIR (2100 nm–2500 nm) was 214 and the average

SNR for the 60 m simulated satellite images in the SWIR was 484. Figure 3.2 shows the full

spectrum SNR for the two simulations.
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Figure 3.2: . Signal-to-Noise Ratio (SNR) for the 30 m simulated satellite data (blue) and for
the 60 m simulated satellite data (red).

3.3.3 Matched Filter Methane Retrieval

The methane enhancement above the background for each pixel was estimated using an it-

erative matched filter technique tuned with a methane unit absorption spectrum [50, 21, 85, 86].

This iterative method included additional optimization factors that correct for spatially varying

surface albedo. In addition, a L1 sparsity prior was included to reflect the expectation that

methane enhancement is a rare occurrence within an image. This sparse approach is similar

to methods employed in compressed sensing techniques for the reduction of acquisition time

or improved resolution in fields as varied as medical imaging, radio astronomy, and electron

microscopy. The iterative technique required for solving this sparse optimization problem addi-

tionally produces the explicit removal of any methane absorption signal from the background

covariance matrix; failure to remove this signal is detrimental to matched filter techniques

[85, 86]. This iterative matched filter with sparsity and albedo correction was applied to the

AVIRIS-NG images and simulated 30 m and 60 m images. For all scenes, the sparse matched

filter was run for 30 iterations, which includes an additional 50 percent margin over the 20 it-

erations that produced initial observable convergence of the optimization energy. The number
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of iterations was based on observations of convergence from a test dataset. The methane unit

absorption spectrum for each scene was computed from the change in radiance corresponding

to a change in methane concentration in MODTRAN6 with each scene’s sensor height and

solar zenith angle. The albedo correction factor was estimated by the ratio of a pixel’s radi-

ance to the mean radiance in the scene. For the original AVIRIS-NG data, the matched filter

was applied to groups of five adjacent columns, corresponding to adjacent detectors of the

AVIRIS-NG instrument. This grouping improved the covariance estimate used by the matched

filter to describe the background by suppressing artifacts from non-uniformity among detec-

tor elements [50]. For the simulated satellite images, column artifacts were averaged out by

spatial resampling, and therefore the matched filter was applied to the entire image. The result-

ing methane enhancement image is measured in ppm-m, where ppm represents concentration

and m represents the path length over which absorption occurs. Due to this algorithm’s spar-

sity prior, many pixels are reported to have no methane enhancement above the background.

This allows for interpreting the enhancement values as a detection result (presence/absence of

methane for a positive/zero enhancement value). We also consider the resulting images as a

quantitative retrieval directly from the per-pixel methane concentration. For more information

on the retrieval algorithm please see Foote et. al., 2020 [87].

3.3.4 Integrated Mass Enhancement

The integrated mass enhancement (IME) is the sum of all the methane enhancement above

the background concentration present in each plume. To calculate the IME, we first need to

identify the pixels associated with the plume and filter out spurious signals. We applied a

200 ppm-m threshold to filter out any potential spurious signals. The 200 ppm-m threshold

was determined by reviewing the mean and standard deviation for the matched filter outputs.

A 200 ppm-m value represents a round average of one standard deviation below the average
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mean of the enhanced pixels. To further filter out spurious signals, we calculated the number

of pixels in contiguous clusters, any clusters below a certain threshold were filtered out. For

the original AVIRIS-NG images, any clusters below 350 contiguous pixels were filtered out.

For the 30 m satellite simulation, clusters below four pixels were filtered out and for the 60 m

satellite simulation, clusters below two pixels were filtered out. Different thresholds were used

for some cases based on empirical adjustments and are documented in Appendix A. We then

calculated an integrated mass enhancement (IME) or the sum of the methane present in each

plume [25] as follows:

IME = k
n

∑
i=0

α(i)S(i) (3.3)

where α is the methane value in ppm-m for the n pixels in the plume over the pixel area S

and the constant k is used to convert to methane mass units [25].

3.3.5 Flux Estimate

A simple flux estimate can be calculated using the IME, the length of the plume, and the

wind speed. The methods for calculating the IME are listed above. To calculate the length of

the plume, we identified the two pixels in the plume with the furthest distance and calculated the

Euclidean distance between the two pixels. HRRRv3 10 m wind fields in forecast mode were

used to estimate wind speeds for the location and time of each AVIRIS-NG scene [88, 89].

Using the 3 km grid product, an average wind speed and standard deviation was calculated

using a total of 27 HRRRv3 grid cells, a 3 by 3 box centered on the source for three time-steps

(plume detection time within 1 hour). The equation for the flux is as follows:

Flux =
IME

l
s (3.4)
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where IME is the amount of methane in kg (calculated above); l is the plume length in

meters; s is the wind speed meter/hour; and the resulting flux in the units of kg/hour. The

uncertainties for the flux estimates result from uncertainties in the wind speeds.

3.4 Results and Discussion

3.4.1 Methane Plumes by Sector

One advantage of using a satellite system to detect methane plumes is the ability to observe

a large diversity of methane emitting sectors. Plumes from different sectors have different

shapes, sizes, and underlying land cover that can influence how well a plume is detected.

Here, we look at plumes from the three largest anthropogenic methane emitting sectors to

understand how well a satellite system would perform in each sector. The following sections

present the matched filter methane retrieval results for the AVIRIS-NG, 30 m, and 60 m satellite

simulations.

Petroleum and Natural Gas

The natural gas and petroleum industry represents about 30 percent–35 percent of all an-

thropogenic methane emissions globally [71, 72, 90]. Methane emissions from this sector can

be challenging to characterize, given the significant variability in source type, plume shape and

size, and intermittence. Here, we present three examples from different sources. The first is a

gas storage facility that has two emission sources, the second is a well with a methane plume,

and the third is a leak from a natural gas distribution line in a neighborhood [22]. All plumes

were detectable from the 30 m and 60 m simulated satellite images.

Figure 3.3 depicts the results of two plumes at the Honor Ranch gas storage facility. The

source for the top plume is an emergency shutdown stack and for the bottom plume, it is a
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compressor unit. In the AVIRIS-NG image, these two plumes were distinct, which allows the

plumes to be attributed to their exact sources. In the 30 m image, some of the detail of the plume

is lost, but two distinct plumes are still visible. At 60 m, the methane enhancement is visible,

but the distinction between the two plumes disappears. At the 30 m and 60 m resolution, we

could easily attribute the plume to the facility, but not to the exact locations within the facility

as we could with the original AVIRIS-NG image.

Figure 3.3: Matched filter methane retrieval for a plume from a 4 November, 2016
AVIRIS-NG image. The plume is from the Honor Ranch gas storage facility, where there
are two plumes, one from an emergency shutdown stack and the other from a compressor
unit. (A) Results from the original AVIRIS-NG image. (B) Results from the 30 m simulated
satellite image with 200 SNR. (C) Results from the 60 m simulated satellite image with about
400 SNR. The left side of the scale bar are units in parts per million per meter (ppm-m) above
the background. The right side of the scale bar are methane units in g/m2.

Figure 3.4 shows the matched filter results from a methane plume from a well. Given the

sheer quantity and high density of wells throughout the United States, a satellite system would

be well suited to identify those that are emitting methane. This particular example is from a

hydrocarbon extraction site within the Aliso Canyon gas storage facility. The details of the

plume are most distinct in the original AVIRIS-NG image. In the 30 m and 60 m satellite

images, the plume is still clearly detectable, but becomes increasingly less detailed.

One concern in the natural gas and petroleum sector are leaks and other fugitive emissions.

Not only do these emissions contribute to the overall greenhouse gas budget, but they also
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Figure 3.4: Matched filter methane retrieval results from a plume from a 18 September, 2017
AVIRIS-NG image. The plume is from an oil producing well in Aliso Canyon. (A) Results
from the original AVIRIS-NG image. (B) Results from the 30 m simulated satellite image
with 200 SNR. (C) Results from the 60 m simulated satellite image with about 400 SNR.
The left side of the scale bar are units in parts per million per meter (ppm-m) above the
background. The right side of the scale bar are methane units in g/m2.

represent lost revenue and in sufficiently large amounts can pose a public safety hazard. The

ability to detect leaks over large areas could help improve the mitigation of greenhouse gas

emissions and hazards. Figure 3.5 is an example of an underground natural gas distribution

line leak that was detected in 2016 in the Chino Hills neighborhood, CA. This particular leak

was detected using the real time methane mapping capability of AVIRIS-NG and the results

were shared with the local gas company who quickly confirmed and repaired the leak [50].

The plume is clearly visible in the AVIRIS-NG image and a distinct methane enhancement is

visible in the 30 m and 60 m simulated images.

Current and past satellite sensors, like SCIAMACHY and TROPOMI, are able to detect

regional methane enhancements over areas with heavy oil and gas production, like the methane

anomaly over the Four Corners areas in the Western United Sates [91], but cannot identify the

exact location of individual point sources. Currently, the only way to locate a specific source

is through a ground or airborne campaign, which can be costly, time consuming, and have a

limited geographic extent [25]. Therefore, a higher spatial resolution satellite sensor that could

identify point sources would help us understand the dynamics of oil and natural gas methane

emissions. Other studies have looked into the possibility of using spaceborne sensors to do fine
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Figure 3.5: Matched filter methane retrieval results for a plume from a 15 September, 2016
AVIRIS-NG image. The plume is from a low pressure natural gas distribution line leak in
the Chino Hills neighborhood. (A) Results from the original AVIRIS-NG image. (B) Results
from the 30 m simulated satellite image with 200 SNR. (C) Results from the 60 m simulated
satellite image with about 400 SNR. The left side of the scale bar are units in parts per million
per meter (ppm-m) above the background. The right side of the scale bar are methane units
in g/m2.

scale methane plume detection. Varon et al. [76] performed a sensitivity study indicating that

individual plumes could be mapped with a sufficiently sensitive constellation of point source

monitoring satellites, similar to the planned GHGSat fleet. In addition, Cusworth et al. showed

that plumes from oil/gas facilities could be detected with the upcoming EnMAP mission [29].

The future generation of imaging spectrometers will help us to improve our understanding of

methane emissions from the oil and natural gas sectors.

Landfill/Wastewater Treatment

The waste sector, which includes landfills and wastewater treatment, is thought to make up

about 16 percent of global anthropogenic methane emissions, with the majority coming from

landfills [71, 72]. Globally, landfills take on many different forms, and factors like the com-

position of the waste, the temperature, the age, and management system can all influence the

amount of methane emitted from a landfill [92, 93, 94]. Of those landfills exhibiting plumes

during the California Methane Survey, plumes appeared persistent across multiple years, there-

fore making them an excellent target for spaceborne studies [27]. Satellite monitoring of these
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sites can help understand emissions from this under sampled sector, assess gas capture systems,

and generally provide a better understanding of landfill emissions.

Figure 3.6 shows the matched filter results from the Newby Island landfill in San Jose, CA.

In this image, a very large plume is present, originating from multiple places in the landfill.

Note the scale on (C) Satellite 60 m is higher than the other figures, which is due to the large

size of the plume. The plume remains visible in all simulated satellite images. Large plumes

have been detected with AVIRIS-NG from other landfills in California and a large landfill in

India, indicating that this type of methane source can be studied from space.

Figure 3.6: Matched filter methane retrieval results for a plume from a 18 June, 2017
AVIRIS-NG image. The plume is from Newby Island Land fill in San Jose, CA. (A) Re-
sults from the original AVIRIS-NG image. (B) The matched filter results from the 30 m
simulated satellite image with 200 SNR. (C) Results from the 60 m simulated satellite image
with about 400 SNR. The left side of the scale bar are units in parts per million per meter
(ppm-m) above the background. The right side of the scale bar are methane units in g/m2.

Adjacent to the landfill is a wastewater treatment facility. Figure 3.7 shows a small plume

that is evidently emanating from one of the tanks. The plume is clearly visible in the AVIRIS-

NG image, but less so in the 30 m and 60 m images. Given this result, the detection of a

methane plume from this particular source will be difficult for the satellite instruments modeled

here.
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Figure 3.7: Matched filter methane retrieval results for a plume from a 18 Jun, 2017
AVIRIS-NG image. The plume a wastewater treatment plant south of the Newby Island Land-
fill. (A) The matched filter results from the original AVIRIS-NG image. (B) Results from the
30 m simulated satellite image with 200 SNR. (C) Results from the 60 m simulated satellite
image with about 400 SNR. The left side of the scale bar are units in parts per million per
meter (ppm-m) above the background. The right side of the scale bar are methane units in
g/m2.

Dairies

Enteric fermentation and manure management make up about 28 percent of global anthro-

pogenic methane emissions [71, 72, 95]. This is a significant anthropogenic methane source,

but the most difficult to map using this method. Enteric fermentation is an area source and does

not produce methane from a single easily identifiable point. This makes mapping methane from

cattle with imaging spectroscopy more difficult. However, there is an exception for some meth-

ods of manure management. Many manure lagoons from large dairies and some digesters in

California produce small yet detectable plumes. Figure 3.8 shows the matched filter results of

a plume from a typical dairy manure lagoon. It is clearly visible in the AVIRIS-NG images and

remains detectable in the 30 m and 60 m images.

An anaerobic digester is an enclosed area where the breakdown of organic material (ma-

nure) is promoted and the biogas is then captured and used as an energy source. Many studies

have measured the potential biogas produced from digesters in order to estimate gas production
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Figure 3.8: . Matched filter methane retrieval results for a plume from a 16 June, 2017
AVIRIS-NG image. The plume is from a typical manure lagoon on a California dairy. (A)
The matched filter results from the original AVIRIS-NG image. (B) The matched filter results
from the 30 m simulated satellite image with 200 SNR. (C) The matched filter results from
the 60 m simulated satellite image with about 400 SNR. The left side of the scale bar are units
in parts per million per meter (ppm-m) above the background. The right side of the scale bar
are methane units in g/m2.

[93, 96]. However, few studies have looked at the gas lost due to leaks. In addition, emissions

from manure can be well constrained with isotopic measurements, but this does not allow for

the distinction between an open manure lagoon and a digester [97]. Regular satellite mea-

surements of large dairy production areas like California’s San Joaquin Valley would improve

understanding of the dynamics of methane emission from manure management. Figure 3.9

shows the matched filter results of three plumes in the upper left corner coming off a digester

in California. In the 30 m and 60 m simulated images, the plume is still visible, but has blended

into one larger plume instead of three smaller ones.
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Figure 3.9: Matched filter methane retrieval results of a plume from a 16 June, 2017
AVIRIS-NG image. The plume is from a covered lagoon digester in California. (A) The
matched filter results from the original AVIRIS-NG image. (B) The matched filter results
from the 30 m simulated satellite image with 200 SNR. (C) The matched filter results from
the 60 m simulated satellite image with about 400 SNR. The left side of the scale bar are units
in parts per million per meter (ppm-m) above the background. The right side of the scale bar
are methane units in g/m2.

Controlled Release Experiment

In September 2018, a controlled release experiment was performed to test the accuracy of

the AVIRIS-NG methane retrievals. Natural gas was released by a pipeline operator at a known

flux while AVIRIS-NG flew over. We analyzed one scene from this experiment to verify that

our methods were producing reasonable results (Figure 3.10). The flux during this flight was

103.71 kg/h and the retrieval from AVIRIS-NG with our methods was 117.59 ± 15.53 kg/h. The

agreement between the AVIRIS-NG flux and actual flux was good, however, the agreement for

the 30 m and 60 m images was not as close (Table 3.2). This was a smaller plume and the

entire plume spanned one or two pixels in the 60 m satellite simulation, therefore calculating

an accurate flux was more difficult. Regardless, the plumes were visible in both the 30 m and

60 m, which indicates that plumes with a flux as small as 100 kg/h will be visible with the next

generation of satellite imaging spectrometers.
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Figure 3.10: Matched filter methane retrieval results from a controlled release experiment on
17 September, 2018. (A) The matched filter results from the original AVIRIS-NG image. (B)
The matched filter results from the 30 m simulated satellite image with 200 SNR. (C) The
matched filter results from the 60 m simulated satellite image with about 400 SNR. The left
side of the scale bar are units in parts per million per meter (ppm-m) above the background.
The right side of the scale bar are methane units in g/m2.

3.4.2 Flux

The fluxes for the AVIRIS-NG, 30 m, and 60 m images were calculated using the methods

presented above. Calculating the flux allows the scientific community to quantitatively assess

the volume of methane emitted per source and sector. We tested an image from a controlled

release experiment (presented above) to empirically validate our flux estimates. We calculated

a flux estimation of 117.59 ± 15.53 kg/h for the AVIRIS-NG image of the controlled release

experiment. The reported flux at the time of the image was 103.71 kg/h. These results are

close enough that we feel confident that the AVIRIS-NG images provide a good estimation of

the magnitude of the flux. We can therefore compare the results from the satellite simulations

to the original AVIRIS-NG image to understand how well a satellite system would perform.

In general, the flux estimates from the satellite simulations are consistent with the flux estima-

tions from the AVIRIS-NG image. Table 3.2 provides the results of the flux estimates for the

AVIRIS-NG, the 30 m, and 60 m images. Figure 3.11 shows the flux results from the 30 m

and 60 m image plotted against the flux results from the AVIRIS-NG image. The relationship

between the satellite simulations and the AVIRIS-NG image was strong (R2 = 0.98), although
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the linear regression line did not match the 1:1 line, the error bars crossed or came close to the

1:1 line. The satellite simulations tended to overestimate the flux for both simulations. In addi-

tion, the overestimation appears to become larger as the size of the methane plume increases,

however, when the error is normalized by the size of the plume, this relationship breaks down.

One explanation for the overestimation is that the coarser spatial resolution inflates the spatial

extent of the plume, which increases the IME and plume length. However, the IME tends to

increase more than the plume length, causing the flux to also increase. In a similar study, Cus-

worth et al. found that the satellite simulation underestimated the AVIRIS-NG retrieval, but

they used a different retrieval algorithm, a different plume mask, and did not simulate a 60 m

instrument [29]. More work will be needed to be done to understand precisely how increasing

spatial resolution changes the IME and therefore the flux.

Table 3.2: The flux and uncertainty due to wind for the selected plumes.
Flux (kg/hr)

Source AVIRIS-NG 30 m 60 m
Gas Storage Facility 1209.97 ± 131.11 1497.54 ± 162.26 1674.46 ± 181.43

Gas Distribution Line 156.20 ±48.17 224.63 ±69.28 225.62 ±69.58
Landfill 1231.67 ±332.78 1613.23 ±435.87 1663.51 ±449.45

Well 553.03 ±92.76 578.53 ±108.46 547.73 ±91.87
Wastewater Treatment 198.00 ±40.38 159.42 ±32.51 179.11 ±36.53
Dairy Manure Lagoon 397.89 ±434.38 584.28 ±637.86 480.28 ±524.33

Dairy Digester 552.65 ±47.75 578.53 ±49.98 580.00 ±20.11
Controlled Release 117.59 ±15.53 167.20 ±22.09 65.42 ±8.64
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Figure 3.11: (A) The 30 m flux plotted against the original AVIRIS-NG. The error bars rep-
resent uncertainty in the wind speed estimate, which in turn leads to uncertainty in the flux
estimate. The R2 = 0.98, the slope = 1.3, and the y-intercept = 21. (B) The 60 m flux is
plotted against the original AVIRIS-NG. The errors bars represent error due to wind speed.
The R2 = 0.98, the slope = 1.4, and the y-intercept = 109. For both figures, the red dashed
line is the one-to-one line and the blue line is the best fit linear regression.

3.4.3 Spatial Resolution and Signal-to-Noise Ratio

In this analysis, the spatial resolution and SNR are the two variables that distinguish the 30

m and 60 m satellite simulations. Sensor design often requires compromises between different

performance measures. For example, designers may sacrifice SNR for finer spatial resolution

and vice versa. We looked at which of these factors had the largest impact on methane gas

mapping. We used the Honor Ranch gas storage facility as an example and tested how our

retrieval changed with different noise levels; no added noise, 400 SNR, and 200 SNR. We

found that visually, the plume became less distinct from the background and the presence of

spurious signals increased, which in turn slightly increased the flux estimate (Figure 3.12 ). We

also tested the image with the same SNR at the native resolution (1.6 m), 30 m, and 60 m. We

found that the plume became less detailed with coarsening spatial resolution, indicating that
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spatial resolution, rather than SNR, had a larger influence on detecting plumes. In addition,

we performed an Analysis of Variance (ANOVA) with a Tukey post hoc using the flux and

standard deviation, and found that the only image that was significantly different (p ≤ 0.05)

from the original AVIRIS-NG was the 60 m image. More plumes as well as a larger range in

SNR and pixel size will be needed to accurately quantify how noise versus spatial resolution

effects plume retrieval. However, these results indicate that changing the spatial resolution has

a larger impact than changing the noise.

Figure 3.12: (A) The y-axis is the flux in kg/h and each bar on the x-axis represents an image.
The spatial resolution is held constant (30 m) but the SNR varies from no additional noise,
400 SNR in the SWIR, and 200 SNR in the SWIR. (B) The y-axis is the flux (kg/h) and
the bars on the x-axis represent images where the SNR is constant (200 SNR) but the spatial
resolution is the native 1.6 m, 30 m, and 60 m. The 60 m image is the only image that is
significantly different from the AVIRIS-NG, p = 0.019. The light gray bar in both charts is
the original AVIRIS-NG for reference and the error bars represent the flux error due to wind
speed uncertainty.
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3.4.4 Limitations

The satellite simulations indicate that point source methane mapping will be possible with

the future generation of satellite imaging spectrometers. However, there are some limitations

with the simulations presented here. While the specifications for the simulation represent the

best available knowledge about the design of a future spectrometer (EMIT), there remains a

possibility that specifications will change before launch. Other satellite designs might include

different spectral, spatial, or SNR characteristics not modeled here, however these are unlikely

to be drastically different. In addition, this study did not account for other factors associated

with satellite sensors including potential orbits, cloud cover, sun angles, and surface brightness.

In particular, surface brightness has proven to have a large influence on methane retrievals

[29, 98]. While there is inherent variability in surface brightness in the AVIRIS-NG scenes, we

were not able to control this variable. Finally, while the flightlines from this study represent a

range of emissions over variable surface terrain, more challenging examples containing lower

fluxes were not tested.

Other limitations in the study include the methods we used to create a plume mask and

the flux estimate. The plume mask is intended to isolate the plume and filter out spurious

signals or false positives. Spurious signals were present in both the airborne data and the

satellite simulations. For this study, we attempted to be as consistent as possible and therefore

generally used consistent thresholds to isolate the plume. It should be noted, however, that

more tailored thresholding could produce better results in future studies. The thresholding and

segmentation can have a large impact on the results, more work is needed to determine the

best practices for how to approach this. Additional work is required to assess the impact that

these spurious signals may have on our IME and flux estimates. This study also used a simple

method to estimate the flux of the plumes. More robust flux calculations could lead to more

accurate results.
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3.5 Conclusions

We tested the potential to use future Earth observing satellites such as EMIT or SBG to

map and measure methane plumes from the three main anthropogenic emission sectors. These

particular future satellites will measure in the SWIR with 7–10 nm spectral sampling, the

spatial resolution will range from 30 m to 60 m pixels, and will have a SNR in the SWIR

between 200 and 400. To test the potential of using these instruments for high resolution

methane mapping, we simulated two proposed satellite designs from the AVIRIS-NG data.

The first was a 30 m pixel resolution with a 200 SNR in the SWIR, the second was a 60 m

pixel resolution with 400 SNR in the SWIR. We then ran a matched filter methane retrieval

algorithm on the simulated satellite images and compared it to the original AVIRIS-NG.

We found that for almost all plumes, the methane enhancement remained visible at the

coarser spatial resolutions. This indicated that most point source emissions from the largest

anthropogenic sources should be detectable, at minimum, in a 30 m resolution image. We

found that when we quantified the flux of the plume in the simulated images, it correlated

well with the flux calculated from the AVIRIS-NG results. In addition, for the controlled

release experiment, the flux calculated from the AVIRIS-NG data was similar to the known

flux. Within the limits of our study, we also found that the spatial resolution had a larger

impact on the results than the SNR. We conclude that a satellite system will be able to map and

quantify the biggest of the point source emitters and should be able to detect plumes as small

as 100 kg/h, although accurate quantification of flux may be more difficult. These plumes may

only be a small fraction of the total number of plumes, but likely represent up to 40 percent of

emitted methane.

While the future generation of satellite imaging spectrometers were not designed for high

resolution gas mapping, this work indicates that they will be able to map methane plumes and

quantify emission rates. However, imaging spectrometer concepts have been developed that
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would utilize finer spectral resolution to improve gas sensitivities [75, 62]. Eventually, these

sensors will become integrated into larger greenhouse gas monitoring schemes and will help

scientists better understand global methane emissions.
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Chapter 4

Exploring the Effects of Wind Speed, Flux

Rate, and Spatial Resolution on Mapping

Methane Plumes with Imaging

Spectrometers
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4.1 Abstract

The Airborne Visible and Infrared Imaging Spectrometer Next Generation (AVIRIS-NG)

and similar imaging spectrometers are becoming commonly used for point source greenhouse

gas emissions mapping. These point source maps are a critical information source that will

help us understand and mitigate a very dangerous source of radiative forcing. As methane

mapping with these instruments and similar future satellite sensors becomes more prevalent,

understanding the factors that influence detection and quantification of methane plumes is es-

sential. In this study, we analyze how wind speed, spatial resolution, and flux rate influence

the detectability and quantification of methane plumes. We first use synthetic images and a

novel statistical test to determine the best thresholds to apply to two commonly used methane

retrieval algorithms. For the first time, we show how the optimal threshold maybe derived

empirically, providing an alternative to the use of ad hoc values.We then use the results from

the threshold analysis to segment Large Eddy Simulation (LES) methane plumes. The LES

plumes, which model plumes with various wind speed and flux rates, are used to understand

the sensitivities regarding wind speed, flux rate, and spatial resolution. We identify the min-

imum flux rates detectable at 5-15 m spatial resolution to be between 20-30 kg/hr. For the

30-60 m resolution, the minimum detection was between 40-210 kg/hr, and for the 120-500 m

resolution, the minimum detection was between 220–5000 kg/hr. We also calculate the percent

errors in the flux rate calculation associated with wind speed. The most accurate calculated

flux rates were found to be at moderate wind speeds (2-4 m/s). These results quantify error

associated wind speed and indicate which spatial resolution will be best for mapping point

source methane emissions globally.

72



4.2 Introduction

Methane (CH4) is an important greenhouse gas (stronger radiative forcing per molecule

than CO2), and increasing concentrations are contributing significantly to global climate change.

Overall, methane is estimated to be responsible for about 20 percent of all atmospheric radia-

tive forcing [2]. About 60 percent of all methane emissions are anthropogenic, and the majority

of those emissions come from the energy, waste, and agriculture sectors [3]. Emissions from

these sectors tend to be point sources, meaning they are methane plumes emanating from local-

ized and identifiable sources. Finding these sources is a critical aspect of effective mitigation.

Methane mapping with imaging spectrometers is becoming a prominent method for detecting

and quantifying point source methane plumes [99]. As mapping techniques become integral

to our greenhouse gas observing system, understanding the limitation of these sensors also be-

comes crucial. In previous studies, wind speed and flux rate have been shown to greatly impact

methane detections [100, 76]. In addition, sensitivities to wind speed and flux rates can change

with spatial resolution [28, 29]. This study focuses on the sensitivity of methane detection and

quantification to wind speed, flux rate, and spatial resolution. In addition, we present a sta-

tistical method for quantitatively determining thresholds for methane detection and use these

thresholds in a sensitivity analysis.

Imaging spectrometers, such as AVIRIS NG, are able to locate methane plumes and at-

tribute those plumes directly to their source [20]. This works particularly well for point sources

[27]. The shape and size of the methane plume once it escapes from the source are primarily

driven by speed and direction of the wind. Previous studies have shown how wind speed can

affect the shape of a plume and the integrated mass enhancement (IME) value, which is the

total mass of methane within the plume area. By changing the shape and IME, wind speed

can therefore affect the calculated flux estimates [100]. However, measuring wind speed at

the location of the plume and at the time of the flight can be difficult. Typically, anemometer
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measurements at the exact location of the plume are unavailable. Therefore, Large Eddy Simu-

lations (LES), mathematical models for simulating turbulent flows, have become an important

tool for understanding the interactions between wind and the methane plumes [100]. These

3D simulations can be reduced to 2 dimensions to mimic what an imaging spectrometer would

retrieve and can help us understand the effect of wind on methane plumes retrievals.

This work is especially important given the rapid advances in our Earth observation sys-

tems. A new generation of satellite imaging spectrometers and high spatial resolution gas

mapping satellites is forthcoming. These include imaging spectrometer missions such as the

PRecursore IperSpettrale della Missione Applicativa (PRISMA), which recently launched [79].

The Earth surface Mineral dust source Investigation (EMIT) and the Environmental Mapping

and Analysis Program (EnMAP)[80, 77] are additional sensors with methane mapping poten-

tial. These two sensors are scheduled to launch in 2022. Missions such GHGsat and the Carbon

Mapper mission are methane specific missions that use similar technology to target greenhouse

gases [30]. These sensors have or will have a wide range in spatial resolutions, and some are

still in the planning phase, where the spatial resolution, along with the other sensor attributes,

is yet to be determined. Previous studies have highlighted that spatial resolution may be an

important factor in determining how well these sensors can map point sources [28].

To calculate the methane concentration from the airborne or satellite data, two main methane

retrieval algorithms have emerged in the published literature: matched filters [87, 21, 50]

and the Iterative Maximum a Posteriori Differential Optical Absorption Spectroscopy (IMAP-

DOAS) algorithm [23, 51]. The matched filter technique is a statistically based methane de-

tection technique and is the primary method for detecting methane with imaging spectrometer

data. More recently it has also been used, with success, to estimate the per-pixel abundance of

methane [87]. IMAP-DOAS is a physically based quantitative retrieval algorithm that is used

post-detection to estimate per-pixel methane abundance.

In interpreting the results from both of these algorithms, a detection threshold is applied to
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separate the background from the plume. In previous studies, the threshold values applied to

these algorithms have been decided a priori in an ad hoc manner. For example some studies

have used a 200 ppm-m threshold while others have used a 500 or 1000 ppm-m threshold, and

the exact rationale for threshold selection has not been formalized [27, 25, 100]. In this study,

for the first time, we use synthetic images to quantitatively determine appropriate thresholds.

We then analyze the effect of different thresholds on the final results. Determining appropriate

thresholds is a necessary precursor to using the LES plumes, but it is also an important study

on its own. The LES plumes include methane values that would not realistically appear in

an actual methane retrieval; therefore, they need a threshold applied. In addition, methane

retrievals with AVIRIS-NG data tend to be noisy and thresholding the data is a necessary step

in isolating plumes. Not only is this a sensitivity study, but the analysis of thresholds for the

two retrieval algorithms will also benefit future studies and improve emission estimates using

imaging spectrometers.

As this field moves forward and new instruments are developed, it is crucial that we un-

derstand how factors such as wind speed and flux rate affect detections at different spatial

resolutions. This study, therefore, will help us to understand the limitations of our current sen-

sors and to optimize future sensors. Below we present results determining the best thresholds

for two retrieval techniques. Then we applied those to LES plumes to understand the sensitiv-

ities regarding wind speed, flux rate, and spatial resolution. More specifically, the goals of the

sensitivity study are to i) identify thresholds for segmenting the methane retrievals. ii) identify

minimum flux rates detectable at different spatial resolutions, and iii) explore how wind speed

changes the size and shape of plumes and therefore the calculated flux estimates.
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4.3 Methods

In this study, we first created a synthetic AVIRIS NG image with known modeled methane

values. We then ran two common methane retrieval algorithms, the matched filter and IMAP-

DOAS, on the synthetic image. We used the retrieval results to determine the best thresholds to

filter the background values from the plume. We then used LES plume models with different

wind speeds, flux rates, and spatial resolutions to see how the different thresholds impacted

the calculated fluxes. We looked at how the minimum detectable flux rate changed with wind

speed and spatial resolution and how the wind speed affected the size and shape of the plume

and therefore the calculated flux. Figure 4.1 summarizes the flow of the methods in this study.

Figure 4.1: Flow chart of the methods

4.3.1 Synthetic Images

A synthetic image was created to use as the basis for objective tests of the two algorithms.

Synthetic images provide a solid foundation for such evaluation, because the methane concen-

tration at each pixel is a known quantity. The base for the synthetic image was a 2014 AVIRIS

NG flight line from the Santa Barbara area. We started with the Jet Propulsion Laboratory

(JPL) reflectance product. To convert the reflectance data to radiance, a radiance look-up table

was created in MODTRAN6 [56]. The lookup library consisted of methane values that varied

from 0.0 to 7.4 ppm above background in the bottom 1 km of the atmosphere with a 0.2 ppm

step. The albedo varied from 0.0 to 1.0 with a 0.001 step; this was intended to capture as much

variation in surface albedo as possible. It is important to note the the solar zenith angle assumed
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in the model was 29.77 degrees. The MODTRAN6 models also assumed a sensor height above

the upper limit of the simulated atmosphere (120 km), to simulate how the methane absorption

spectra would look from a spacecraft. The additional atmospheric constituents (gases, aerosols,

etc.) were held constant and are listed in Table 4.1. A methane gradient was created to repre-

sent the methane enhancement or “plume” in the image. The gradient extended the width of

the flight line and varied from 0.2 to 7.4 ppm above background, with a 0.2 ppm step. In total,

the methane enhancement took up about 3 percent of the image.

In order to convert from reflectance to radiance, we iterated through every pixel in the

reflectance image. For each wavelength of each reflectance spectrum (each pixel), the origi-

nal reflectance value was matched with the closest simulated reflectance value for a specified

methane concentration [52]. The corresponding radiance from the lookup table was then ex-

tracted and saved, and the process was repeated for the next wavelength. This resulted in a

synthetic image of radiance spectra with known atmospheric parameters. For more informa-

tion on creation of the synthetic image, please see Ayasse et al. (2018).

One parameter of interest in this study is the albedo in the Short Wave Infrared (SWIR). The

albedo in the synthetic image will come from the albedo inherent in the original AVIRIS NG

flight. The original AVIRIS NG flight from which we derive the underlying surface reflectance

is a flight from June 2014 over Santa Barbara, CA. The solar zenith angle at the time of the

flight was 14.4 degrees. In addition, the underlying surface was a combination of residential

and commercial buildings with significant vegetation cover (see Figure 4.4). This diversity of

surfaces represents a large range of albedos from which to do our analysis.

4.3.2 Matched Filter

The matched filter technique used in this study was the robust column-wise matched filter

tuned with a methane unit absorption spectrum [50]. This matched filter tests each spectrum
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Table 4.1: MODerate resolution atmospheric TRANsmission (MODTRAN) inputs for simu-
lating the atmosphere.

Attribute Values

Wavelengths 350-2500 nm
Carbon dioxide 405 ppm

Water Vapor 1.535 cm
Visibility 30 km

Methane (background) 1.7 ppm

against a target signature while accounting for the background covariance. Here the target

signature is a methane unit absorption spectrum, computed from the change in radiance corre-

sponding to a 1 ppm change in methane concentration enhancement in MODTRAN6 for the

scene’s sensor height and solar zenith angle. The column-wise matched filter recognizes that

push broom sensors, like AVIRIS NG, have a different detector for each column with unique

spectral sensitivity and noise characteristics, resulting in a slightly different background co-

variance for each column. Therefore, the matched filter is applied separately to each column.

More information on this method can be found in Thompson et al. (2015).

The resulting methane enhancement image is measured in ppm-m, where ppm represents

concentration in parts per million and m represents the path length over which absorption

occurs in meters. This algorithm can be interpreted as a detection result (presence/absence of

methane for a positive/zero enhancement value) or as a per-pixel quantitative retrieval.

4.3.3 IMAP-DOAS

Differential Optical Absorption Spectroscopy (DOAS) describes the relationship between

incident intensity for the vertical column and the measured intensity after passing through a

light path containing an absorber [66]. The IMAP-DOAS retrieval incorporates optimal esti-

mation theory to adjust the column densities of gases until there is optimal agreement between

the measured and modeled radiances. It has been modified for use with AVIRIS NG [51]. For
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more information on this retrieval algorithm, please see Thorpe et al. (2017).

The IMAP-DOAS algorithm retrieves a scale factor and a volume mixing ratio (VMR) for

the entire column. The DOAS algorithm is designed to estimate the actual methane concen-

tration for each pixel; therefore, the scale factor produced by the algorithm represents a value

to be multiplied by the prior in order to properly scale the prior to the correct concentration.

In order to get a value that is comparable with the matched filter and the synthetic image, the

IMAP-DOAS results must be converted to ppm-m. To convert the units we first take the Verti-

cal Column Densities (VCD) in units of molecule/cm2 from the IMAP-DOAS prior. The VCD

is then multiplied by the scale factor to get the actual VCD for every pixel. The VCD is then

converted to ppm-m assuming a standard atmosphere. The following equation shows the VDC

to pmm-m unit conversion.

αppm−m =
αVCDmolec

100cm3 ∗ 1cm3

1E −6m3 ∗
1mol

6.022E23molec
∗ 22.4L

1mol
∗ 1m3

1000L
∗1E6ppm (4.1)

Where αppm−m is a pixel in units of ppm-m and αVCD is the vertical column density in

units of molecules/cm2 for each pixel.

4.3.4 Large-Eddy Simulation Plumes

Large Eddy Simulations (LES) model a realistic three-dimensional distribution of methane

in the boundary layer [100, 101, 102]. These models were run assuming methane emitting

from a point source with a stable emission rate of 500 CH4 kg/hr and a cloud free convective

atmosphere. The model was run with wind values that ranged from 1 to 10 m/s. Studies have

found that the average terrestrial wind speeds range from 0 to 10.5 m/s with the majority of

average wind speeds falling between 1.5 and 6 m/s [103]. Although wind speeds can be much

higher, 1 to 10 m/s is a common terrestrial wind speed range found in methane studies. For
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each wind speed, the model is spun up and 15 two-dimensional snapshots in time are saved. For

our analysis focusing on the spatial resolution and flux rate, we picked the final snapshot for

each wind speed. An example of the LES plumes at different wind speeds is shown in Figure

4.2. For our analysis on wind speed we looked at all 15 snapshots. Additional information on

the model parameters, beyond wind speed, can be found in Matheous and Bowman (2016) and

Matheous and Chung (2014).

The flux rate for each plume was modeled by multiplying the original plume by a scalar to

change the per-pixel concentration. We modeled 34 flux rates between 50-5000 kg CH4/hr. We

also examined 24 flux rates between 10 and 250 kg CH4/hr. The second range of fluxes allowed

us to examine the lower flux rates with more detail. In two previous studies surveying methane

plumes with AVIRIS NG over large areas [27, 25], the range in flux rates was 10 to 10,000 kg

CH4/hr. In this study, we are primarily focusing on identifying the minimum detectable flux

rates and therefore chose to only focus on the smaller half of the previously reported ranges.

The spatial resolution was adjusted by resampling the original image with bilinear inter-

pretation. The spatial resolution of the original LES plumes was 5 m. We tested 8 different

spatial resolutions: 5, 15, 30, 45, 60, 120, 250, 500 m. Five meters is typical for AVIRIS NG

if flying 5 km above the ground, and 15 m is a reasonable resolution for a airborne sensor

flying at a higher elevation. Thirty, 45, and 60 m are potential ranges of spatial resolutions for

satellite sensors. The recently launched PRISMA (30 m), the planned imaging spectrometer

missions including EMIT(60 m), EnMAP (30 m), and the planned carbon specific missions

such as Carbon Mapper and GHGsat [40, 104] have resolutions within this range. One hun-

dred and twenty, 250, and 500 m are spatial resolution ranges for more moderate resolution

instruments such as the Environment Defense Funds’ (EDF) MethaneSAT. The stated satellite

missions’ have other qualities (SNR, spectral resolution) that may improve or hinder methane

detection, so this analysis is not a review of these mission’s methane detection abilities but

rather an evaluation of how an imaging spectrometer similar to AVIRIS NG would perform at
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different spatial resolutions.

Figure 4.2: Each tile is an example of an LES plume at a different wind speed. In this example
the flux rate is 500 kg CH4/hr and the spatial resolution is 5 m. One snapshot was chosen for
each wind speed, and the threshold is 400 ppm-m. Note the elongated plume shape at high
wind speeds and the pooling of methane at low wind speeds.

4.3.5 Thresholds and Plume Detection

To separate the plume from the background, we applied a methane threshold to each image

to filter out background noise. The best practices for determining a threshold for methane re-
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trievals from imaging spectrometers have not yet been established, and often theoretical values

are used to determine what the threshold should be. Here we quantitatively determined the

best thresholds. Previous studies have shown that albedo can have a large influence on results

[98]. We therefore looked for the best threshold for low, medium, and high albedo scenarios.

We define high albedo as pixels that have a value of 2.1 µWcm−2nm−1sr−1 at 2139 nm or

higher. Medium albedo are pixels between 1.3 and 2.1 µWcm−2nm−1sr−1 at 2139 nm and low

albedo are pixels below 1.3 µWcm−2nm−1sr−1 at 2139 nm. In addition, we looked at differ-

ent thresholds for each methane retrieval algorithm. These thresholds are evaluated, and one

was selected to isolate the plume in LES images. However, the thresholds, and the threshold

selection process, can also act as a guide for thresholding plumes in future work.

In order to determine appropriate thresholds, we characterized the variation in the re-

sults from the non-methane pixels and compared them to the distribution of results from the

methane-enhanced pixels. We filtered the pixels into low, medium, and high albedo values as

well as separating the analyses by algorithm. We then proceeded systematically from the low-

est modeled methane enhancements to the highest methane enhancements (as modeled in the

synthetic image) and analyzed the distribution of the results for each enhancement. We then

used a Kolmogorov-Smirnov (KS) test [105] to determine if the enhanced distribution was sig-

nificantly different from the background distribution at a p-value of 0.005. The value at which

the distribution of the methane enhancement is significantly different from the background was

the value of the threshold. It should be noted that the existence of spatial autocorrelation in the

imagery may result in an over-estimate of p-values. The spatial structure in the images reduces

the true degrees of freedom within the information contained in the simulated scenes, and the

number of pixels therefore probably overestimates the number of independent observations.

Nonetheless, this approach does provide a systematic evidence-based method for determining

thresholds.
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4.3.6 Calculated Flux Rates

For every plume the parameter of interest is the flux rate. Therefore, for each plume we

calculated a flux rate which is referred to as the calculated flux rate. For this study we used a

simple flux rate equation. Equation 4.2 shows the simple flux calculation.

f lux =
IME

l
u (4.2)

Where l is the length of the plume (m), u is the wind speed (m/s) and IME is the Inte-

grated Mass Enhancement (kg). We calculated an Integrated Mass Enhancement (IME) for

each plume by multiplying the area of each pixel (m2) by the methane value (kg/m2) and sum-

ming all of pixels in the plume (Equation 4.3).

IME = k
n

∑
i=0

α(i)S(i) (4.3)

where α(i) is the methane value in ppm-m for the ith pixel in the plume with a pixel area of

S(i). The constant k is used to convert to methane mass units. The length is measured from the

point of origin or the source to the furthest point downwind in the contiguous plume. In this

study, the plume length was calculated by creating a convex hull around the area of the plume.

We then calculated the Euclidean distance between the two furthest away points on the convex

hull. Figure 4.3 shows an example of the plume length measurement. This method works well

for elongated plumes; however, this method is less accurate for highly concentrated plume, i.e.

plumes associated with low wind speeds.

The majority of the equation for the flux rate is a ratio between the IME and the plume

length. The plume length and the IME are the two variables that are calculated directly from

the plume, and therefore play an integral role in quantifying the plume. Ideally as the thresholds

for detection sensitivity change, the IME and the plume length would change at a similar rate
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to produce a consistent flux estimate. This makes the calculated flux a good metric of detection

ability because it combines the IME and the plume length.

Figure 4.3: An example of the plume length measurement. This plume has a spatial resolution
of 5 m, a flux of 500 kg/hr, and a wind speed of 9 m/s with a 400 ppm-m threshold. The black
line shows how to measure the distance from the point of origin (where there are higher
methane values) to the furthest downwind point on the plume. The measured length is 561.65
m, the calculated flux is 657.05 kg/hr.

4.4 Results

4.4.1 Thresholds
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Figure 4.4: The synthetic image enhancement (A), results from the matched filter (B) and
IMAP-DOAS algorithm (C), and an True color image of the background (D). The data from
this figure is used to determine the thresholds.

The results from the Matched Filter and the IMAP-DOAS algorithms are shown in Figure

4.4. These results provided inputs for the threshold analysis. Note that the pattern in the

synthetic image holds for both of the retrievals, but the results are fairly noisy. This is typical

of an AVIRIS-NG methane retrieval. Also note that the results differ between algorithms and

that the results are clearly influenced by the underlying landcover. Therefore, we separated the

thresholds by algorithm and albedo.

The KS tests reveal four threshold values between the matched filter, IMAP-DOAS, and

the three different albedo levels. The p-values of interest for the KS tests are reported in Table

4.2. Figures 4.5 and 4.6 show examples of the distributions used to run the KS tests. The

distribution of the enhanced pixels (blue) become visually more distinct from the distribution

of the background pixels (black) as the enhancement value increases. The background pixels

are any pixels that do not have a modeled methane enhancement. For example, in Figure

4.4, this would be the top half of the images. For the IMAP-DOAS algorithm results from

high albedo pixels, the enhanced values showed a significant deviation from the background

values at 400 ppm-m. For the medium albedo results, the enhanced distribution is significantly
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different from the background at 600 ppm-m, and for the low albedo results the threshold value

is at 2200 ppm-m.

The matched filter at the high albedo and the medium albedo cases both show significant

deviation from the background at 600 ppm-m. Two hundred ppm-m also has a significant

p-value with the high albedo pixels, but the plotted results in Figure 4.6 show that the 200

ppm-m distribution is significantly less than the background and therefore does not count as a

value with a methane enhancement that is above the background. For the low albedo case, the

matched filter did not show a significant deviation from the background until 1000 ppm-m.
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Figure 4.5: Each plot shows an empirical cumulative distribution function (ECDF) for the
high albedo IMAP-DOAS results. The black line is the ECDF for the background pixels, and
the blue line is the ECDF for each enhancement. The enhancement value is listed in the title
of each tile. As the enhancement gets larger, the two ECDFs become more distinct. Note
that the x-axis is ppm, the original IMAP-DOAS results are reported in ppm, and the original
values were used in this analysis and later converted to ppm-m.
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Figure 4.6: Each tile is an empirical cumulative distribution function (ECDF) for the high
albedo matched filter results. The black line is the ECDF for the background pixels and the
blue line is the ECDF for each enhancement. The enhancement value is listed in the title of
each tile. As the enhancement gets larger, the two ECDFs become more distinct.
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Table 4.2: MODerate resolution atmospheric TRANsmission (MODTRAN) inputs for simu-
lating the atmosphere from the aircraft to the top-of-atmosphere (TOA).

Methane ppm-m Matched Filter IMAP-DOAS

High Albedo 200 0.003** 0.052
400 0.06 0.003*
600 0.001* 0.0*

Medium Albedo 400 0.081 0.082
600 0.0* 0.002*

Low Albedo 1000 0.003* 0.083
1200 0.00 0.146
1400 0.0 0.011
1600 0.0 0.327
1800 0.0 0.603
2000 0.0 0.111
2200 0.0 0.0*

*p < 0.005
** p is significant, but the distribution of the pixels with enhancements is lower

than the background distribution.

The results indicate that there is no one best threshold that works for all scenarios. Deter-

mining a threshold is dependent on the methane retrieval algorithm, the relative albedo of the

scene, and the user preference. The results also highlight some differences between the two

retrieval algorithms. For the high albedo analysis, the IMAP-DOAS algorithm is much more

sensitive to the methane enhancement at a lower threshold. For the medium albedo analysis,

the two algorithms performed similarly. For the low albedo analysis, the matched filter is able

to identify a methane enhancement at a much lower level than the IMAP-DOAS algorithm.

These results indicate that the matched filter has a lower threshold in low albedo scenarios

while the IMAP-DOAS has a lower threshold in high albedo environments.

In the next stage of our analysis, we apply a threshold to the LES plumes. The LES plumes

do not have background noise that needs to be filtered out as it would need to be done with a

plume retrieved from an image. Therefore, for this study we look at how each of the four pos-

sible thresholds performed when calculating a flux rate with the LES plumes. Figure 4.7 shows
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the calculated flux plotted against the modeled flux with the various wind speeds displayed in

the color scale for each of the identified thresholds. The 400 ppm-m threshold has the highest

correlation (R) value, followed by 600, 1000, and 2200 ppm-m. The correlation coefficient

or slope for all thresholds is one or close to one. In general, all of the thresholds had similar

results: however, the 400 ppm-m threshold had the best R value. For the latter part of this anal-

ysis we chose to use the 400 ppm-m threshold. The 600 ppm-m threshold is chosen as the ideal

threshold more times; therefore, if we were to be using retrievals from AVIRIS-NG rather than

LES plumes, 600 ppm-m would be the better threshold. However, in the sensitivity analysis

we use LES plumes, which are an idealized version of the AVIRIS-NG plume; therefore the

lower and more accurate threshold is better.

Also important to note in Figure 4.7 is the distribution of the results in regards to the wind

speeds. The higher wind speeds (plotted in red/orange) tend to be above the one-to-one line,

revealing a pattern of flux overestimation. The low wind speeds (purple/blue) tend to be below

the one to one line showing a pattern of flux underestimation. Additional analysis into the wind

speed is reported in the next section.
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Figure 4.7: The modeled flux is plotted against the calculated flux for every flux rate and wind
speed at 5 m spatial resolution with a 400, 600, 1000, or 2200 ppm-m threshold. The dashed
line in all plots is the one to one line, the black solid line is the regression line. The R, slope,
and intercept are shown on each plot. The colors represent different wind speeds.

4.4.2 Spatial Resolution and Wind Speed

Figure 4.8 shows the calculated fluxes from the LES plumes for every wind speed and flux

rate at each spatial resolution. In addition, the mean and standard deviation of the pixel count

(number of pixels in each plume) is displayed for each spatial resolution plot. The left column

of plots are the finer spatial resolution plots and therefore the analysis focuses on the lower flux

rates. The right column panels are the coarser spatial resolution plots, and therefore focus on a

higher range of flux rates. Every pixel represents a plume, the colors represent the calculated
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flux rates, and the gray pixels are plumes where the entire plume was below the 400 ppm-m

threshold. The mean pixel count is included because it is a good metric of the level of detail

in the plume at that resolution. Generally, in remote sensing, as the spatial resolution becomes

coarser there are fewer pixels covering the same area on the ground, and therefore less detail or

resolution. However, it is still important to note when a calculated flux is based off of one pixel

or 150 pixels. The pixel count, in conjunction with the calculated flux gives the most accurate

picture of detectability at different spatial resolutions and wind speeds.
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Figure 4.8: Each plot shows the calculated flux rate for every modeled flux rate (x-axis) and
wind speed (y-axis) at the spatial resolution listed above it. Also listed in the plot title is the
average pixel count. The left column of plots are the fine spatial resolution plots which share
the same x-axis (0 -250 kg/hr) and scale bar. The right column of plots are the coarse spatial
resolution plots. They also share the same x-axis (0 -5000 kg/hr) and scale bar.
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Spatial Resolution

A noticeable trend in Figure 4.8 is the reduction in the average pixel count with coarsening

spatial resolution. As expected, the coarsening spatial resolution causes the pixel count to

decrease. This means that at coarse spatial resolutions there are less data used to calculate

the flux rate. The calculated flux rate, which uses the IME and plume length and therefore

is sensitive to both, tends to increase with a coarser spatial resolution. For example, in the

left column of Figure 4.8 the maximum calculated flux for the 45 m plume is about 1000

kg/hr when the maximum modeled flux is 250 kg/hr. In contrast, the maximum calculated

flux for the 5 m plume is about 500 kg/hr. For the right column the maximum calculated flux

rates for the 500 m plume were about 10,000 kg/hr and the maximum calculated flux rates for

the 60 m plume were about 7000 kg/hr. The maximum modeled flux rate for both was 5000

kg/hr. In both cases the coarser spatial resolution overestimates the flux rate. The increase in

calculated flux is due to a change in the ratio between the IME and the plume length. With an

overestimation of the flux rate, the IME is either too small or the plume length is too long to

accurately calculate the flux rate. In addition, with coarsening spatial resolution, more plumes

become undetectable, meaning there were no pixels above the threshold. In Figure 4.8, as the

spatial resolution coarsens, there is an increase in the gray area in each plot. From this we can

conclude that coarsening the resolution makes detection more difficult and increases the error

in the calculated flux.

Figure 4.9 distills the results from Figure 4.8 regarding spatial resolution. The lines repre-

sent the lowest flux rate at which there are pixels above the threshold. The 1 m/s and 10 m/s

(blue and red lines respectively) do this for the stated wind speeds. The max line finds the flux

rate at which the plume has at least one pixel above the threshold for all wind speeds. The

min line is the flux rate where at least one wind speed displays a pixel above the threshold.

Figure 4.9 shows that detection became more difficult with coarse resolution. It also shows the
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minimum modeled flux rate for which a plume is detectable at each spatial resolution (note the

non-linear x-axis). Without considering other factors, such as SNR or spectral resolution, the

minimum detection ranges for the spatial resolutions are as follows: For 5 – 15 m the minimum

detection is between 20-30 kg CH4/hr, the 30-60 m minimum detection is between 40-210 kg

CH4/hr, and for 120-500 m the minimum detection is between 220 – 5000 kg CH4/hr.

Figure 4.9: For every spatial resolution the minimum flux detectable with a 400 ppm-m
methane enhancement. The blue line is for 1 m/s, and the red line is for 10 m/s. The green
line is maximum value, or the flux value at which all wind speeds have a detectable plume.
The cyan line is the minimum value, or the flux value where at least one wind speed shows a
detectable plume. Satellite (1) represent imaging spectrometers with a 30-60 m spatial resolu-
tion, and Satellite (2) represent imaging spectrometers with a 120 to 500 m spatial resolution.

Wind Speed

Apart from spatial resolutions, Figure 4.8 also shows how detectability and the calculated

flux change with wind speed. In general, we see that as the wind speed increases, more plumes
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become undetectable. This is because as the wind speed increases, the plume spreads out over

a larger area and causes the per-pixel methane values to decrease. This in turn results in plumes

where all the pixels are below the threshold and are therefore undetectable. Figure 4.9 shows

that the minimum detection limits are much higher for 10 m/s wind speed than for 1 m/s wind

speed.

Wind speed can also influence the accuracy of the flux calculation. Figure 4.10 shows

the mean and standard deviation of the percent error for the calculated flux at each wind speed.

The mean and standard deviation of the percent error for each wind speed is calculated from 15

snapshots at each wind speed and from flux rates between 50 and 5000 kg CH4/hr. The lowest

wind speed (1 m/s) causes the flux rate to be underestimated. The moderate wind speeds (2 –

4 m/s) produce the most accurate results. The high wind speeds (5 m/s and higher) cause an

overestimate of the flux rate. Figure 4.10 shows 5, 30, and 250 m as representatives of each

spatial resolution category. As the spatial resolution coarsens, the variation in the percent error

increases, but the overall pattern remains the same.
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Figure 4.10: For every windspeed (x-axis) the percent error between the calculated flux rate
and the modeled flux rate. The error bars are one standard deviation. Each line represents a
different spatial resolution. The dashed line is at zero and represent the ideal results.

4.5 Discussion

4.5.1 Thresholds

In this study, we identified four thresholds using a KS test (400, 600, 1000, and 2200 ppm-

m). Here, we discuss these thresholds and what they tell us about the retrieval algorithms. We

then discuss the thresholds in the context of previous studies. Finally, we discuss the threshold

used in this study to isolate the plume in the LES images.

One important result from our study is that IMAP-DOAS tends to perform better at high

albedos, while the matched filter tends to perform better at low albedos. Hence, 400 ppm-m
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was the high albedo IMAP-DOAS threshold and 600 ppm-m was the high albedo matched

filter threshold. The IMAP-DOAS algorithm has a slightly lower threshold than the matched

filter which indicates the IMAP-DOAS is slightly more sensitive to low methane values at high

albedos. For the medium albedo pixels, both algorithms had a 600 ppm-m threshold. There

was no change in the matched filter threshold between the high and medium albedo, showing

that the matched filter is less affected by the albedo than the IMAP-DOAS algorithm. The

matched filter low albedo threshold was 1000 ppm-m, and the IMAP-DOAS threshold for the

same albedo range was 2200 ppm-m. The matched filter threshold is lower, indicating that it is

less sensitive to low albedos than IMAP-DOAS. An important advance, demonstrating, for the

first time, the ability to use an empirical test to automatically identify these values.

Applying thresholds to this type of data is standard practice. To date, there are two major

studies that have applied these methane retrieval algorithms to map methane over a large area

with AVIRIS NG. One study investigated plumes in the Four Corners region of the United

States and used a 200 ppm-m threshold to segment plumes [25]. The other study looked at

all methane sources in the state of California and used a 1000 ppm-m threshold to segment

plumes [27]. While the 200 ppm-m threshold is lower than the lowest value identified in this

study, the 1000 ppm-m is a threshold identified in this study. These results indicate the thresh-

olds chosen in previous studies were reasonable, but not rigorously tested. From the analysis,

we saw that the correlation between the calculated flux and the modeled flux can change with

different thresholds. This indicates the necessity to have a concrete methodology to determine

an appropriate threshold. This study offers a methodology to determine the thresholds or pro-

vides a range of potential thresholds. These thresholds can be used in future studies or this

methodology can be used to determine future thresholds.

In this study, we apply one threshold to the LES plumes. The LES plumes are an idealized

representation of a methane retrieval from an imaging spectrometer. An actual methane plume

retrieval has noise in the background, it has spurious signals (also known as false positives),
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and it is influenced by the underlying land cover, which can cause changes to the perceived

plume shape. In both a real methane retrieval and an LES plume, if the threshold is too high,

then too much of the plume is filtered out. However, in a real retrieval, if the threshold is

too low, then spurious signals can be introduced into the plume. In contrast, if a threshold is

too low in the LES plumes, no spurious signal is introduced. The threshold and the threshold

choice are much more important for real images than they are for LES images. For this analysis

we felt confident in choosing the threshold that produced the best calculated flux results (400

ppm-m). However, other factors, such as albedo and primary retrieval algorithm, would need

to be considered when selecting the threshold for a real image. In fact, had we been using real

images, a 600 ppm-m threshold may have been better.

4.5.2 Spatial Resolution

Spatial resolution plays a major role in determining the size of plumes that can be de-

tected and accurately mapped with imaging spectrometers. The main driver of the lack of

detection with spatial resolution is the reduction in the per-pixel methane value with coars-

ening resolution. As the spatial resolution becomes coarser, the plume becomes less distinct

and the per-pixel methane value decreases. As the per-pixel methane value decreases, more

pixels end up below the detection threshold (400 ppm-m). A possible solution for decreasing

the minimum detectable flux in coarse spatial resolution scenarios is to reduce the threshold.

The distribution of the background pixels should also decrease with coarsening resolution, and

there should be less noise. This should make plumes with a lower per-pixel ppm-m value stand

out. Therefore, decreasing the threshold will allow more pixels to be included in the plume.

Not only did the minimum detectable flux increase with coarsening spatial resolution, but we

also found that the calculated flux rate increased with increasing spatial resolution. This is due

to the IME being too small in relation to the plume length or the plume length being too long
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in relation to the IME. Again, it is possible that reducing the threshold could help solve this

problem, but additional experimentation with determining thresholds at coarsening resolutions

will be necessary to verify this hypothesis. In general, we can conclude that coarsening spatial

resolution causes plumes to become less detectable and the flux result to be less accurate.

The effect of spatial resolution is especially important because it is one of the features

that distinguishes different sensors and it can determine what types of emissions a sensor can

target. The variety of spatial resolutions represented in this study are similar to the spatial

resolutions in our current and future field of sensors. It is critical to note that each sensor

also has different SNRs and spectral resolutions which can significantly change the per-pixel

sensitivity to methane. This study did not provide an analysis of the sensitivity of any specific

sensor but rather an analysis for an ideal imaging spectrometer at different spatial resolutions.

However, the analysis done at the 5 m spatial resolution is a similar resolution to AVIRIS

NG and other airborne sensors currently in operation. The spatial resolution of AVIRIS NG

is directly correlated to the height of the plane. In the event the plane flies at a much higher

altitude, the spatial resolution could be as coarse as 15 m. Previous studies have identified 10

kg CH4/hr as the minimum detection limit for AVIRIS NG [27]. From our analysis, we can

conclude that airborne flights have the capability to target smaller plumes on the order of tens

of kg/hr or larger. Plumes from sources with flux rates below 100 kg/hr make up a little less

than half of known point source plumes [27]. Although it should be noted this statistic is from

two AVIRIS NG campaigns and therefore does not take into account plumes smaller that 10

kg CH4/hr. Nevertheless, a sensor with this resolution range should, therefore, capture more

plumes than a coarse resolution sensor.

The future generation of imaging spectrometers that include PRISMA, EnMAP, EMIT, and

SBG are all in the 30 to 60 m range. GHGSat and the planned Carbon Mapper are also in the 30-

60 m range. Although this analysis does not specifically test the capabilities of these sensors, an

ideal imaging spectrometer with a 30 to 60 m spatial resolution has the ability to target sources
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with plumes on the order of 100s of kg/hr or larger. Previous studies have identified 100 kg

CH4/hr as the minimum flux rate detectable by a spaceborne imaging spectrometer [28, 29], and

our findings agree with this limit. According to the data from previous AVIRIS NG campaigns,

plumes 100 kg/hr or larger make up a little over half of the known plumes but contribute well

over 75 percent of total emissions [27]. Although sensors with this range of resolutions may

miss the small plumes, they will capture the majority of point source emissions. MethaneSAT,

a methane-specific satellite from the Environmental Defense Fund has spatial resolution of 400

x 100 m. Again, we did not test this specific sensor, but if an imaging spectrometer were to have

a spatial resolution between 250 and 500 m, the minimum plume range would be somewhere

between 250 and 5000 kg/hr. Therefore, this range of sensor could detect a small fraction

of plumes. However, plumes at 500 kg/hr and larger represent about half of all emissions.

Therefore this sensor may be able to detect plumes know as super-emitters, or the handful of

plumes that represent the majority of emissions.

4.5.3 Wind Speed

Wind is the driving factor in determining the shape of the plume and is also a critical

parameter in the flux calculation. In this analysis, we isolated the effects of the wind speed on

the plume detection/quantification in order to understand what the most desired wind speeds

are for calculating flux rates. In general, the minimum detection limit increases with increasing

wind speed. In Figure 4.9 we see that the 1 m/s wind speed has a significantly lower detection

limit than the 10 m/s wind speed. As the wind speed increases, the methane becomes more

dispersed, and the per-pixel methane concentration decreases, causing more of the pixels to

fall below the threshold and therefore become indistinguishable from the background. Besides

making the plume less detectable, it also artificially shortens the length of the plume. For the

flux calculation, not only does the plume need to be detected, but there also needs to be an
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accurate measurement of the plume length and the IME.

Low wind speeds cause the plume to form a non-linear shape, which can make determining

the downwind direction and plume length difficult. For this type of flux estimate to work

properly, there needs to be some wind to elongate the plume and make the length calculation

clear. However, there also needs to be enough methane above the threshold to get an accurate

IME. Therefore moderate wind speeds are best for flux estimations. In both Figure 4.7 and

Figure 4.10 we see that moderate wind speeds result in the most accurate flux rates. This

may be because as the wind speed increases, the plume becomes more spread out and the end

falls below the threshold. This results in the the length of the plume becoming too short with

respect the IME. As a result, the IME increases at a faster rate than the plume length, and

the flux rate tends to get over estimated. In the results, we see that wind speeds at 5 m/s and

above overestimate the flux rate. At 1 m/s we see the opposite phenomena: the plume length

appears to be too long for the associated IME, causing the flux rate to be underestimated.

Thus, between 2 and 4 m/s, the ratio between the IME and the plume length results in the

most accurate flux estimations. This pattern was also noted in Varon et al. (2018) [76]. In this

case the authors used a similar method to calculate the plume but used an effective wind speed

instead of the observed wind speed. They determined the effective wind speed by building an

empirical relationship between the observable wind speed and a back calculated wind speed.

By applying this empirical relationship to the observed wind speed before calculating the flux

they were able to improve the accuracy of the flux estimation at high wind speeds. This is

a possible solution to the error pattern observed in the results of this study. However, it is

important to note that Varon et al. (2018) also used LES plumes, therefore additional work

is needed to determine if the pattern observed with the wind speed is a true phenomenon or a

function of the LES.

Wind speed has long been a large source of error in calculating flux from static plume

images. The error typically comes from uncertainties regarding the wind speed at the time
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of the image acquisition. The average error associated with unknown wind speeds at time

of acquisition, when using modeled data, is ± 19 percent [27]. However, here we show that

even with perfect knowledge of the ambient wind speed, the wind inserts a different type of

uncertainty. The wind speed can change the apparent size and shape of the plume which in turn

affects the accuracy of the measured plume length and IME. For 1 m/s wind speed the mean

percent error was between -33 percent and -40 percent depending on the spatial resolution.

For the 2 – 4 m/s wind speeds, the mean percent error is between -3 percent and 17 percent

error. For the 5 m/s wind speed and higher the mean percent error was between 13 and 60

percent depending on the spatial resolution (Figure 4.10). This type of error is derived from

errors in measuring length and IME. Novel methods to deduce the wind speed and methods

of calculating flux rate that are less sensitive to wind speed may be necessary to reduce the

error introduced into the flux estimate from wind. For example in satellite-based cloud and

precipitation analyses, rapidly repeated observations of thermal infrared radiation are used to

infer wind speeds. Similar approaches might be feasible, at least for space-borne monitoring

systems.

4.6 Conclusion

We used synthetic images to develop and demonstrate a useful empirical approach to iden-

tifying detection thresholds, based on KS goodness-of-fit tests. We identified thresholds for

the two main methane retrieval algorithms at different albedos. A 400 ppm-m threshold was

then identified as the best threshold for high albedo scenes with the IMAP-DOAS algorithm.

This threshold produced the highest R value for the modeled versus calculated flux estimates

and was therefore used throughout the study. We then applied the threshold to LES plumes in

order to understand the sensitivity of wind speed, flux rate, and spatial resolution on detection

and calculated flux. Specifically, we sought to understand the minimum detection limits for
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different spatial resolutions and wind speeds and to understand the effect of wind speed on the

calculated flux.

In general we found that coarsening spatial resolution caused plumes to become less de-

tectable and for the calculated flux to be less accurate. We found that for imaging spectrometers

with a 5 – 15 m spatial resolution, the minimum detection was between 20-30 kg/hr. For the

30-60 m resolution, the minimum detection was between 40-210 kg/hr. And for the 120-500

m resolution, the minimum detection was between 220– 5000 kg/hr. As more sensors become

operational and as other sensors are designed, understanding the detection limits due to spatial

resolution can help define what types of methane emissions a certain sensor can map. It can

also help guide sensor development to target a specific type of methane emissions. We also

found that moderate wind speeds (2-4 m/s) have the most accurate calculated flux rates. We

found the mean percent errors associated with low wind speeds (1 m/s) were between -33 and

40 percent, while the mean percent errors for moderate wind speeds (2-4 m/s) were the lowest,

with ranges between -3 and 17 percent. The high wind speeds (>5 m/s) caused the largest

errors, with average percent errors between 13 and 60 percent, depending on the spatial res-

olution. Wind speed can introduce error in the results when there is too little wind to form a

distinct plume or when there is too much wind and the plume is blown out.

As more imaging spectrometer data becomes available and new sensors are developed, it

is crucial that we understand how factors such as wind speed, flux rate, and spatial resolution

affect detection of methane emissions. This study quantitatively identified the size of methane

plumes visible at different spatial resolutions and thereby what percent of emissions can be

mapped with different satellites. This study also highlighted an important source of error asso-

ciated with wind speed. With these results we can now improve the accuracy of methane plume

quantification and guide future sensor development. While methane retrievals will remain chal-

lenging, our results indicate that a space-based 30 to 60 m imaging spectrometers should be

capable of detecting the largest emitters that account for the bulk of methane emissions.
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Chapter 5

Conclusion

The overall goal of this research was to use synthetic images to test the sensitivity of methane

mapping with imaging spectrometers to a variety of factors. This dissertation looked at the

effects of albedo, land cover, wind speed, spatial resolution, retrieval thresholds, and SNR on

airborne and satellite mapping with imaging spectrometers. Here I will review the key finding

of each chapter, I will talk about the role this research can play in current and future work, and

I will discuss future directions.

In Chapter 2, I used synthetic AVIRIS-NG images to test the effects of land cover and

albedo on methane retrievals with the IMAP-DOAS algorithm. The synthetic image allowed

for control over the methane concentrations, albedo, and land cover, as well as other atmo-

spheric variables. Overall, I found excellent agreement between the modeled methane and the

IMAP-DOAS results. I found that the most accurate retrievals were over soils and paved sur-

faces due to their high SWIR albedo. Conversely, I found that surfaces with low SWIR albedos

(below 0.10 µWcm−2nm−1sr−1 at 2139 nm) caused higher error in the retrieval results. The

low albedo surfaces include green vegetation and water. Confusers also had higher error due

to the absorption features in the 2200-2400 nm window. Most importantly I quantitatively

showed that changes in the surface can significantly affect our ability to retrieve the column
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concentration of methane accurately.

In Chapter 3, I expanded the use of synthetic images to test the potential to use future Earth

observing satellites such as EMIT or SBG to map and measure methane plumes. I showed

that point source methane emissions from the energy, agriculture, and waste sectors will be

detectable from space. Also in this study, I varied the SNR and spatial resolution of the syn-

thetic satellite scenes and concluded that spatial resolution, more than SNR, was the driver

of detectability. I concluded that a satellite system will be able to map and quantify methane

plumes from sources with fluxes as small as 100 kg/hr.

Lastly in Chapter 4, I looked more closely at the effect of spatial resolution as well the

effects that wind speed and flux rates have on methane detection. Again, I utilized synthetic

images to quantitatively determine methane detection limits and thresholds. I then applied

the thresholds to Large Eddy Simulations. I found that coarsening spatial resolution inhibited

methane detection and accurate quantification of flux rates. I also found that low wind speed

and very high wind speed resulted in larger errors in the flux estimation than moderate wind

speeds.

This research is currently being applied to use imaging spectrometers for methane mapping

and is informing the design of future methane specific imaging spectrometers. Most notably,

the work done in Chapter 3 has spurred the use of imaging spectrometers not designed for

methane mapping to do just that. In Chapter 3, I focus on EMIT and SBG, two future mis-

sions. Although theses missions are not yet operational, researchers involved in both projects

are aware of the potential use for mapping methane and are willing to use the instrument to

collaborate with the gas mapping community. In addition, other imaging spectrometers that

are currently becoming operational, such as PRISMA, have already been used to map a few

methane plumes. Most importantly, thanks in part to this work and the work of many co-

authors, missions specifically for gas mapping are being planned. Most notable is the Carbon

Mapper, a joint mission with JPL, Planet Labs, and the State of California. Already my work
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has provided support for modeling features as the sensor is designed and planned.

A methane specific imaging spectrometer on a satellite platform will have an unparalleled

impact on our ability to constrain localized point source methane plume. In addition it will

allow us to study super-emitters in a way that has never before been done. Currently, the

airborne imaging spectrometers do not have the spatial nor temporal coverage to measure all

known sources. Moving to a satellite platform will increase the spatial resolution from a few

regional sites to practically global coverage. Areas such as fracking sites, international oil

and gas infrastructure, and international landfills can be monitored and the emissions can be

directly linked to their sources. This will provide information on the true number of super

emitters and their locations. The improved temporal resolution will also help to understand

the persistence versus intermittence of these large plumes. In addition, with repeat coverage

of areas we can also help to improve the sensitivity to smaller plumes. while one methane

enhancement could be overlooked as an error, repeat enhancements would improve confidence

that the detection is real.

Beyond expanding applications and new sensor design, my work has provided a better idea

of what types of emissions we can detect and how imaging spectrometers can be integrated

into the carbon monitoring system. The work done in all three chapters helped to analyze the

performance of the methane retrieval algorithms, thereby building confidence in the accuracy of

this type of methane mapping. In addition, the sensitivity analysis helped identify the scenarios

where methane retrievals are least and most accurate. By building confidence in the results, we

can now firmly advocate for imaging spectrometers to be used by industry, government, and

other interested parties to map methane. We can also begin collaborating with other carbon

scientists to better understand methane emission patterns. More importantly the work in all

three chapters helped to define detection limitations for this type of methane mapping. By

defining these limitations, we know what type of methane plumes imaging spectrometers can

and cannot detect and under what conditions. We can show how imaging spectrometers can
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be used with other gas mapping satellite missions and other airborne missions to get the most

complete picture of methane emissions.

This research will also contribute to methane mitigation efforts. By examining the sen-

sitivies and quantifying limitation we can now build a frame work to use this data to control

emissions. Thanks to this work, the limitations of various instruments have been quantified,

so now an efficient plan to use different instruments in tandem can be implemented for moni-

toring efforts. For example, a satellite cannot detect small individual plumes but it will detect

a larger anomaly that would not be caught with the infrequent airborne surveys. This detec-

tion can trigger an aircraft to be sent to survey and further isolate individual plumes from the

large anomaly. With both the airborne and satellite platforms, data on leaks can be quickly

and efficiently communicated to oil, gas, and landfill operators to help them understand where

to concentrate repair efforts. In addition, this can also help identify new sources and work

with new industries to fix potential emissions. One example is the dairy industry; there are

many large plumes coming from manure lagoons and dairy digesters but there is little effort to

examine or mitigate these emissions.

The synthetic images have proven an excellent tool for sensitivity analysis and for looking

at the potential of future sensors. As more sensors are designed, the framework pioneered in

this dissertation will be important for the continual testing and analysis of the new sensors. In

addition, as the application of imaging spectrometers moves beyond methane to other green-

house gases, the synthetic images can be used to test other gases. Similar studies can and need

to be done for carbon dioxide, water vapor, or nitrous oxide. As greenhouse gases continue to

increase and more efforts are made to map and measure them, this type of work will continue

to be necessary.
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