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a b s t r a c t
Airborne remote sensing has been proposed as a potential large-area monitoring tool for geologic carbon
sequestration (GCS) sites. Elevated soil CO2 levels from an underground CO2 leak could induce a plant
stress response that is spectrally discernible from the air. A controlled subsurface CO2 release experiment
was conducted during the growing season at the outdoor Zero Emissions Research and Technology (ZERT)
center to simulate a CO2 leak scenario. Simultaneously, aerial imagery was collected to obtain a time
series used to identify and characterize the simulated CO2 leak prior to, during, and after the three week
CO2 release. A theoretical framework was developed for analytical strategies that could be implemented
to detect a CO2 leak using aerial hyperspectral imagery with minimal a priori knowledge of when and
where a surface leak is going to occur. Areas of inferred CO2 stressed vegetation were identiﬁed using an
unsupervised clustering algorithm. The spectral signatures of this vegetation informed the development
of a red edge index (REI) used to quantify the CO2 stress signal and chart vegetation health trajectories over
the course of the CO2 release experiment. REI was found to be signiﬁcantly lower (Welch’s p-value < 0.001)
in CO2 stressed vegetation as compared to healthy vegetation. Furthermore, maximum differences in
REI (REIhealthy vegetation − REICO2 stressed vegetation ) were observed at the height of the CO2 release followed
by a subsequent decrease in differences once CO2 injection ceased. These results suggest that there
was a cumulative vegetation stress response followed by a possible vegetation recovery and that aerial
hyperspectral imaging may be a plausible method for detecting CO2 leaks from GCS sites.
© 2012 Elsevier Ltd. All rights reserved.

1. Introduction
1.1. Geologic carbon sequestration
Global surface temperature increased 0.74 ± 0.18 ◦ C from 1906
to 2005 (IPCC AR4 2007). Atmospheric carbon dioxide (CO2 ) concentration has risen to over 380 ppm from the pre-industrial level
of 280 ppm—the highest level in over 400,000 years (Cuffey and
Vimeux, 2001; Monnin et al., 2001; Petit et al., 1999; Seigenthaler
et al., 2005). The National Carbon Sequestration Database and Geographic Information System (NATCARB) estimates annual point
source emissions to be over 3.8 gigatonnes (Gt) CO2 for North America (NETL, 2007). North American basalts, deep saline formations,
underground coal seams, and depleted oil wells are geologic regions
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that are potential storage sites with an estimated total capacity of
over 3500 GtCO2 (NETL, 2008; IPCC, 2005; LBNL, 2000; Mingzhe
et al., 2006; Xu, 2004). Currently, there are four industrial-scale geologic carbon sequestration (GCS) projects in operation worldwide:
(1) the Salah gas ﬁeld in Algeria (Rutqvist et al., 2010); (2) the subsea
Sleipner project in the North Sea (Korbol and Kaddour, 1995); (3)
the Weyburn oil ﬁeld in Saskatchewan, Canada (Whittaker, 2004);
and (4) the subsea Snøhvit gas ﬁeld in the Norwegian Sea (Maldal
and Tappel, 2004). Each of these sites is storing approximately 0.001
GtCO2 /year in enhanced coal bed methane or oil recovery efforts.
Safe and efﬁcient GCS must effectively store large amounts of
CO2 underground for extensive periods of time with minimal surface leakage. It has been proposed that a leakage rate of ≤0.01% total
CO2 stored per year would be an appropriate performance requirement to ensure the efﬁcacy of GCS (Benson et al., 2005). Sources
of CO2 leakage from a sequestration site is likely to be conﬁned
to improperly sealed well bores, geologic faults, or fractures in the
otherwise impermeable cap rock (Benson et al., 2005; Cortis et al.,
2008; Knauss et al., 2005; LBNL, 2000; IPCC, 2005; Oldenburg et al.,
2009; Pruess, 2008; Wilson et al., 2007).
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The exact location of a CO2 surface leak may be unknown to land
managers of a GCS site, even though the locations of existing wells
and faults will presumably be known. The Department of Energy’s
(DOE) Regional Carbon Sequestration Partnerships have identiﬁed
numerous geologic formations as potential GCS sites. These areas
are very large and some cover hundreds of square kilometers. There
are numerous methods that a CO2 leak from a GCS site could be
detected, however, most are costly, time consuming and resource
intensive (Spangler et al., 2009; Strazisar et al., 2009). Groundbased methods could only monitor small areas for CO2 leakage
without an impractical amount of labor resources and equipment.
Aerial remote sensing has piqued the interests of managers and
researchers because of its potential as a relatively low-cost, practical monitoring tool with large-area coverage capabilities. This study
investigated the viability of using airborne hyperspectral remote
sensing to detect CO2 leaks by analyzing imagery collected over a
controlled experimental release site.
1.2. Hyperspectral remote sensing for GCS monitoring
Vegetation covers a signiﬁcant portion of the Earth’s land surface
and is likely to be the predominant land cover at GCS sites, therefore, it has been postulated that remote sensing could indirectly
identify subsurface CO2 leaks through the detection of plant stress
caused by elevated soil CO2 (Bateson et al., 2008; Keith et al., 2009).
Remote sensing has been used to assess plant stress in a wide range
of real world applications. Hyperspectral data have been used in
particular because of their wealth of continuous spectral information that is collected in many narrow wavelengths throughout the
visible and near infrared portion of the electromagnetic (EM) spectrum to derive spectral signatures to differentiate and characterize
vegetation (Goetz et al., 1985). Plant reﬂectance and absorption
features that relate to biochemical processes’ found within narrow
band spectra of hyperspectral data can be diagnostic of plant health.
These spectral characteristics otherwise could be masked out by
conventional, broad-band multispectral remote sensing systems
(Lillesand et al., 2008).
1.3. The red edge
Plant stress detection evaluates spectral data in regions that
are either sensitive to plant photosynthetic efﬁciency by detecting
changes in absorption and reﬂectance determined by plant pigment
levels or through the detection of changes to physical plant structure. The most commonly studied spectral region to detect plant
stress occurs on the boundary of the visible red and near infrared
portion of the EM spectrum, termed the “red edge” (∼700–750 nm).
The red edge is a reﬂectance pattern in plant spectra associated
with heavy chlorophyll a and b absorption in the visible light wavelengths (400–700 nm), and high reﬂectance in the near infrared
(750–900 nm) due to the spongy leaf mesophyll (Carter and Knapp,
2001; Smith et al., 1997; Zarco-Tejada et al., 2000). Plant stress
is known to degrade chlorophyll pigment absorption, increasing
the reﬂectance of photosynthetically active radiation in the visible region of the EM spectrum. Analysis of the red edge can detect
plant stress by tracking changes in peak and trough reﬂectance
or changes in the slope derivatives. Narrow band red edge spectral indices, in the form of ratios and derivatives, have been used
repeatedly as proxy measure of stress in plants (Buschmann and
Nagel, 1993; Carter and Knapp, 2001; Carter and Miller, 1994;
Demetriades-Shah et al., 1990; Gitelson and Merzlyak, 1996, 1997;
Smith et al., 2004; Strachan et al., 2002; Vogelmann et al., 1993).
These hyperspectral indices have the distinct advantage of being
more sensitive to smaller, subtle spectral changes than traditional
broad band indices, such as the Normalized Difference Vegetation
Index (NDVI) or Simple Ratio (SR). Hyperspectral techniques that
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use spectral information in the red edge for the proxy measurement
of chlorophyll content and plant structure can therefore be used as
a measure of photosynthetic activity and stress in plants.
1.4. Plant response to elevated soil CO2
Elevated soil CO2 is known to displace oxygen at a plant’s roots,
thereby inhibiting plant respiration and inducing a stress response
(Bergfeld et al., 2006; Maček et al., 2005). Vegetation could act as a
“bellwether” for CO2 leaks at a GCS site if plants exhibit a spectral
stress signature in response to elevated soil CO2 . The direct detection of a CO2 leak by discerning changes in soil CO2 ﬂux or soil CO2
concentration within the range of natural background soil CO2 variability is difﬁcult (Lewicki et al., 2006, 2007), however, the indirect
identiﬁcation of CO2 leaks through the remote detection of plant
stress could be an alternative method. Hyperspectral plant signatures obtained by a ground-based ﬁeld spectrometer were used
to assess plant stress caused by elevated soil CO2 and detected a
plant stress response up to 7.5 m away from a buried release pipe
(Male et al., 2010). The most distinguishable plant stress signatures,
however, were achieved from plants occurring within a horizontal
distance of 2.5 m from a buried CO2 release pipe (Keith et al., 2009;
Male et al., 2010). Another study, investigating the effects of a subsurface natural gas leak, showed that plants within a horizontal
distance of 0.5 m from the buried leak source exhibited clear signs
of stress due to displaced oxygen at the plants’ root zone (Noomen
et al., 2008).
Vegetation stress responses to oxygen depleted soil have been
expressed as increased reﬂectance in the visible red and decreased
reﬂectance in near infrared of the red edge (Keith et al., 2009; Male
et al., 2010; Noomen et al., 2008; Noomen and Skidmore, 2009).
The red edge has also been used in the detection of vegetation
stress before it is visible to the human eye. A 5–10 nm shift of
the red edge towards shorter wavelengths (called the “blue shift”)
has been observed and was associated with pre-visual plant stress
detection (Carter, 1993; Carter and Miller, 1994; Rock et al., 1988).
Pre-visual stress detection has implications for GCS site monitoring, because it could allow for the early identiﬁcation of CO2 leaks
with hyperspectral remote sensing.
1.5. Airborne hyperspectral imaging for plant stress detection
Leaf and canopy-level remote sensing studies have successfully
detected plant stress caused by elevated soil CO2 conditions using
high spatial resolution data obtained on the ground (Keith et al.,
2009; Noomen and Skidmore, 2009; Rouse et al., 2010). There
have been fewer studies using imagery collected from airborne
platforms to speciﬁcally detect plant stress (Bateson et al., 2008).
Scaling up from ground based to aerial remote sensing can confound the process of detecting plant stress due to changes in the
illumination characteristics of a scene, the complexity of vegetation
structure, and a coarser spatial resolution (Knipling, 1970). Leaflevel investigations detect reﬂectance in the near infrared that is
determined by the scattering of light energy within the airy, palisade mesophyll layer within plant leaves. Aerial investigations in
contrast, detect reﬂectance in the near infrared that is sensitive to
a wider variety of factors, including vegetation stress, shadowing
caused by canopy geometry, leaf area index, plant phenology, and
the inﬂuence of background reﬂectance of mixed pixels (e.g., soil
and understory vegetation). These additional environmental variables, coupled with imaging geometry, make it difﬁcult to separate
the physiological plant stress signal of interest from other spectral
inﬂuencing phenomena (Knipling, 1970). Airborne hyperspectral
remote sensing studies, however, have demonstrated that it is possible to detect vegetation stress at the canopy and subcanopy level
(Lawrence and Labus, 2003; Sampson et al., 2003).
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Fig. 1. A cross-section of the buried release pipe at ZERT (Spangler et al., 2009). Zones 1–3 were injected with CO2 at a rate of 0.2 ton/day (=34.8 kg/day) from June 3, 13:20
to June 24, 14:25 for the June, 2010 release experiment.

A single hyperspectral aerial image of vegetation over a shallow
CO2 release experiment showed that vegetation exhibited a stress
response to elevated soil CO2 (Male et al., 2010). This vegetation,
however, was exposed to high levels of soil CO2 for 27 days and was
visibly stressed compared to surrounding vegetation. A single date
classiﬁcation of extremely stressed vegetation due to prolonged
exposure to elevated soil CO2 leaves questions about the efﬁcacy
of hyperspectral monitoring and the extent that a CO2 leak can be
detected from an airplane unresolved.
1.6. Research objectives
Several years of research has been devoted to investigating
potential GCS monitoring techniques, and no single method has
clearly demonstrated that it can meet the monitoring demands of
a real-world GCS site. CO2 leak detection will most likely employ
several techniques integrated into a single monitoring system to
provide the spatiotemporal accuracy required for adequate surveillance. Land GCS (as opposed to submarine GCS) might encompass a
large area that requires a monitoring method with nearly instantaneous data acquisition and large spatial coverage capabilities. We
conducted a 2010 aerial imaging campaign with a hyperspectral
imager (Resonon Inc.) mounted to a small aircraft to construct a
time series of images over a controlled shallow CO2 release experiment to quantify and characterize the spectral changes to overlying
vegetation in response to elevated soil CO2 .
An unsupervised classiﬁcation was performed to test if locations of known CO2 leakage could be spectrally identiﬁed using the
Iterative Self-Organizing Data Analysis Techniques Algorithm (ISODATA). Subsequently, we extracted spectral information from the
pixel clusters centrally located over regions known to leak CO2 at
the surface during injection experiments to develop a new narrow
band index that was sensitive to the CO2 stress signal and could
be used to compare pixel cluster index trajectories for the time
series imagery. The use of an index has the distinct advantages
of removing radiometric variability (i.e., weather and atmospheric
differences) between imaging dates, as well as simplifying the
complex high dimensionality of hyperspectral data for analytical
purposes. The narrow band spectral index was then used to analyze the spectral trajectories as a function of distance from the leak
source through time in order to develop a method that could be
emulated to detect a CO2 leak around a known area of weakness,
such as a well bore or geologic fault.
The goal of these analyses was to provide insight into the feasibility of indirectly identifying CO2 leaks from GCS sites via the
detection of plant stress with airborne hyperspectral imaging by
elucidating the timing of CO2 stress signal detection. Additionally,
these analyses are potential remote sensing monitoring strategies
that could be deployed in a real-world GCS management framework.

2. Materials and methods
2.1. The experimental CO2 release site
The Zero Emissions Research and Technology (ZERT) site is a
controlled CO2 release facility located in a 12-ha agricultural ﬁeld,
on the western edge of Montana State University (MSU) in Bozeman, MT (45◦ 39 N, 111◦ 04 W) at an elevation of 1495 m. The ZERT
site is characterized by a buried horizontal release pipe that was
developed to simulate a longitudinal CO2 leak source, such as a
geologic fault or a weakness in a geologic capstone atop a subsurface reservoir, in order to study potential monitoring tools for GCS
technology. The site is on a relatively ﬂat alluvial plain that consists of thick sandy gravel deposits overtopped by several meters
of silts, clays, and topsoil (Mokwa, 2006). The buried release pipe is
98 m long with an inner diameter of 10.16 cm and is oriented 45◦
east of true north. The central 70 m of the pipe is perforated to seep
CO2 during injection. A series of packers were placed within the
release pipe to assist in dispersing the gas evenly along the slotted
portions of the release pipe (Fig. 1). The pipe was buried using a horizontal drilling technique that minimized disturbance to the surface
environment, however, the pipe installation was deﬂected from a
perfectly straight path because of cobble in the gravel layer underground. The surface vegetation is primarily composed of a variety
of perennial and annual grasses, alfalfa, dandelion, and thistle.
2.2. Patterns of CO2 movement from a buried release source
Release experiments at the ZERT site have simulated various GCS
leak scenarios to investigate different monitoring tools for quantiﬁcation and characterization of CO2 leaks since 2006 (Lewicki et al.,
2006, 2007, 2010; Male et al., 2010; Oldenburg et al., 2010; Rouse
et al., 2010; Spangler et al., 2009; Strazisar et al., 2009). Research
at ZERT has demonstrated that CO2 injected into the buried release
pipe tends to aggregate into local “hot spots” at the surface (Lewicki
et al., 2007, 2010; Oldenburg et al., 2010). It is theorized that this
pattern of movement is caused by small changes in elevation of the
release pipe due to immovable cobble in the subsurface soil and
due to soil permeability above the pipe. CO2 is thought to move
from areas of lower to higher elevation within the pipe until the
CO2 is forced upwards by the inserted pipe packers. The CO2 then
follows a path of least resistance to the surface. The CO2 hotspots
have been mapped by accumulation ﬂux chambers (Lewicki et al.,
2007, 2010; Spangler et al., 2009) and have been detected spectrally (Keith et al., 2009; Male et al., 2010). The original intent of the
release experiments was to have a uniform pattern of release, however, the patchy nature of the surface CO2 might more closely mimic
the conditions of real-world GCS sites where faults or wellbores
would mostly be sealed and escaped CO2 would follow discrete
pathways (Lewicki et al., 2007).
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Image Acquisition
Dates
Monday, May 31, 2010
Tuesday, June 08, 2010
Sunday, June 13, 2010
Friday, June 18, 2010
Monday, June 21, 2010
Friday, June 25, 2010
Monday, June 28, 2010
Thursday, July 01, 2010

Start of CO2 Release:
Thursday, June 03, 2010

End of CO2 Release:
Thursday, June 24, 2010

Fig. 2. Image acquisition dates.

Previous and subsequent CO2 ﬂux maps have shown that the
CO2 hotspots tend to be centered directly over the release pipe
and remain relatively unchanged with respect to size and location
(Lewicki et al., 2007, 2010; Spangler et al., 2009). We assumed,
therefore, that these CO2 ﬂux maps could be used as reference
for the 2010 aerial imaging campaign given that no ground data
were collected during the June CO2 release in order to minimize
surface disturbance that could bias our analysis. The CO2 hotspots
originated above the pipe packers with the injected CO2 radiating
outward from the center to form areas of pooled CO2 that are 2–5-m
in diameter.
2.3. 2010 Aerial imaging campaign
The three-week CO2 injection experiment commenced on June
3, 2010 at 1320 h. CO2 was injected at a rate of 0.2 ton/day
(=200 kg/day) into zones 1, 2, and 3 in order to mimic an annual
seepage rate less than the 0.01% CO2 stored per year of a 500 MW
power plant which would result in a total storage of 200 megatonnes (Mt) CO2 over a 50 year period (Fig. 1). This is assuming that
the ZERT site is 1% the area of a typical geologic fault and using the
performance standard proposed by Benson et al. (2005). Zones 1,
2, and 3 are sections of the perforated release pipe divided by the
ﬁrst four packers placed at 12 m intervals. The CO2 injection was
terminated on June 24, 2010 at 1425 h.
We collected eight aerial images with a Pika II hyperspectral
imager (Resonon Inc.) mounted above a viewing hole in the fuselage of an airplane. The airborne imaging commenced over the ZERT
site before, during, and after the three week CO2 release (Fig. 2).
Spectral data were collected in 80 bands throughout the visible
and near infrared (NIR) wavelengths (424–929 nm), each with a
6.3 nm channel width. The radiometric resolution of the Pika II sensor was 12-bit quantization at 60 frames per second. The spatial
resolution was approximately 0.3 m from the airplane platform at
an approximate imaging altitude of 600 m above ground level.
The Pika II was connected to a Resonon PCAQ data acquisition
ﬂight computer and an Athena Inertial Navigation System (INS)
(Fig. 3). The ﬂight computer was programmed with the UTM coordinates of the ZERT site, which indicated to the imager when to
begin and end recording. The INS collected spatial reference data
using a Wide Area Augmentation System (WAAS) corrected global
positioning system (GPS) and an Inertial Measurement Unit (IMU).
Image acquisition protocol considered three major factors that
determine image quality: (1) the bidirectional reﬂectance function (BRDF); (2) clouds and particulate matter interference; and
(3) image distortions due to turbulence. Morning image acquisition
was preferable, given that afternoon thunderstorms, cloud formation, and wind were common obstacles to obtaining quality images.
Morning dew consistently covered vegetation at this location, however, which could dramatically affect the spectral characteristics of
the imagery. Imagery was collected, therefore, at approximately
1200 h on each image acquisition day, which allowed the vegetation enough time to dry out and avoided afternoon storm events.
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Each image was acquired perpendicular to the CO2 release pipe
with a ﬂight approach bearing of 135◦ SE of true north. This ﬂight
orientation ensured that the sun angle was parallel to the ﬂight
path to limit shadowing effects that inﬂuence BRDF.
Tropospheric turbulence is known to greatly inﬂuence the stability of an aircraft platform. Images can be skewed due to pitch, roll,
and yaw of an aircraft, further complicating the geometric correction process of aligning pixels to ground control points. One of the
greatest inﬂuences of image distortion is due to the roll motion of an
airplane (Jensen et al., 2008), therefore, images were collected with
a ﬂight orientation that was directly perpendicular to the release
pipe to minimize distortions to the linear position of the buried
release pipe. The ZERT site was characterized by nearly uniform
vegetation cover with few positively identiﬁable ground points to
use for correcting beyond the internal geometric corrections provided by the Athena INS (Fig. 4). 22 tarps, therefore, were placed
at 10-m intervals around the 20-m periphery of the pipe and one
more was placed 2 m from the southwest end of the pipe to provide
additional identiﬁable ground control points to aid in geometric
correction. The inner two vertices of each tarp (towards the pipe),
the pipe ends, and the corners of a semi-permanent storage shed
and a temporary scaffolding were geolocated using a survey-grade
Trimble R8 GPS receiver with RTK (“real-time kinematic”) corrections from the MSU Continuously Operating Reference Station
(CORS) to achieve sub-cm accuracy. Several ﬂight passes were made
on each image acquisition day to ensure that some cloud shadowfree, full coverage images were obtained for each date. Imagery was
collected on May 31, prior to the CO2 release, to provide a baseline
comparison for subsequent imagery of vegetation exposed to elevated soil CO2 . Imagery was also collected after the termination of
the CO2 release on June 25, June 28, and July 1 to investigate the lingering effects of elevated soil CO2 and the possibility of a vegetation
recovery response.
2.4. Data analysis
2.4.1. Image preprocessing
Acquired raw imagery were ﬁltered to select images that were
both cloud and shadow free, as well as contained the entire CO2
release zone. A single image was chosen for each acquisition date
for further analysis. Radiometric corrections were performed by
focusing the Pika II sensor into a Gooch & Housego OL Series 455,
a National Institute of Standards and Technology (NIST) traceable, calibrated light source that utilizes an integrating sphere to
obtain reference spectral response information. Spectral data for
every pixel from acquired images were then cross-referenced to
the ‘radiometric correction cube’ to obtain a multiplier used to correct for the various gain and shutter settings used by the imager on
the different image acquisition dates. The resultant spectral data
were given in radiance, in units of microﬂicks (f).
Images were then geometrically corrected using the Resonon
GeoReg processing software for aligning each pixel to geographic
longitude and latitude coordinates. The software integrates data
collected by the Athena INS for each image, from each ﬂight, to
align the imagery with ground coordinates. This process achieved
approximately 3-m spatial accuracy. Further geometric correction
was performed by referencing a single image (June 25) to the
56 GPS surveyed ground control points. The other images subsequently, were geo-referenced by registering each individual image
to the reference image to achieve sub-meter geometric accuracy. All
images were corrected using a 1st order polynomial model within
ERDAS Imagine using nearest neighbor resampling (Table 1).
Each of the images was cropped using an area of interest (AOI)
within the tarp boundary to isolate the north end of the pipe where
the CO2 release occurred. The artiﬁcial structures, reference tarps,
and northeast pipe end were masked out to produce images that
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Fig. 3. Sensor setup in the aircraft.

Fig. 4. Location of the study area in Bozeman, MT, and an aerial view of the ZERT site.

Table 1
Summary of each image’s spatial resolution and positional error results from the 1st
order polynomial geometric correction models using nearest neighbor resampling.
GCPs were chosen for accurate identiﬁcation on both the reference and registered
images, therefore, the number of GCPs varied slightly for each date. Each date was
resampled using ≥50 GCPs.
Reference image
Date

Spatial Resolution (m)

#of GCPs

Total RMSE (pixels)

June 25

0.34

56

0.2337

Registered images
Date

Spatial Resolution (m)

# of GCPs

Total RMSE (pixels)

May 31
June 8
June 13
June 18
June 21
June 28
July 1

0.37
0.34
0.33
0.36
0.33
0.36
0.34

50
54
55
51
51
52
50

0.2500
0.9422
0.6239
0.5731
0.4842
0.4267
0.4053

contained only vegetation pixels. Given the high spatial and spectral resolution of hyperspectral data, the subset imagery reduced
computer processing time and produced images that were of the
same spatial extent for each acquisition date. The resultant eight
cropped images contained a rectangular area that was approximately 52 m long by 35 m wide.

2.4.2. Hot spot analysis
This study sought to emulate a process to detect a hypothetical
leak from a GCS site when only the location of existing geologic
faults and wellbores in the area—the most likely loci for leak
occurrence—are known. We performed an unsupervised classiﬁcation for each image acquisition date to identify regions of CO2
stressed vegetation.
The unsupervised classiﬁcation (ERDAS Imagine®) used ISODATA with a 0.99 convergence threshold and a maximum of 100
iterations to output 20 vegetation clusters for each image using
the 80 band hyperspectral data. Qualitative observation was used
to identify “conspicuous” clusters that contained clumps of pixels
above the CO2 release pipe. Alternatively, “inconspicuous” vegetation clusters were labeled as healthy vegetation and not further

Author's personal copy
G.J. Bellante et al. / International Journal of Greenhouse Gas Control 13 (2013) 124–137

129

pixel clusters closer to the CO2 release pipe would exhibit more
stress than those clusters that were further away.
A spectral index was developed based on the unsupervised
classiﬁcation results that separated pixel clusters known to be
associated with CO2 leakage and those that were not, to amplify
the CO2 stress signal and to chart plant stress trajectories for
the ZERT imaging time series. This index ratioed the peak and
trough radiance values of the red edge to create the red edge
index (REI), an index sensitive to both chlorophyll absorption in
the visible red (the trough) and physical vegetation changes (e.g.,
leaf area index and canopy geometry) in the near infrared (the
peak). The REI, therefore, is a proxy spectral indicator of vegetation stress and allowed for the evolution of the CO2 stress signal
to be evaluated at the ZERT site over the course of the release
experiment. The REI for healthy vegetation was expected to be
greater than the REI for CO2 stressed vegetation. The difference
in REI (REIhealthy vegetation − REICO2 stressed vegetation ) would be signiﬁcantly greater than zero (Welch’s p-value < 0.05) if elevated soil CO2
concentrations caused a vegetation stress signal in REI that was statistically distinct from healthy vegetation. Statistical signiﬁcance is
sample size dependent and can be inﬂuenced by spatial autocorrelation between pixels that can cause type I error, however. The
difference would not be signiﬁcantly different if the stressed and
healthy vegetation were not spectrally distinct and of the same population. Vegetation was expected to exhibit more stress as the CO2
injection progressed, that is the difference in REI should increase
with longer exposure to injected CO2 , and vegetation should not
exhibit further stress after the termination of the CO2 release, that
is the difference in REI should stay the same or decrease once the
CO2 injection ceased.
Fig. 5. Flow diagram illustrating the process of class assignment for the unsupervised classiﬁcation results.

classiﬁed. The “conspicuous” clusters were further subdivided by
performing a second unsupervised classiﬁcation to distinguish
stressed vegetation from healthy vegetation in convoluted clusters. The second unsupervised classiﬁcation was performed using
the same criteria as the ﬁrst and resulted in 20 ﬁnal clusters. Note
that each cluster is a grouping of pixels based on spectral similarity, therefore, isolated pixels may exist within a given cluster
even if they are not spatially connected. Each of the resultant
20 clusters from the second unsupervised classiﬁcation was then
designated one of four classes using a qualitative coding scheme
(Fig. 5).
Previous ﬂux maps at ZERT (Lewicki et al., 2007, 2010; Spangler
et al., 2009) have shown that the CO2 tends to pool in “hot spots”,
concentrated areas located above the packers that were placed in
the release pipe to create stratiﬁed release zones. It has also been
shown that the injected CO2 does not migrate outside of a 10-m
radius from the CO2 release pipe. Considering this, pixel clusters for
each date were coded as the following vegetation classes: severe
stress (red) if 100% of the cluster pixels occurred within 2-m of the
release pipe; moderate stress (orange) if 100% of the cluster pixels
were within 5-m from the pipe; low stress (yellow) if 100% of the
cluster pixels were within 10-m of the release pipe; and healthy
(not coded) if any of the cluster pixels were further than 10-m away
from the release pipe. Spectral information was extracted for all
the pixels contained within each of the vegetation stress classes. A
companion stratiﬁed random subset of healthy vegetation pixels,
equal in pixel count to the most severe vegetation stress class coded
for that date, within each scene was collected. Spectral information
for each of the 80 Pika II bands was then extracted and averaged
for each CO2 stress class and each companion subset of healthy
pixels to compare spectral signatures of healthy and CO2 stressed
vegetation for each image. It was assumed that vegetation within

2.4.3. Proximity analysis
Plant spectral response was then examined as a function of distance from the CO2 release pipe for the image time series acquired
over the ZERT site. GCS site managers with a priori knowledge of
areas susceptible to potential CO2 leakage could therefore employ
this strategy for monitoring around these loci. GPS survey points
were used in conjunction with the INS data to correct the images
to sub-meter positional accuracy on the ground, however, this was
insufﬁcient for tracking changes in individual pixels through time.
Variable turbulence during image acquisition ﬂights also caused
altitude to be inconsistent resulting in different spatial resolutions
for each imaging date (Table 1). The REI that was developed from
the hotspot analysis was therefore used to assess vegetation stress
levels by comparing pixels that were closer to the CO2 release pipe
with pixels that were further away for each image date by using
different radius buffer delineations around zones 1–3 of the buried
release pipe (Fig. 6). Mean REI calculated for pixels inside each
buffer radius (closer to the CO2 release source referred to hereinafter as release zone pixels) was compared with the mean REI of
all the pixels outside that particular buffer boundary (further away
from the CO2 release source referred to hereinafter as healthy zone
pixels). This process was performed for each the 1-m, 2-m, 5-m, and
10-m radius buffers. Spectral trajectories were then developed by
charting mean REI through time as a function of distance from the
buried release pipe in order to track changes in vegetation stress
response to elevated soil CO2 concentration over the course of the
experiment.
3. Results
3.1. Hot spot analysis
The results of the unsupervised classiﬁcation identiﬁed areas of
inferred vegetation stress in 7 of the 8 imaging dates (Table 2). June
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Fig. 6. Study design of the 2010 ZERT aerial imaging campaign. Aerial hyperspectral image displayed in true color with the cropped boundary of vegetation used in both
analyses for all image dates along with the different radius buffer boundaries used in the proximity analysis.

8 was the ﬁrst image collected after the CO2 release began and on
this day—5 days after the initiation of the CO2 injection—CO2 stress
in vegetation was classiﬁed. July 21 was the ﬁnal imaging day before
the CO2 release was terminated and it contained the highest proportion of clusters (5 of the 20 clusters in the second unsupervised
classiﬁcation) that met the criteria for moderate and severe vegetation stress. The July 21 image also contained the largest total area
of inferred vegetation stress (16.33 m2 ). The CO2 injection was terminated on June 24. Areas of inferred vegetation stress believed to
be caused by elevated soil CO2 concentrations continued to be classiﬁed more than 1 week after the CO2 injection stopped, although
the total area shrank to 6.70 m2 (Table 2).
Visual interpretation of the unsupervised classiﬁcation results
showed that the areas ﬁrst classiﬁed as severe vegetation stress
in the June 8 image are the same areas that reappear and persist
throughout the time series as severe stress in ﬁve of the six subsequent images (Fig. 7). These inferred areas of severe vegetation
stress generally grew in area and remained consistent in location
for the duration of the aerial campaign. There was a high degree

of spatial correlation between the locations of inferred vegetation
stress and the centroids of the mapped CO2 hotspots (regions of
high CO2 ﬂux) derived from CO2 ﬂux measurements obtained on
the ground from a subsequent CO2 release experiment (Fig. 8).
The mean spectral signatures for each vegetation stress class
were compared for each image date and revealed patterns of vegetation spectral response to the CO2 release over the course of the
experiment (Fig. 9). Radiance increased in the visible portion of the
EM spectrum for the severely stressed vegetation classes, while the
low and moderately stressed vegetation classes exhibited slightly
lower radiance values, as compared to healthy vegetation. All of the
stress classes do converge and exhibit a similar response in the near
infrared. The red edge was not observed to shift towards shorter
wavelengths for CO2 stressed vegetation. Red edge mean peak radiance decreased and mean trough radiance increased for the severe
vegetation stress class as compared to the healthy vegetation class.
Severe vegetation stress responses within the inﬂection peak and
trough radiance values of the red edge were inversely related, and
therefore, were used to develop an index (Fig. 10). The REI was a

Table 2
Number of vegetation stress clusters included within each vegetation stress class and the area (m2 ) contained therein from the unsupervised classiﬁcation results in the hot
spot analysis.
Vegetation stress classes
Date

Severe stress class
(area in m2 )

Moderate stress class
(area in m2 )

Low stress class (area
in m2 )

Total # of stress clusters
(total area in m2 )

5/31
6/08
6/13
6/18
6/21
6/25
6/28
7/01

0 (0)
1 (1.73)
0 (0)
1 (4.02)
2 (3.81)
1 (4.39)
1 (3.63)
1 (6.70)

0 (0)
1 (6.82)
0 (0)
0 (0)
3 (12.52)
0 (0)
0 (0)
0 (0)

0 (0)
0 (0)
1 (3.59)
0 (0)
0 (0)
1 (6.24)
0 (0)
0 (0)

0 (0)
2 (8.55)
1 (3.59)
1 (4.02)
5 (16.33)
2 (10.63)
1 (3.63)
1 (6.70)
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Fig. 7. Unsupervised classiﬁcation results for ZERT time series. Images are displayed with a green band (band 21: 552 nm) in grayscale.
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Fig. 8. Map of the classiﬁed vegetation stress from the June 25, 2010 unsupervised classiﬁcation result overlay a CO2 ﬂux map derived from accumulation chamber ground
measurements collected by Jennifer Lewicki of the Lawrence Berkeley National Lab on July 29, 2010 with an estimated leakage discharge of 0.14 t CO2 d−1 .

ratio of the peak narrow-band radiance at 750 nm (Pika II band 52)
and the trough narrow-band radiance at 674 nm (Pika II band 40)
to amplify the vegetation stress signal believed to be caused by
elevated soil CO2 concentration (Eq. (1)).
Red Edge Index =

radiance (nir)
radiance (band 52)
=
radiance (red)
radiance (band 40)

radiance (750 nm)
=
radiance (674 nm)

CO2 release diminished as the buffer radius increased in horizontal distance from the buried CO2 release source. Even though the
regression models show linear upward trends of divergence as a
function of time, every buffer radius exhibited a drop in REI difference on July 1.
4. Discussion

(1)

A stress signal was detected after the CO2 injection began with
the difference in REI (REIhealthy vegetation − REICO2 stressed vegetation )
being signiﬁcantly greater than zero (Welch’s p-value < 0.001) for
all dates that contained a severely stressed vegetation class. The
difference in REI increased until the termination of the CO2 release,
after which the difference between the healthy and severely
stressed classiﬁcations diminished, albeit still spectrally distinguishable (Fig. 11).
3.2. Proximity analysis
The proximity analysis results for each of the different buffers
were mostly consistent with our expectations for a vegetation
stress response to elevated soil CO2 . The expectation was that the
REI should be higher for the healthy zones as compared to their
companion release zones, however, this was the case only later
in the CO2 release (Fig. 12). Prior to CO2 injection, on May 31, all
release zone pixels for all buffers (closer to the buried CO2 release
pipe) actually exhibited a greater REI than the healthy zone pixels.
REIs of the vegetation pixels contained within the release zone were
signiﬁcantly lower (Welch’s p-value < 0.001) than those outside at
the height of the CO2 release.
The smaller the ﬁxed radius the faster the rate of divergence
in REI, indicating that pixels in closer horizontal proximity to
the buried CO2 release source exhibited more vegetation stress
(Fig. 13). The vegetation stress signal believed to be caused by the

4.1. Hot spot analysis
The hot spot analysis of the aerial imagery obtained at the ZERT
site demonstrated the ability to detect spectral anomalies that
were most likely associated with surface plant stress caused by an
underground CO2 leak even when the exact location of surface leakage was not known a priori. The locations of the severely stressed
vegetation classes corresponded with the centroids of known hot
spot locations in previous and subsequent CO2 release experiments
(Lewicki et al., 2007, 2010; Spangler et al., 2009). It is likely that the
pattern of CO2 movement observed at ZERT would mimic the movement of CO2 leaked from a GCS site because the upward migration
of injected CO2 would follow paths of least resistance and escape
through conﬁned areas of weakness given that sequestration sites
will be chosen for their geologic integrity (Lewicki et al., 2007).
Analysis of the May 31 image provides a baseline of the prerelease status and overall characterization of the ZERT vegetation
before CO2 injection began. It was important that all subsequent
analysis was compared to the initial health of the vegetation above
the CO2 release zones because there was the potential for residual effects from prior CO2 release experiments that could have
inﬂuenced vegetation spectral characteristics at the ZERT site. The
previous CO2 release experiment ended in August, 2009. The May
31 image did not contain pixel clusters that qualiﬁed for any of the
stress classes from the unsupervised classiﬁcation results because
it was obtained prior to the CO2 release and residual stress was not
detected. The June 8 unsupervised classiﬁcation result discerned
severely stressed vegetation at the location of the two major hot
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Fig. 9. Spectral signature comparisons for the unsupervised classiﬁcation time series. The plotted spectral data is the mean radiance (f) for each vegetation stress class and
the randomly selected pixels classiﬁed as healthy for each date.
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Mean Spectral Curves for Healthy and
Severely CO2 Stressed Vegetation
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Fig. 10. Mean spectral signatures for all pixels classiﬁed as severe vegetation stress
and their randomly selected companion healthy pixels for the ZERT time series
imagery in mean radiance (f). The red lines indicate the peak (674 nm) and trough
(750 nm) of the red edge, which were used to develop the spectral index (the REI)
used as an indicator of vegetation stress caused by elevated soil CO2 concentrations. (For interpretation of the references to color in this ﬁgure legend, the reader
is referred to the web version of the article.)

spots that have repeatedly been observed above zones 1 and 2 during other CO2 release experiments. Although we did not observe
a shift in the red edge towards shorter wavelengths for stressed
vegetation that has been associated with pre-visual plant stress
detection (Carter, 1993; Carter and Miller, 1994; Rock et al., 1988),
the accurate identiﬁcation of these hot spots occurred only ﬁve days
after the CO2 injection began. At this time there were no visible
changes to the ZERT vegetation as observed from the airplane or
on the ground. This was perhaps evidence of pre-visual vegetation stress detection with a hyperspectral imager. Detection of the
major hot spots persisted in the subsequent unsupervised classiﬁcation results. The hot spots increased in size from the time of
initial detection, except for the June 13 classiﬁcation where the
hotspots were confused with a small area of vegetation that was
located more than 10 m from the release pipe, and therefore, they
were not mapped. This vegetation that caused the confusion was
potentially stressed by something other than CO2 , such as human
trampling or from deer bedding down at night. Additionally, some

Fig. 12. REI comparison for the different buffer radii around the CO2 release pipe.
Mean REI was calculated for all of the pixels contained within each buffer distance
and for all of the pixels outside that particular buffer for each image date. Note, mean
REI for each of the healthy zones (pixels outside each of the variable buffer release
zones) overlap, indicating spectral similarity in REI.

of the pixels classiﬁed as stressed did not correspond with known
regions of high CO2 ﬂux, such as some of the pixels classiﬁed as
moderate stress on June 21 (Fig. 7). This could be attributed to the
detection of false positives and depicts the limitations that exist
with the indirect detection of CO2 leaks.
Aerial imaging geometry, topography, plant phenology, and vegetation stress unrelated to elevated CO2 concentration in soil would
likely confound the process of CO2 leak detection because of the
misidentiﬁcation of false positives in a monitoring context (Bateson
et al., 2008). Although the unsupervised classiﬁcations provided
a method to identify spectral anomalies associated with areas of
high CO2 ﬂux, a real-world surface CO2 leak would need to not
only elicit a detectable vegetation stress response but would also
require ground veriﬁcation because of the inherent complexity that
exists in the natural environment.
Qualitative analysis of the spectral signatures raised questions about the reasons for disparity in spectral response between
the different stress classes. Stressed vegetation normally exhibits
increased radiance in the visible portion of the spectrum due to
suppressed photosynthetic activity (Carter and Knapp, 2001; Smith
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healthy and severely stressed vegetation classes from the unsupervised classiﬁcation hot spot analysis.
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Fig. 13. Fitted linear regression models for the difference in mean REI between the
release zones and companion healthy zones for each buffer distance show trends in
slope, indicating rates of health divergence.
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Fig. 14. (a and b) ZERT weather over the course of the 2010 aerial imaging campaign.

et al., 1997; Zarco-Tejada et al., 2000). Low and moderate stress
classes, however, exhibited lower radiance values in the visible
portion of the spectrum as compared to healthy vegetation, while
the severe stressed vegetation expressed increased radiance. Perhaps the low and moderately stressed vegetation experienced a
CO2 fertilization effect from locally high levels of ambient CO2
located above the CO2 release pipe. Elevated atmospheric CO2 has
been shown to increase photosynthesis and cause plants to assimilate CO2 into non-structural organs, such as leaves, which could
have caused some of the vegetation above the CO2 release pipe to
increase absorption in the visible spectrum (Ainsworth and Long,
2004). Alternatively, increased visible radiance expressed by the
severe stress class could have been attributed to background soil
rather than a decrease in photosynthetic activity.
The REI trajectories through the image time series illustrated the
initial detection of the CO2 stress signal on June 8 and the ampliﬁcation of the CO2 stress signal as the injection progressed with
the hot spots being most discernable after two weeks of elevated
soil CO2 exposure on June 18 and June 21. The REI trajectories also
illustrated the subsequent abatement of the CO2 stress signal in
the June 25, June 28, and July 1 images after the termination of
the CO2 injection on June 24, perhaps indicating vegetation recovery. The difference in REI of the randomly selected healthy pixels
and the severely stressed pixels for each unsupervised classiﬁcation
result were decreasing with time after the CO2 injection ceased.
This would be consistent with a vegetation recovery, but could
be attributed to a synchronous plant senescence event that would
cause a disproportionate spectral response in the healthy vegetation pixels. This response would then cause “healthy” pixels to more
closely resemble the CO2 stressed pixels.
4.2. Proximity analysis
The curvilinear time series trend of REI for all of the vegetation
pixels demonstrates increasing plant vigor for all pixel groups until
June 21, when the REI begins to tail off. This pattern is likely due
to both seasonal plant phenological events, as well as responses
to local weather. There were only eight rain-free days during the
2010 aerial campaign, and the average daily high temperature at
the ZERT site was steadily climbing throughout the course of the

experiment (Fig. 14a and b). Due to the relatively wet weather and
increasing ambient temperature, this trend in REI was most likely
related to vegetation moisture content as the vegetation at ZERT
was drying out by the end of June. Although REI is sensitive to plant
vigor as well as plant stress, the stress signal might be isolated by
comparing the REI of pixels affected by the CO2 release to those that
were either not affected by the CO2 release or were further from
the release pipe.
The proximity analysis of the different radius buffers surrounding the buried CO2 release pipe at ZERT provided a method that
a GCS site manager could use to examine imaged vegetation pixels surrounding potential point or line sources of leakage, such as
a well bore or a geologic fault, for CO2 stress signals. The REI trajectories for the time series were congruent with a comparatively
greater stress response for smaller buffer radii as compared to their
companion pixels surrounding the buffers. Meeting the expectation that pixels closer to the CO2 release pipe were more spectrally
distinct from pixels that were further away. Differences in mean
REI between the healthy and stressed pixel groups prior to the CO2
release was negative, which would imply that the release zone pixels were initially ‘healthier’ than the healthy zone pixels (Fig. 12).
This difference was most likely attributable to variability in phenological expression and species composition at the ZERT site. The
differences in REIs were positive, however, for the 1 m, 2 m, and
5 m buffers beginning June 18, and for the 10 m buffer beginning
June 21. More importantly, the differences in REI for the different radii all showed a clear upward linear trend with the smaller
radii exhibiting comparatively steeper slopes. This was indicative
of a progressively greater rate of divergence in REI between healthy
and release zone pixels. Notwithstanding the non-uniformity of the
ZERT vegetation structure, these trends are consistent with a vegetation stress response to elevated soil CO2 . The proximity analysis
corroborates the results of the hot spot analysis.
The CO2 stress signal was ﬁrst detected on June 8, given the
immediate upward trend of the differences in REI for all of the different radius buffers. It continued to be registered and increased
as the CO2 injection progressed. All of the different radii exhibited
a drop in REI difference between healthy and release zone pixels
by July 1, perhaps indicating vegetation recovery after the termination of the CO2 injection. These results were consistent with
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an early remote detection of a CO2 leak in vegetation that was
unmanipulated, in contrast to previous analyses at the ZERT site
that characterized CO2 releases when the vegetation was mechanically mown to uniform height and were evaluated with instruments
causing impacts to the surface environment (Male et al., 2010;
Spangler et al., 2009).

5. Conclusions
The analysis techniques offered herein present a methodology
by which imagery collected with a low-cost aerial hyperspectral
monitoring system could be used to inform a focused ground
assessment to afﬁrm or refute the detection of a CO2 leak. This
proposed monitoring system would provide broad spatial coverage while minimizing costs and labor requirements. Although our
results provide evidence that hyperspectral remote sensing could
be a complimentary monitoring tool that may aid in the detection of CO2 leaks at GCS sites, further study is required to evaluate
several key questions. First, both analyses examined REI trajectories, which only utilized 2 narrow spectral channels (674 nm
and 750 nm). These bands were deliberately chosen for their sensitivity to the CO2 stress signal within the red edge based on
the unsupervised classiﬁcation results that utilized information
collected in all 80 Pika II bands. Ground monitoring studies at
ZERT, however, have demonstrated that by using a multi-spectral
imaging system, utilizing broad spectral channels, detection of
CO2 stress in plants is possible (Rouse et al., 2010). Questions
remain as to whether or not a broad band, multi-spectral imager
could be used to detect CO2 stress from an aircraft or if a narrow band, 2-channel imager devoted to CO2 leak detection would
sufﬁce for monitoring GCS sites. Higher CO2 leak detection rates
might also have been possible if a method was developed that
used all of the spectral information afforded a hyperspectral
instrument.
The unsupervised classiﬁcation distinguished a cluster of vegetation pixels in an area of elevated soil CO2 on June 8, perhaps
providing evidence of early, maybe even pre-visual, stress detection
from an airplane, further study is warranted because the vegetation at the ZERT site exhibited signs of a disturbance legacy as a
result of repeated CO2 exposure. Successive release experiments
over the past several summers have potentially altered the vegetation community and phenology above the buried release pipe
from its original state. It must be assumed that the spectral characteristics of the vegetation impacted by the CO2 releases are not
consistent with respect to the surrounding vegetation through
time. The current response of ZERT vegetation to elevated soil CO2
stress could be confounded if the distribution of vegetation species
and/or vegetation density has changed. Also, the semi-automated
unsupervised classiﬁcation process comes with the caveat of false
positives, which could diminish the efﬁciency of this leak detection
technique.
The unsupervised clustering algorithm identiﬁed regions classiﬁed as severely stressed vegetation throughout the release,
whereas, low and moderately stressed vegetation classes were
infrequently identiﬁed. Further spectral analyses of these clusters,
therefore, were not performed. It is worth noting that the pixel
clusters classiﬁed as low and moderate vegetation stress exhibited
lower radiance in the visible portion of the EM spectrum (perhaps
indicating higher chlorophyll absorption, differences in vegetation,
or shadowing effects), while exhibiting lower radiance in the near
infrared compared to healthy vegetation. The low and moderately
stressed pixels, thus, behaved like healthy pixels in the visible and
like severely stressed pixels in the near infrared. This would be
problematic for using the REI to identify regions of low and moderate vegetation CO2 stress and is a danger to using ratio-based

indices because you could get the same index value despite having
very different visible and near infrared reﬂectance for two different
spectra. This unexpected result may be due to spatial autocorrelation between the stressed clusters. Alternatively, this result may be
evidence of a possible fertilization effect from locally high concentrations of atmospheric CO2 in the vegetation canopy. The question
of how subtle or small a CO2 leak could be detected still remains
unanswered by this study.
Another potential limitation of using remote sensing to indirectly monitor for CO2 leaks at GCS sites is the inﬂuence of
seasonality. Imaging must commence when vegetation will exhibit
a stress response to elevated soil CO2 for remote sensing to be
a viable monitoring technique. Further investigation is necessary
to understand how sensitive plants are to CO2 stress throughout
their growth cycle. This experiment demonstrated that vegetation
appears to be sensitive to the CO2 stress signal during the height
of the growing season. Imaging took place when the water table
was very high, and during the ﬁrst couple of weeks over the CO2
release experiment there was standing water overlying portions of
the buried release pipe at ZERT. Standing water could have directly
interfered with the spectral data or possibly contributed to vegetation stress and altered the movement of the underground injected
CO2 . Knowledge of the spectral inﬂuence of vegetation senescence
is critical to understanding the limitations of remote sensing of
plant stress caused by elevated soil CO2 .
Finally, regarding the sensitivity of vegetation to the CO2 stress
signal, questions remain as to whether or not the CO2 stress signal is
spectrally unique as compared to other plant physiological stressors. For instance, does vegetation that is experiencing stress caused
by elevated soil CO2 look spectrally distinct from trampled vegetation or vegetation experiencing water stress? It will be important to
understand whether different sources of physiological plant stress
are spectrally discernable in order to properly interpret vegetation
stress signals during image analysis. Perhaps the highly dimensional nature of hyperspectral data lends itself to discriminating
among different types of vegetation stress.
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