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ABSTRACT 

AN ASSESSMENT OF THE VEGETATIVE HEALTH SURROUNDING THE ALISO 

CANYON GAS LEAK USING REMOTE SENSING TECHNIQUES 

Noel Dyer, Choose an item. 

George Mason University, 2017 

Thesis Director: Dr. Arie Croitoru 

 

On October 23, 2015, a large underground natural gas leak was detected from 

Well SS-25 of the Aliso Canyon natural gas storage facility located outside Porter Ranch, 

California. The leak was an environmental disaster that affected thousands of people, 

increased greenhouse gas emissions, and costed millions of dollars in damages. The leak 

was the largest release of anthropogenic methane into the atmosphere in the history of the 

United States. Engineers and emergency personnel were quickly tasked with stopping the 

leak and treating the health issues related to the exposure of chemicals found in the 

emissions. While the effects of the natural gas exposure on the human population were 

closely monitored, vegetative health was overlooked. Natural gas exposure affects the 

properties and processes of soils and root systems. These effects can cause spectral 

responses in vegetation that are measurable with remote sensing techniques. This study 

uses remotely sensed data to assess the level of stress imposed on surrounding vegetation 
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by the Aliso Canyon gas leak. This includes an analysis of space-borne multi- and 

hyperspectral datasets. The multispectral analysis assesses changes in the Modified Soil 

Adjusted Vegetation Index (MSAVI) applied to Enhanced Thematic Mapper Plus 

(ETM+) data surrounding Well SS-25. Average MSAVI composite images of the study 

area are compared to MSAVI images collected during the period of the leak. 

Furthermore, the hyperspectral analysis assesses the health of vegetation using two 

different approaches to calculate the red-edge position. The red-edge positions are 

calculated using a first derivative and a linear interpolation approach, which are applied 

to NASA’s space-based Hyperion data. The study also explores how preprocessing can 

affect Hyperion data and red-edge position algorithms. Specifically, preprocessing 

methodologies including cross-track illumination correction and spectral smoothing are 

applied to the Hyperion data prior to calculating the red-edge position. 

The multispectral image analysis was able to detect regions of stressed vegetation 

in the study area; however, it was not possible to discern whether the stress was caused 

by the leak or low levels of precipitation. The amount of vegetative stress in the study 

area closely followed the amount of precipitation i.e., less precipitation resulted in more 

stress. There were also issues inherent to the ETM+ data that had to be mitigated. The 

scan line problem resulted in missing information and provided additional challenges 

with processing, which could have affected the results of the analysis. Despite the scan 

line limitations, the ETM+ data still proved useful to this study. 

The hyperspectral image analysis served more as a comparison of preprocessing 

methods and red-edge position algorithms than an assessment of vegetative health 
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because it was not possible to assess the accuracy without ground-truth measurements. 

This does not assert that the analysis was meaningless; rather, the study outlined how 

preprocessing and algorithm selection can achieve differing results, which is important to 

understand in vegetation monitoring with remotely sensed data. The results showed that 

the red-edge position calculated using the first derivative approach was more sensitive to 

spectral smoothing than the approach calculated with interpolation. Excluding the data 

that were smoothed, red-edge positions calculated using linear interpolation were 

generally at longer wavelengths than the positions calculated with the first derivative 

method, suggesting that the results of each algorithm are not directly comparable. It was 

also shown that cross track illumination correction did not have a major influence on 

these data, which may be due to the size and location of the study area in the scene. 

Similar to the multispectral analysis, it was also observed that shifts in the red-edge 

position indicative of stress were also related the amount of precipitation. Furthermore, 

the results indicated that the interpolation approach may be more sensitive to background 

moisture content than the first derivative approach. 
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INTRODUCTION 

On October 23, 2015, a large underground natural gas leak was detected from 

Well SS-25 of the Aliso Canyon natural gas storage facility located outside Porter Ranch, 

California. The leak continued for 17 weeks until February 18, 2016, when the California 

Department of Oil, Gas, and Geothermal Resources (DOGGR) confirmed the well was 

permanently sealed (CASPER, 2016). As of February 2016, the Air Resources Board of 

the California Environmental Protection Agency estimated that the leak allowed 

approximately 94,500 tons of methane to be released into the atmosphere (California 

ARB, 2016). The leak was confirmed as the single largest anthropogenic release of 

methane into the atmosphere in the history of the United States (Conley et al., 2016). 

During the 17 weeks of the leak, local residents reported health issues resulting 

from exposure to the chemicals found in the emissions. On February 12, 2016, an expert 

panel convened by the Office of Environmental Health Hazard Assessment (OEHHA) 

concluded that the measurements of exposure to volatile organic compounds, such as 

benzene, toluene, ethyl benzene, xylenes, and hexane to date have been below toxic 

exposure levels set by the OEHHA (OEHHA, 2016). The panel also indicated that many 

of the reported symptoms were consistent with known responses to odorants added to 

natural gas (OEHHA, 2016). Approximately 700 complaints of symptoms associated 

with these odorants were filed with the Los Angeles County Department of Public Health 



2 

 

during the period of the leak (CASPER, 2016). Relocation assistance was provided to 

residents affected by the leaking odorants from Well SS-25 (CASPER, 2016).  

While the effects of the natural gas exposure on the human population were 

closely monitored, vegetative health was overlooked.  The leak from Well SS-25 was 

believed to be caused by a rupture somewhere along the 8,500-foot injection well pipe.  

The depth of the rupture is unknown.  The seven-inch diameter well pipe is surrounded 

by an eleven and three-fourths inch diameter cement casing to a depth of 990 feet, with a 

cavity left between the pipe and casing (SoCalGas Overview, 2016).  According to the 

System Operations and Aliso Canyon SS-25 Incident Report published by the Southern 

California Gas Company (SoCalGas), there were indications that the gas was leaking 

from the casing and into the ground. Due to the conditions of the leak and the proximity 

of vegetation to the site, natural gas may have travelled towards the surface and 

interacted with soils nourishing the roots of the surrounding vegetation and displaced root 

zone oxygen.  

Natural gas exposure influences the properties and processes of soils and root 

systems. Exposure can result in soil oxygen displacement caused by methanotrophs, a 

group of soil bacteria that oxidize methane to form methanol, formaldehyde, formate, and 

carbon dioxide (Hanson and Hanson, 1996). Arthur (1985) found that soils with higher 

concentrations of carbon dioxide exhibited visible symptoms within 1 week regardless of 

oxygen levels. Arthur (1985) also demonstrated that higher concentrations of methane 

were associated with significantly lower levels of oxygen in the soil atmosphere. Hoeks 

(1972) showed that soil temperature has a significant influence on methane oxidation, 
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where a temperature increase from 56.3° to 68.9° Fahrenheit (F) resulted in increased 

oxygen consumption by factors of four to five. Although soil temperature information 

was not available for this study, it is worth noting that the leak occurred during the cooler 

fall months. Gilman (1982) found that the root systems of two species of plants were 

shallower in the soils above landfills that generated natural gas. Natural gas injections in 

soil can cause chlorosis in grasses and reduce the growth rates of seedlings in other 

species, including field bean and winter wheat (Smith et al., 2004). 

The effects of natural gas exposure on soil processes and root system depth can 

cause spectral responses in vegetation that are measurable with remote sensing 

techniques. Smith et al. (2004) found that elevated concentrations of natural gas around 

the roots of grass, winter wheat, and field beans caused increased reflectance in visible 

wavelengths and decreased reflectance in near-infrared. Furthermore, they found that 

ratios of the magnitude of the spectral derivatives at 725 nanometers (nm) and 702 nm 

were smaller in areas where gas was present (Smith et al., 2004). In a follow-up study, 

Smith at al. (2005) found that stress induced from herbicide, extreme shade, and natural 

gas exposure caused a shift in the red-edge position towards visible wavelengths. Stress 

caused by extreme shade could be distinguished from stress caused by herbicide and 

natural gas exposure; however, stress caused by natural gas and herbicide could not be 

distinguished from one another. Symptoms of stress caused by elevated gas levels were 

identified earlier than symptoms caused by herbicide. 

Spectral responses of vegetation to stress can be measured using satellite remote 

sensing.  Remote sensing is an effective tool in monitoring vegetation health because 
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large areas can be monitored with reasonable accuracy over short periods of time without 

extensive field work at a relatively lower cost compared to field surveys. However, there 

are challenges in processing satellite remote sensing data. Atmospheric correction, 

artifact removal, hardware malfunctions, and topography are some of the issues that can 

affect remote sensing data sets. Despite this, remote sensing has proved a useful tool in 

measuring vegetative stress. 
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OBJECTIVE 

This study has two main objectives. The primary objective is to examine the 

health of vegetation surrounding the Aliso Canyon gas leak site during the 17-week 

period of natural gas exposure using remote sensing techniques. This includes an analysis 

of space-borne multi- and hyperspectral data. The multispectral analysis includes 

assessing changes in the Modified Soil Adjusted Vegetation Index (MSAVI) applied to 

Enhanced Thematic Mapper Plus (ETM+) data surrounding Well SS-25. Average 

MSAVI composite images of the study area prior to the leak will be compared to MSAVI 

images collected during the period of the leak. Furthermore, the hyperspectral analysis 

will assess the health of vegetation using two different approaches to calculate the red-

edge position. The red-edge positions will be calculated using a first derivative and a 

linear interpolation approach, which will be applied to NASA’s space-based Hyperion 

data. The secondary objective of this study is to explore how preprocessing can affect 

Hyperion data and red-edge position algorithms. Specifically, preprocessing 

methodologies including cross-track illumination correction and spectral smoothing will 

be applied to the Hyperion data prior to calculating the red-edge position. 
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HISTORY AND GEOGRAPHY OF ALISO CANYON OIL FIELD 

The Aliso Canyon Oil Field was first discovered in 1938 and later became a large 

oil producer during the 1950’s (Ingram, 1959). The 3,600 acres of the field were acquired 

in 1972 by SoCalGas, which still owns the facility (SoCalGas Overview, 2016). Once it 

was depleted, the oil reservoir was converted to a gas storage field having the fifth largest 

capacity in the world at over 86 billion cubic feet (SoCalGas Overview, 2016). Figure 1 

shows the volume of natural gas production over time for Aliso Canyon as reported by 

DOGGR. As shown in the figure, large scale gas production did not begin until the late 

1970’s. 

There are 115 active natural gas wells capable of injection and withdrawal in the 

field (DOGGR, 2016). Figure 2 shows a map of the active natural gas wells within the 

administrative boundary of the oil field. Well SS-25 is located at coordinates 34° 18' 

54.3" N, 118° 33' 50.9" W at approximately 893 feet above sea level. 
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Figure 1. Volume of natural gas production over time for Aliso Canyon Oil Field. 
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Figure 2. Map of active natural gas wells in the Aliso Canyon Oil Field. 
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As shown in Figure 2, the Aliso Canyon Oil Field is located on the southern 

slopes of the Santa Susana Mountains just north of Porter Ranch in Los Angeles County, 

California. The residential neighborhood of Porter Ranch is located approximately 1.5 

kilometers south of Well SS-25. Protected areas, including the Michael D. Antonovich 

Regional Park and Open Space Preserve and the Santa Clarita Woodlands Park, surround 

the oil field. Both the Aliso Canyon and Limekiln Washes originate near the center of the 

administrative boundary and flow south, eventually emptying into the Los Angeles River. 

Oat Mountain is located in the southwest corner of the administrative boundary, which is 

the highest peak in the Santa Susana Mountains at 3,750 feet above sea level. The oil 

field is topographically one of the highest oil fields in the state, where rugged terrain 

increases drilling and production costs (Ingram, 1959). 

Aliso Canyon Oil Field is located approximately 30 miles northwest of downtown 

Los Angeles. This region is classified as a Mediterranean climate with dry summers and 

wet winters. Summers vary from warm to hot and are almost completely dry, while 

winters are warm to cool with occasional rain. Precipitation increases from October to 

February, where January and February are the wettest months, both averaging over 3 

inches of rainfall. As a whole, California has been in drought conditions since 2007 and 

the period from late 2011 to 2016 has been the driest in California history since record 

keeping began in 1895 (Hanak et al., 2015). Nearly 90% of Los Angeles County has been 

in what is considered “exceptional drought” since June of 2014 (U.S Drought Monitor, 

2016). 
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Aliso Canyon Oil Field is located within the California montane chaparral and 

woodland ecoregion of the larger Mediterranean forest, woodland, and scrub biome 

(Olsen, 2016). The ecoregion consists of coastal sage scrub, lower chaparral dominated 

by Adenostoma fasciculatum (chamise), upper chaparral dominated by Artemisia 

californica (manzanita), desert chaparral, Piñon-juniper woodland, oak woodlands, 

closed-cone pine forests, yellow pine forests, sugar pine-white fir forests, lodgepole pine 

forests, and alpine habitats. Lower elevations are mostly covered by chamise and scrub 

oak chaparral, while higher elevations are dominated by manzanitas interspersed with 

closed-cone pine forests, Coulter pine woodlands, and big cone Douglas-fir communities. 

Figure 3, a color infrared false-color composite image of the area surrounding Well SS-

25, shows that the area immediately surrounding the leaking well is mostly covered with 

grasses with some large trees dispersed around the site. Southwest and southeast of the 

well are two separate larger communities of mixed vegetation. North of the site on the 

northern slope of the Santa Susana Mountains, large woodland communities are present 

due to the increased rainfall relative to the southern slope of the mountain. Vegetation is 

denser in areas between ridges where runoff flows and accumulates. 

The well travels through a variety of strata before reaching the terminal depth. 

Since the depth of the leak is unknown, the types of rock and soil layers the gas leaked 

into can only be assumed based on a knowledge of the local geology and surficial cover.  

Figure 4 shows a typical stratigraphic log for the Aliso Canyon Oil Field (Oil & Gas 

Volume II, 1992). 
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Figure 3. Color infrared composite image of the area surrounding Well SS-25. 
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Figure 4. Typical stratigraphic log for Aliso Canyon Oil Field. 
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Well SS-25 passes through two formations and six producing zones (Oil & Gas 

Volume II, 1992). The Modelo formation lies on the Santa Susana thrust fault, reaching a 

depth of approximately 4,200 feet (Oil & Gas Volume II, 1992). The formation is 

composed of shale, fine to medium grained sandstone, and amygdaloidal basalts 

(Winterer & Durham, 1962). Below the Modelo, is the Pico formation ranging in depth 

from approximately 4,200 to 8,000 feet (Oil & Gas Volume II, 1992). The Pico formation 

consists mostly of siltstone, fine-grained silty sandstone, and conglomerate (Winterer & 

Durham, 1962). The uppermost producing zone, the Aliso, is in the Pico formation at a 

depth of approximately 3,900 to 4,600 feet with a thickness ranging from 650 to 700 feet 

(Ingram, 1959). The Aliso has a porosity ranging from 21.3-29% and 765 millidarcy (md) 

permeability to air (Oil & Gas Volume II, 1992). The Porter zone, also in the Pico 

formation, occurs at a depth of approximately 4,700 to 5,400 feet with a thickness 

ranging from 600 to 800 feet (Ingram, 1959). The Del Aliso zone is also in the Pico 

formation and is separated into three sand-shale intervals, which have been designated 

the upper, middle, and lower (Oil & Gas Volume II, 1992). The upper Del Aliso zone 

ranges from 6,300 to 6,500 feet; the middle zone is separated from the upper section by 

approximately 300 feet of shale and is about 150 feet thick; the lower zone is located 

about 75 feet below the middle zone and ranges in thickness from 300 to 500 feet 

(Ingram, 1959). Both the Porter and Del Aliso zones have porosities ranging from 21.3-

22.7% and 67-89 md permeability to air (Oil & Gas Volume II, 1992).  Well SS-25 ends 

in the Sesnon zone which is found at depths from 7,600 to 9,100 feet and has a porosity 
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ranging from 17.3-30.3% and estimated 234 md permeability to air (Ingram, 1959, Oil & 

Gas Volume II, 1992). 

 The area surrounding Aliso Canyon Oil Field is geologically complex and 

diverse. Most knowledge of the underlying structure of the region has been derived from 

oil well data, geologic mapping, or modeling. There was not a complex geologic map 

available for the specific location of Well SS-25. Overall, depending on the depth at 

which the leak occurred, the gas could be leaking in and through numerous materials on 

its way to the surface. There are numerous faults in the area that are considered active or 

potentially active, such as the Pico thrust, responsible for a magnitude 6.9 earthquake in 

1994. It was estimated that Oat Mountain uplifted a meter as a result from the earthquake. 

Movement along rocks can cause fracturing in rock layers, which could potentially allow 

gas to pass through more easily.  
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DATA SOURCES 

LANDSAT 7 

The United States Geological Survey (USGS) and the National Aeronautics and 

Space Administration (NASA) successfully launched LANDSAT 7 on April 15, 1999 

(Landsat 7, 2016). LANDSAT 7 orbits Earth in a sun-synchronous polar orbit at an 

altitude of 705 kilometers and 98.2° inclination. The period of revolution of the satellite 

is 99 minutes, approximating in 14.5 orbits daily and resulting in a repeat of coverage 

every 16 days. The instrument on board, the Enhanced Thematic Mapper Plus (ETM+), 

was designed to replicate the previously successful Thematic Mapper sensors on 

LANDSAT 4 and 5 and to provide additional data absent from previous versions. The 

entire archives of all LANDSAT missions are available through the USGS Earth Explorer 

website (http://earthexplorer.usgs.gov/). A summary of ETM+ band designations is 

shown in Table 1.  
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Table 1. Band designations for ETM+ data. 

LANDSAT 7 ETM+ Band Designations 

LANDSAT 7 

Bands 
Wavelength (nm) 

Resolution 

(meters) 

Band 1 450 - 520 30 

Band 2 520 - 600 30 

Band 3 630 - 690 30 

Band 4 770 - 900 30 

Band 5 1,550 – 1,750 30 

Band 6 10,400 – 12,050 60 (30)* 

Band 7 2,090 – 2,350 30 

Band 8 520 - 900 15 

* Band 6 is collected at 60 meter resolution and resampled to 30 meter 

pixels 
 

 

 

 

ETM+ is a “whisk broom” sensor using a mirror to reflect light into a single 

detector that collects data one pixel at a time. In May of 2003, a hardware malfunction 

resulted in the failure of the scan line corrector, which left across-track lines of missing 

data in subsequent scenes. The ETM+ sensor still manages to collect 75% of data for a 

given scene. The locations of the missing scan lines vary from image to image, with the 

missing lines increasing in width from the center toward the edge of the image (Landsat 

7, 2016). 

The USGS also offers value-added products where preprocessing is completed 

prior to distribution. These products are created in compliance with guidelines established 

by the Global Climate Observing System (Product Guide, 2016). This study will analyze 

a surface reflectance derived spectral index product, in which the data have first been 

converted to surface reflectance and then transformed by the Modified Soil Adjusted 
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Vegetation Index (MSAVI). The missing scan lines are provided with a value of -9,999. 

Due to the location of the leak in the scenes, and in an effort to preserve data quality, the 

pixels of missing lines in each scene are not corrected and are assigned a value of zero. 

Applying consistent preprocessing methodologies to each image allows for the 

comparison of the same scene over time. 

The MSAVI is one of many indices that are used to measure the biophysical 

characteristics of vegetation. The MSAVI is used in this study because it overcomes 

some of the limitations exhibited by other indices and is relevant to the topography of the 

area of interest. The MSAVI is a modified version of the Soil Adjusted Vegetation Index 

(SAVI) developed by Huete (1988). The SAVI equation is shown in Equation 1, where 

NIR is near infrared reflectance, VR is visible red reflectance, and L is the soil 

adjustment factor. 

 

 

 
Equation 1. Formula for the Soil Adjusted Vegetation Index. 

𝑺𝑨𝑽𝑰 = (
𝐍𝐈𝐑 − 𝐕𝐑

(𝐍𝐈𝐑 + 𝐕𝐑 + 𝐋)
) ∗ (𝟏 + 𝐋) 

 

 

 

SAVI employs a constant soil adjustment factor, L, which requires an estimation 

or prior knowledge of vegetation cover. The MSAVI improves on the SAVI by replacing 

the constant L with a self-adjusting L to decrease sensitivity to soil noise (Qi et al., 1994). 

Qi et al. (2004) modelled L for each vegetation isoline as a function of visible red and 
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near-infrared reflectance, which eliminates the need to specify a soil adjustment factor. 

This was done by iteratively processing the soil adjustment factor N times until   

MSAVIN = MSAVIN-1, where the effects of the soil background cannot be minimized 

further. This produces a quadratic equation, where one of the solutions is the MSAVI 

equation shown in Equation 2. This formula was applied to the ETM+ surface reflectance 

products used in this study. 

 

 

 
Equation 2. The final formula for the final Modified Soil Adjusted Vegetation Index. 

𝑴𝑺𝑨𝑽𝑰 =
𝟐 ∗ 𝐍𝐈𝐑 + 𝟏 − √(𝟐 ∗ 𝐍𝐈𝐑 + 𝟏)𝟐 − 𝟖 ∗ (𝑵𝑰𝑹 − 𝑽𝑹)

𝟐
 

 

 

 

Qi et al (1994) compared the MSAVI to the original SAVI and two other indices, 

the Normalized Difference Vegetation Index (NDVI), and the Weighted Difference 

Vegetation Index (WDVI), and found that the MSAVI showed increased vegetative 

responses while further reducing soil background variations. As can be seen in the color 

infrared representation of vegetation surrounding Well SS-25 in Figure 3, the area of 

interest includes a mix of plant species and exposed soil. The use of the MSAVI mitigates 

this issue by limiting the influence of the soil background. 

Hyperion 

The Hyperion instrument is onboard the EO-1 satellite launched by NASA on 

November 21, 2000 as part of a one year technology validation and demonstration 
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mission (Pearlman et al., 2001). When the original mission was completed in November 

2001, research and scientific communities expressed interest in continued acquisition, 

and an agreement was reached between NASA and USGS to continue collecting data as 

part of an extended mission. Data are collected in response to acquisition requests, and 

are archived and distributed by USGS.  

Hyperion is a convex grating imaging spectrometer capable of acquiring 220 

contiguous spectral bands ranging from 357 to 2576 nm with a 10 nm sampling interval. 

Pixels have a 30.38 meter ground sampling distance and cover a 7.5 by 100 kilometer 

area. The Level 1 radiometric products distributed by the USGS have a total of 242 bands 

but only 198 are calibrated: bands 8 through 57 (426.82 -925.41 nm) of the visible and 

near-infrared (VNIR) region and 77 through 224 (912.45 – 2,395.5 nm) of the short wave 

infrared region (SWIR). Due to an overlap of the VNIR and SWIR focal planes, there are 

196 unique bands. The orbit of the EO-1 satellite is in formation with LANDSAT 7 and 

records data within one minute of the ETM+ sensor. 

The Hyperion data used in this study have been provided as a Level 1T product in 

GeoTIFF format, which means that radiometric and systematic geometric corrections 

incorporating ground control points (if available) are applied while employing a 90 meter 

digital elevation model for topographic accuracy. The digital values in the Level 1 

product are radiances (W / (m2 · sr ·λ)) stored as 16-bit signed integers. 

Unlike ETM+, Hyperion is a push-broom sensor where sensors are arranged 

perpendicular to the flight direction and land areas are imaged as the satellite flies 

forward. This avoids any issues with scan line corrections while working with the dataset. 
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However, a spectral smile arises from the push-broom design. Smile effects can be 

mitigated using various data preprocessing methods. 

While preprocessed products for ETM+ data are available from the USGS, the 

Hyperion data obtained for this research were not processed beyond the Level 1T product 

specifications. Significant preprocessing can affect data quality and should be used with 

caution; therefore, only specific methodologies are considered in this research. Datt et al. 

(2003) compared spectral indices derived from Hyperion data to those derived from 

ground-based measurements and found preprocessing steps including filtering outlier 

pixels, local de-striping, atmospheric correction, and minimum noise fraction smoothing 

improved results. Datt et al. (2003) also found red-edge and chlorophyll content indices 

derived from the Hyperion pre-processed data were able to distinguish different levels of 

stress induced by water restrictions. As previously mentioned, push-broom sensors such 

as Hyperion, can be susceptible to the spectral smile distortion. This effect alters pixel 

spectra by causing a shift in wavelength across the spectral domain as a function of cross-

track pixels. Sensor noise can also affect pixel spectra and can be mitigated with spectral 

smoothing. This study will explore preprocessing methodologies to correct for spectral 

smile and sensor noise.  

The red-edge position (in nm) is a hyperspectral index used to detect the onset of 

stress in vegetation.  The red-edge refers to the sharp change in leaf reflectance between 

680 and 750 nm (e.g., Horler et al., 1983). The red-edge wavelength is defined as the 

point of maximum slope in the near-infrared reflectance of vegetation and is directly 

related to chlorophyll concentration (Horler et al., 1983; Curran et al., 1990). Red-edge 
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positions located in shorter wavelengths indicate stress and a decline of chlorophyll 

content, whereas shifts towards longer wavelengths indicate growth and increased 

chlorophyll content (Curran et al., 1990). There are various approaches to calculating the 

red-edge position, and this study will compare results from two methods: the first 

derivative approach by Dawson and Curran (1998) and the four-point linear interpolation 

approach by Guyot and Baret (1988). The method of Dawson and Curran (1998) involves 

calculating the first derivative of the reflectance spectra and identifying the wavelength of 

the maximum first derivative in the red-edge region. Advantages of using derivative 

spectra include eliminating illumination changes and reducing background reflectance 

(primarily soil) to constants (Curran et al., 1990). The second approach by Guyot and 

Baret (1988) does not require derivative calculation and assumes that the spectral 

reflectance at the red-edge can be simplified to a straight line centered on a midpoint 

between 670 and 780 nm. The method involves two steps:  (1) calculating the reflectance 

at the inflection point along the red-edge, and (2) determining the wavelength at the 

inflection point. The formulae for each step are shown below in Equation 3, where λ is 

the value of the wavelength, RIP is the reflectance at the inflection point, RE is the red-

edge wavelength, and R670, R700, R740, and R780 are reflectance values at 670,700,740, and 

780 nm, respectively. The Hyperion wavelengths corresponding to the R values are 

671.02, 701.55, 742.25, and 782.95 nm. The formulae containing the substituted values 

for Hyperion is shown below in Equation 4. 
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Equation 3. Formulae for calculating the red-edge position using four-point linear interpolation. 

 (1) 

𝑹𝑰𝑷 = (
𝑹𝟔𝟕𝟎 + 𝑹𝟕𝟖𝟎

𝟐
) 

(2) 

𝑹𝑬 = λ𝟕𝟎𝟎 + (λ𝟕𝟒𝟎 − λ𝟕𝟎𝟎) ∗ (
𝑹𝑰𝑷 − 𝑹𝟕𝟎𝟎

𝑹𝟕𝟒𝟎 − 𝑹𝟕𝟎𝟎
) 

Or, 

𝑹𝑬 = 𝟕𝟎𝟎 + 𝟒𝟎 ∗ (
𝑹𝑰𝑷 − 𝑹𝟕𝟎𝟎

𝑹𝟕𝟒𝟎 − 𝑹𝟕𝟎𝟎
) 

 

Equation 4. Substituted formulae for calculating the red-edge position with Hyperion using four-point linear 

interpolation. 

(1) 

𝑹𝑰𝑷 = (
𝑹𝟔𝟕𝟏.𝟎𝟐 + 𝑹𝟕𝟖𝟐.𝟗𝟓

𝟐
) 

(2) 

𝑹𝑬 = λ𝟕𝟎𝟏.𝟓𝟓 + (λ𝟕𝟒𝟐.𝟐𝟓 − λ𝟕𝟎𝟏.𝟓𝟓) ∗ (
𝑹𝑰𝑷 − 𝑹𝟕𝟎𝟏.𝟓𝟓

𝑹𝟕𝟒𝟐.𝟐𝟓 − 𝑹𝟕𝟎𝟏.𝟓𝟓
) 

Or, 

𝑹𝑬 = 𝟕𝟎𝟏. 𝟓𝟓 + 𝟒𝟎. 𝟕 ∗ (
𝑹𝑰𝑷 − 𝑹𝟕𝟎𝟏.𝟓𝟓

𝑹𝟕𝟒𝟐.𝟐𝟓 − 𝑹𝟕𝟎𝟏.𝟓𝟓
) 
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METHODOLOGY 

This study employs two methods, multispectral analysis and hyperspectral 

analysis, to detect changes in the health of the vegetation surrounding the Aliso Canyon 

Oil Field Well SS-25 during the natural gas leak. Additionally, the effectiveness and 

impact of various hyperspectral preprocessing methods and algorithms are compared and 

analyzed. 

Multispectral Imagery Analysis 

The multispectral analysis involves establishing a baseline for the level of health 

of the vegetation in a 1.5 kilometer square area surrounding Well SS-25 before the leak, 

and comparing those data to the vegetative health during the period of the leak. The study 

area was limited to this size so that it did not cover residential areas or include the north 

face of the Santa Susana Mountains. To approximate the conditions of the study area 

prior to the leak, ETM+ images acquired in the months of October through February in 

the years prior to the leak were obtained. These historical images were used to create an 

“average” MSAVI image for each month. 

The average MSAVI images are developed by building masks of missing scan 

lines, setting missing scan line pixels to zero, overlaying yearly images into a monthly 

image stack, cropping the image stacks to the area of interest, and finally, calculating the 

average values. Missing scan lines are set to zero prior to averaging because the variable 
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location of the scan lines and value of -9,999 can cause errors in the calculation. It should 

be noted that zeros can also affect the calculations and this is an inherent problem when 

utilizing data with missing values.  A mask isfig then built from the missing scan lines in 

the scene occurring during the leak and applied to the corresponding average MSAVI 

image for that month. This ensures the images before and during the leak have the same 

spatial coverage. Statistics and image histograms are then computed for the average 

MSAVI images before the leak and for the images occurring during the leak, while 

excluding masked scan lines. This methodology is applied using the layer stacking, band 

math, masking, and region of interest tools in the ENVI software package 

(https://www.harris.com/solution/envi).  

A large deviation from the average vegetation health would indicate a change has 

occurred during the period of the leak. As mentioned earlier, preprocessing of the ETM+ 

data will not be necessary since the data are already corrected and transformed by the 

USGS. Tables 2, 3, and 4 show the name and date of each scene used in this phase of the 

research. Scenes were manually selected based on cloud cover of the area of interest; 

therefore, some years may be missing from the average or may have more than one 

image. There was not a scene available for the last week of October after the leak had 

begun. None of the October data used in this study occurs while the leak is ongoing. It is 

being included as a reference for the state of vegetation health just before the leak. 
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Table 2. ETM+ scenes used to create the “before leak” average image composites. 

 
Before Leak ETM+ Scenes 

Scene ID Date Scene ID Date 

LE70410362003274EDC02 10/1/2003 LE70410362009306EDC00 11/2/2009 

LE70410362003290EDC03 10/17/2003 LE70410362009322EDC00 11/18/2009 

LE70410362004277EDC02 10/3/2004 LE70410362010309EDC00 11/5/2010 

LE70410362005279EDC00 10/6/2005 LE70410362011312EDC00 11/8/2011 

LE70410362006282EDC00 10/9/2006 LE70410362012315EDC00 11/10/2012 

LE70410362006298EDC00 10/25/2006 LE70410362012331EDC00 11/26/2012 

LE70410362007301EDC00 10/28/2007 LE70410362013317EDC00 11/13/2013 

LE70410362008288EDC00 10/14/2008 LE70410362014320EDC00 11/16/2014 

LE70410362009274EDC00 10/1/2009 LE70410362005359EDC00 12/25/2005 

LE70410362009290EDC00 10/17/2009 LE70410362006362EDC00 12/28/2006 

LE70410362011280EDC00 10/7/2011 LE70410362007349EDC00 12/15/2007 

LE70410362011296EDC00 10/23/2011 LE70410362007365EDC00 12/31/2007 

LE70410362012299EDC00 10/25/2012 LE70410362008336EDC00 12/1/2008 

LE70410362013285EDC00 10/12/2013 LE70410362009338EDC00 12/4/2009 

LE70410362015275EDC00 10/2/2015 LE70410362010341EDC00 12/7/2010 

LE70410362003322EDC01 11/18/2003 LE70410362011344EDC00 12/10/2011 

LE70410362004325EDC00 11/20/2004 LE70410362011360EDC00 12/26/2011 

LE70410362005311EDC00 11/7/2005 LE70410362012363EDC00 12/28/2012 

LE70410362006314EDC00 11/10/2006 LE70410362013349EDC00 12/15/2013 

LE70410362007317EDC00 11/13/2007 LE70410362013365EDC00 12/31/2013 

LE70410362007333EDC00 11/29/2007 LE70410362004021EDC01 1/21/2004 

LE70410362008320EDC00 11/15/2008 LE70410362005023EDC00 1/23/2005 
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Table 3. ETM+ scenes used to create the “before leak” average image composites continued. 

 
Before Leak ETM+ Scenes Continued 

Scene ID Date Scene ID Date 

LE70410362006010EDC00 1/10/2006 LE70410362006042EDC00 2/11/2006 

LE70410362007013EDC00 1/13/2007 LE70410362007045EDC00 2/14/2007 

LE70410362008016EDC01 1/16/2008 LE70410362008032EDC00 2/1/2008 

LE70410362009002EDC00 1/2/2009 LE70410362008048EDC00 2/17/2008 

LE70410362009018EDC00 1/18/2009 LE70410362009034EDC00 2/3/2009 

LE70410362010005EDC00 1/5/2010 LE70410362009050EDC00 2/19/2009 

LE70410362011024EDC00 1/24/2011 LE70410362011040EDC00 2/9/2011 

LE70410362013013EDC00 1/13/2013 LE70410362012043EDC00 2/12/2012 

LE70410362014016EDC00 1/16/2014 LE70410362012059EDC00 2/28/2012 

LE70410362015003EDC00 1/3/2015 LE70410362013045EDC00 2/14/2013 

LE70410362015019EDC01 1/19/2015 LE70410362014032EDC00 2/1/2014 

LE70410362004037EDC01 2/6/2004 LE70410362014048EDC00 2/17/2014 

LE70410362005039EDC01 2/8/2005 LE70410362015035EDC00 2/4/2015 

LE70410362005055EDC00 2/24/2005 

  

 

Table 4. ETM+ scenes occurring during the period of the leak. 

 
During Leak ETM+ Scenes 

Scene ID Date 

LE70410362015323EDC00 11/19/2015 

LE70410362015355EDC00 12/21/2015 

LE70410362016022EDC00 1/22/2016 

LE70410362016038EDC00 2/7/2016 
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Hyperspectral Imagery Analysis 

The hyperspectral analysis consists of preprocessing, atmospheric correction, 

algorithm application, and analyzing and comparing results. The hyperspectral analysis 

examines the same area studied with the multispectral imagery.  The name and date of 

each Hyperion scene are shown in Table 5. Images were also manually selected based on 

cloud cover. Since the only Hyperion data available occurred during the leak, a 

comparison of scenes before and after the leak, as was done in the multispectral analysis, 

was not possible. The first scene available, in December 2015, will serve as the basis for 

comparison when assessing the data for changes in vegetative health. 

 

 

 

Table 5. Hyperion scenes used in the study. 

 
Hyperion Scenes 

Scene ID Date 

EO1H0410362015358110K6_1T 12/24/2015 

EO1H0410362016001110K7_1T 1/1/2016 

EO1H0410362016012110K6_1T 1/12/2016 

EO1H0410362016026110K4_1T 1/26/2016 

EO1H0410362016034110K4_1T 2/3/2016 

EO1H0410362016039110K7_1T 2/8/2016 

EO1H0410362016045110K4_1T 2/14/2016 
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Various preprocessing methodologies applied to Hyperion data can improve the 

results of spectral indices. The sequence of preprocessing steps used in this study is as 

follows:  

 

 

 

1. Convert to ENVI format 

2. Mask bad pixels 

3. Crop area of interest 

4. Correct spectral smile 

5. Atmospheric correction 

6. Spectral smoothing of the data 

 

 

 

Each Hyperion scene is imported into ENVI using Hyperion Tools 2.0 (2016), 

which creates a new ENVI file for the scene in band-interweaved-line format, including 

average wavelength, full width half maximum values, and a bad pixel mask. The bad 

pixel mask is applied and the area of interest is cropped from the image and used for 

subsequent processing. The data are then spectrally subsetted to the calibrated VNIR 

region of the spectrum: bands 8 through 57 (426.82 -925.41 nm). 

The comparison of processing methods begins when correcting for spectral smile. 

First, each scene will be transformed using the minimum noise fraction (MNF), where   

the variation of eigenvalues will determine the number of transformed bands that will be 
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assessed for the level of noise in the data. The MNF transform is a linear transformation 

that determines the inherent dimensionality of image data, segregates noise, and can 

reduce computational requirements of subsequent processing (Boardman and Kruse, 

1994). The MNF transform implemented in ENVI is based on the method by Green et al. 

(1988), which essentially consists of two cascading principal component transformations 

(ENVI User’s Guide, 2004). The first transformation uses the principal components of 

the estimated noise covariance matrix to de-correlate and rescale the noise in the data, 

while the second transformation is a standard principal components transformation of the 

de-correlated data. Next, two sets of images are created, the first of which is corrected for 

spectral smile while the second one is not corrected. The spectral smile correction is done 

using the cross-track illumination correction (CTIC) tool within ENVI. The tool 

calculates across-track mean values and fits a user defined polynomial function to the 

mean values to remove variation (ENVI User’s Guide, 2004). The parameters of the tool 

are set to the “Samples” across track direction, the multiplicative correction method, and 

a polynomial order of 3. 

Atmospheric correction is then applied to both sets of images using the QUick 

Atmospheric Correction (QUAC) tool (Bernstein et al., 2012). QUAC is based on the 

observation that the average reflectance of diverse material spectra is not dependent on 

each scene and can generally produce reflectance spectra within a range of 10% of the 

ground truth. While it is possible that atmospheric correction can introduce variability 

into the data, this study assumes that the QUAC tool will provide consistent results across 
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each scene. Atmospheric correction will not be considered when analyzing preprocessing 

or algorithm performance. 

 Finally, another set of images is created. The first set is smoothed in the spectral 

dimension using a Savitzky-Golay filter; the other remains unsmoothed. The data are 

smoothed by two pixels left and right of the filter point (in the spectral dimension) with a 

third degree polynomial. 

Thus, with preprocessing, four sets of images are created: spectral smile 

correction and smoothed; no spectral smile correction and smoothed; spectral smile 

correction and not smoothed; and no spectral smile correction and not smoothed. The red-

edge detection algorithms are applied to each of the four sets of images. The derivative 

method of identifying the red-edge is available as a tool within the ENVI software, while 

the linear interpolation method must be calculated using the band math tool. These 

algorithms are applied and the results discussed for each preprocessing method. 
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RESULTS 

Multispectral Imagery Analysis 

As previously stated, the leak occurred during the five-month period extending 

from October, 2015 to February, 2016. Average images of the study area were created for 

each month to approximate the conditions of the study area prior to the leak, as described 

above in the methodology section. The average MSAVI images were developed by 

building masks of missing scan lines, setting missing scan line pixels to zero, overlaying 

yearly images into a monthly image stack, cropping the image stacks to the area of 

interest, and finally, using the band math tool to calculate the average values. Statistics 

and image histograms were computed for the average MSAVI images before the leak and 

for the images occurring during the leak. The missing scan lines in the images occurring 

during the leak were excluded from the calculations. A summary of these statistics as 

well as average precipitation and temperature for each month are shown in Tables 6 and 

7.The average precipitation and temperature data were compiled from data for the city of 

Los Angeles, spanning from 2003 to 2016, tracking with the dates of the images used in 

this study (NOAA, 2016). Figure 5 shows a plot of the image statistics shown in Tables 6 

and 7. Plots of average temperature and precipitation are shown in Figures 6 and 7. The 

image histograms are shown in Figures 8A through 8I. 
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Table 6. Summary of statistics, temperature, and precipitation information for the study area before the leak 

 

Before Leak Summary Information 

 

Month 

 

Mean 
Standard 

Deviation 

Minimum 

Value 

Maximum 

Value 

Average 

Precipitation 

(Inches) 

Average 

Temperature 

(F) 

October 1,498.09 412.36 279.00 3,646.60 1.00 66° 

November 1,516.93 369.79 238.00 3,388.53 0.75 62° 

December 1,633.75 463.80 165.54 3,794.46 2.66 57° 

January 1,932.57 604.49 191.31 3,970.46 2.11 53° 

February 2,171.58 629.26 407.94 4,736.94 2.32 57° 

Table 7. Summary of statistics, temperature, and precipitation information for the study area during the leak. 

The October data is from October 2, 2015 and shows the condition of the study area 3 weeks before the leak. 

 

During Leak Summary Information 

 

Month 

 

Mean 
Standard 

Deviation 

Minimum 

Value 

Maximum 

Value 

Precipitation 

(Inches) 

Temperature 

(F) 

October 

(Before Leak) 
1,359.98 442.14 159 3,621 0.10 74° 

November 1,238.61 393.41 66 3,329 0.06 62° 

December 1,212.75 410.74 108 3,388 1.08 57° 

January 814.11 124.18 380 1,531 2.95 57° 

February 2,202.02 816.97 125 6,880 0.73 63° 

 

 
 

Figure 5.  Plot of the means and standard deviations given in Tables 6 and 7. 
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Figure 6. Plot comparing average monthly temperatures to the temperatures occurring in 2015 and 2016. 

 

Figure 7. Plot comparing average monthly precipitation levels to the amount of precipitation occurring in 2015 

and 2016. 
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Except for the month of February, the images before the leak have higher mean 

MSAVI values than those occurring during the leak. The standard deviations of the 

before and during leak images are similar, except for January. Before the leak, the mean 

value increases each month between October and February, whereas the standard 

deviation decreases from October to November and then increases from November to 

February. Before the leak, the mean values and standard deviations do not appear to track 

with average precipitation. While the before leak means increase from month to month, 

the average precipitation flips between decreasing and increasing values. This may be 

due to precipitation reaching a specific level where the vegetation has an adequate 

amount of water and MSAVI values continue to increase. The average precipitation 

decreases October to November, increases greatly November to December, decreases 

December to January, and increases again January to February. 

During the period of the leak, mean values and standard deviations did not follow 

the same trend as the averages. This is due in part to the fact that the images before the 

leak are “averages” composed of many scenes over multiple years with varying 

environmental conditions, while the images during the leak are a single snapshot in time 

on a particular day. Furthermore, average precipitation during the leak was not consistent 

with prior years. Precipitation during the leak was well below average from October to 

December, spiked to an above average amount in January, and then fell back below 

average in February. The larger amount of rainfall in January during the leak may have 

contributed to the above average mean and standard deviation in February. Temperatures 



35 

 

were higher in October, January, and February during the leak; however, the increase in 

temperature did not seem to affect MSAVI values. 

Figure 5 shows that the mean MSAVI and standard deviation for January during 

the leak are significantly lower than the average. This is due to increased noise in the 

image from low-level cloud cover in the scene. This increased level of noise can be seen 

in Figure 8G when compared with other histograms without cloud cover. This image was 

still considered because it was the only scene available for January during the leak that 

had visibility of the ground. 

 

 

 

 

A. 

 

   B.      C. 
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   D.      E. 

 

   F.      G. 

 

   H.      I. 

Figures 8A-8I are image histograms of the monthly average composites and scenes occurring during the leak. A, 

B, D, E, F, and H occur before the leak. C, E, G, and I occur during the leak. 

 

 

 

Difference images (DI) can be used to identify areas that exhibit particularly high 

or low MSAVI values when compared to the average. Due to the missing scan lines in 

the ETM+ data, an extra step of processing was required prior to the calculation of 
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difference images. A mask was created for each month from the missing scan lines in the 

scenes occurring during the leak. These masks were then applied to the average MSAVI 

images so that the average image for each month would have the same coverage as the 

corresponding image occurring during the leak. The difference images were then created 

for each month using the formula shown in Equation 6, where DI is the difference image. 

Positive DI values indicate an increase in the MSAVI from before the leak, while 

negative values indicate a decrease. 

 

 

 

Equation 5. Equation used to calculate the difference images. 

𝑫𝑰 = 𝑴𝑺𝑨𝑽𝑰𝑫𝒖𝒓𝒊𝒏𝒈 𝑳𝒆𝒂𝒌 − 𝑴𝑺𝑨𝑽𝑰𝑨𝒗𝒆𝒓𝒂𝒈𝒆 

 

 

 

Statistics and image histograms were also computed for each difference image 

(excluding mask values). A summary of these statistics are shown in Table 8. Figure 9 is 

a plot of the means and standard deviations for each image and Figures 10A through 10D 

show the image histograms. In the image histograms, pixels outside a standard deviation 

from the mean exhibit a statistically significant departure from the expected value (the 

mean). This study focuses on the negative tail of the distribution (minimum value to µ– 

σ), which indicates statistically low MSAVI values. The difference of the standard 

deviation from the mean is reported in Table 8 as the calculated threshold value. The 

pixel value in each difference image nearest to the calculated threshold value was used as 
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the adjusted threshold. The histogram for each difference image was then stretched 

between the minimum pixel value and the adjusted threshold. The results are shown in 

Figures 11A through 11D, where pixels with higher intensity values exhibited the 

greatest amount of change and pixels with lower intensities exhibited the least amount of 

change. 

 

 

 

Table 8.  Summary of the statistics for each difference image. 

 

Difference Image Summary Statistics 

Month Mean 
Standard 

Deviation 

Calculated 

Threshold 

Value 

Adjusted 

Threshold 

Value 

Min. 

Value 

Max. 

Value 

November 2015 -276.60 241.21 -517.81 -516.69 -1,191.27 785.93 

December 2015 -424.05 371.44 -795.49 -791.15 -1,692.69 1,011.92 

January 2015 -221.30 1,607.09 -1,828.39 -1825.50 -1,870.00 3,804.00 

February 2015 11.54 608.82 -597.28 -588.78 -2,505.50 3,528.63 
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Figure 9. Plot of the statistics given in Table 8. 

 

 

 

The difference image means decreased from November to December and 

increased from December to February, while standard deviations increased from 

November to January and decreased from January to February. The large standard 

deviation in January is due to the aforementioned noise present in the January leak image. 

The noise also caused a bimodal distribution in the January difference image histogram, 

shown in Figure 10C. The January image before the leak did not have the same low level 

cloud cover as the image occurring during the leak, which resulted in the bimodal 

distribution when the images were differenced. The remaining histograms show that the 

data are skewed towards negative values, showing that the majority of pixels exhibited a 

decline in MSAVI values. 
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   A.      B. 

 

 

   C.      D. 

 
Figures 10A-10C are image histograms of the difference images. 
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The difference images show that particular regions of the study area exhibited 

statistically significant decreases in MSAVI values during the period of the leak, which 

are shown as higher intensity pixels in Figures 11A through 11D. The November 

difference image, Figure 11A, shows low to moderate decreases in MSAVI values in 

close proximity to Well SS-25. However, pockets of land approximately three-quarters of 

a mile south and one-half mile north of the well showed more significant decreases than 

the area surrounding the well. Affected areas in the November image are distributed 

across the scene and intensities are generally low to moderate. This may be related to 

seasonal changes or below average precipitation causing vegetation senescence across the 

study area. 

 In the December difference image, Figure 11B, intensity values of affected areas 

in Figure 11A have increased and formed localized clusters. Directly north, east, and 

southeast of the well are clusters of high intensity pixels. Although this shows that the 

area immediately surrounding the site exhibited a decrease in MSAVI values from 

November to December, this may not be a direct result of the leak. Immediately upon 

detecting the leak, SoCalGas employees, environmental officials, and safety regulators 

were in and around the site attempting to stop the leak. Various equipment, machinery, 

vehicles, and people were surrounding the site and vegetation may have been trampled in 

the area causing the detected decrease in MSAVI values. Clusters of high intensity pixels 

also formed in the southeastern, southwestern, and northeastern regions of the image. 

These areas were also affected in the November image, suggesting that the condition of 

the vegetation in these areas worsened. Pixel intensities decreased from November to 



42 

 

December in the northwestern region of the scene. This region is over the peak and on the 

north face of the mountain, possibly limiting the soil exposure to methane. The initial 

decrease in MSAVI values for this region in November may have been due to seasonal 

changes, which may have normalized by December. Precipitation also increased during 

this period, which may have provided relief to the stressed vegetation in this area. 

The January difference image does not give any meaningful information about 

vegetation in the scene. As stated previously, the noise in the scene was overwhelming 

and greatly skewed the difference image values. This is especially unfortunate because 

the February image shows that MSAVI values increased in many areas since December, 

and the lack of a useful January image causes a gap in the temporal analysis. 

In the February image, the areas immediately west and northwest of the well have 

increased in MSAVI values; however, they still exhibit levels of stress. Furthermore, 

areas in the south and southwestern region of the scene also experienced increases in 

MSAVI values from December. This suggests that the vegetation in these areas has been 

recovering since December, which may be due in part to the large amount of precipitation 

in January. There are also small clusters of high intensity pixels visible half a mile to the 

southwest, three quarters of a mile southeast, and a quarter of a mile north of the well. 

These were areas that also had high intensity pixels in December and appear to have 

increased in size since that period. 
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A. 
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D. 

Figures 11A-11D are thresholded difference images for each month of the leak 
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The average MSAVI values were then calculated for the three vegetation 

communities nearest to Well SS-25, which will be referred to as vegetation community 

west (VCW), vegetation community east (VCE), and vegetation community north 

(VCN). Figure 12 is a map of the study area highlighting the three vegetation 

communities in relation to Well SS-25. Higher spatial resolution aerial imagery from 

2012 was used in Figure 12 as opposed to the ETM+ imagery for a clearer image of the 

area. The communities were visually identified in the October 2, 2015 scene that 

occurred three weeks before the leak. In relation to Well SS-25, VCW is approximately 

half of a mile to the southwest, VCE is approximately three-fourths of a mile to the 

southeast, and VCN is approximately half a mile to three quarters of a mile to the north-

northeast. 
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Figure 12. Map of the designated vegetation communities in the study area. 
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Table 9 contains the mean MSAVI values of the vegetation communities in the 

before leak images and Table 10 contains the mean MSAVI values for the images 

occurring during the leak. Figure 13 is a plot of those values. 

 The mean MSAVI values of the vegetation communities before the leak did not 

follow the same trend as the means for the entire study area; however, the means for 

VCW and VCN followed the exact same trend as the average precipitation. VCE 

followed a similar pattern to the other communities, except values continued to decrease 

in February instead of increasing. This suggests that the MSAVI values of these 

vegetation communities are directly related to levels of precipitation. 

Conversely, the average MSAVI values for VCW and VCN during the leak 

followed the same pattern as the study area. VCE followed a similar pattern except values 

slightly increased from October to November. In all vegetation communities, MSAVI 

averages were lower during the leak and decreased from November to December despite 

an increase in precipitation, albeit at below average rainfall levels. Furthermore, each 

community responded positively to the large amount of precipitation in January and 

exhibited higher than average MSAVI values in the following February. This trend is in 

alignment with the study area as a whole, and further suggests that the amount of 

precipitation in the study area had an influence on MSAVI values. 
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Table 9. Mean MSAVI values for each vegetation community before the leak. 

 

Mean MSAVI Values Before Leak 

Vegetation 

Community 

October 

Average 

November 

Average 

December 

Average 

January 

Average 

February 

Average 

VCW 2,688.73 1,535.55 2,878.77 1,164.52 2,198.12 

VCE 1,695.10 1,571.05 2,511.62 1,663.74 1,541.84 

VCN 2,099.85 1,803.86 3,794.46 895.85 1,186.41 

Table 10. Mean MSAVI values for each vegetation community during the leak. 

Mean MSAVI Values During Leak 

Vegetation 

Community 

October 

Average 

(Before 

Leak) 

November 

Average 

December 

Average 

January 

Average 

February 

Average 

VCW 1,660.52 1,421.05 1,357.72 772.24 2,212.59 

VCE 1,527.47 1,612.74 1,560.06 791.12 1,817.45 

VCN 1,594.94 1,438.11 1,365.72 868.99 1,610.55 

 

 

Figure 13. Plot of the mean MSAVI values given in Tables 9 and 10. 
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Hyperspectral Imagery Analysis 

The preprocessing procedures previously outlined in the methodology section 

were applied to each Hyperion scene. Figures 14A through 14D show the spectral 

signatures of a vegetation pixel in the December 24, 2015 scene after the different 

preprocessing methodologies were applied. Figures 15A through 15G show the first 

eigenvalue images of each dataset prior to preprocessing. The subsequent eigenvalue 

images were not included because they did not provide meaningful information regarding 

the spectral smile effect. 

Comparing Figures 14A and 14C, the application of cross-track illumination 

correction prior to atmospheric compensation had a minimal effect on the spectral 

signature of the pixel. The largest differences between the two signatures are the spectral 

shifts occurring at the peaks near 450 and 530 nm, which are still quite minimal and 

located outside of the red-edge region. Furthermore, the first eigenvalue image for that 

scene, Figure 15A, did not exhibit a distinct brightness gradient, which indicates that the 

data were not greatly affected the spectral smile. Distinct brightness gradients were not 

visible in any of the first eigenvalue images. This may be due to the size and location of 

the study area, which is relatively small and located near the center of the scene where 

the effect of spectral smile is minimized.  

The effect of the Savitzky-Golay smoothing filter is clear when comparing 

Figures 14A and 14B or 14C and 14D. The small peaks between 550 and 690 nm as well 

as those between 760 and 860 nm were mostly smoothed away. Furthermore, the 
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smoothing shifted the red-edge region towards longer wavelengths and altered the shape 

of the slope.  

 

 

 

 

   A.          B. 

 

 

   C.          D. 

 
Figures 14A-14D are spectral signatures of a vegetation pixel after different preprocessing 
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   A.     B. 

 

  

   C.     D. 
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   E.     F. 

 

 

G. 

Figures 15A-15G are the first eigenvalue images for each Hyperion scene. 15A is for December 24, 2015, 15B is 

for January 1, 2015, 15C is for January 12, 2016, 15D is for January 26, 2016, 15E is for February 3, 2016, 15F is 

for February 8, 2016, and 15G is for February 14, 2016. 

 

 

 

As shown in Figures 14A through 14D, preprocessing methodologies affect the 

location of the red-edge region and shape of the slope. These differences in spectral 

signatures will influence the results of red-edge position algorithms, particularly when 
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using an approach involving the first derivative. Table 11 shows the calculated red-edge 

positions, reported in nanometers, for the same pre-processed pixels used in the spectral 

signatures of Figures 14A through 14D. The table shows that the spectral smoothing 

shifted the red-edge position toward longer wavelengths by ten nanometers when using 

the first derivative approach.  The red-edge positions calculated using the four-point 

linear interpolation approach remained consistent through each preprocessing 

methodology. These differences are attributable to the methodology of each approach. 

The interpolation approach simplifies the red-edge position to the midpoint of a line 

connecting the values at 670 and 780 nm, and those values were not greatly affected by 

the smoothing filter. The first derivative approach identifies the wavelength of the 

maximum first derivative in the red-edge region, which was shifted toward longer 

wavelengths by the smoothing filter. When the algorithms were applied to the smoothed 

spectral signatures, they achieved results that were within four nanometers of each other. 

 

 

 
Table 11. Red-edge positions of the vegetation pixel after preprocessing. 

Red-Edge Positions of Processed Vegetation Pixel 

Red-Edge 

Position Index 
QUAC QUAC/SAVGOL CTIC/QUAC CTIC/QUAC/SAVGOL 

First Derivative 706.64 716.82 706.64 716.81 

Four-Point Linear 

Interpolation 
722.21 721.04 722.32 721.01 
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The study area contains are variety of land cover types including vegetation, 

urban area, bare soil, and water. Mixed pixels containing multiple land covers can cause 

red-edge position values that may not be due solely to vegetation. Therefore, the 

applications of these algorithms were limited to the same vegetation communities 

referenced in the multispectral analysis. Table 12 gives the mean red-edge position of 

each vegetation community using the first derivative approach and Table 13 gives the 

results using four-point linear interpolation. The mean values are reported in nanometers. 

Figures 16, 18, and 20 are time-series plots of the means for each vegetation community 

using the first derivative approach. Figure 17, 19, and 21 are plots of the corresponding 

standard deviations for each vegetation community. Figures 22, 24, and 26 are time-

series plots of the means for each vegetation community using the interpolation approach. 

Figure 23, 25, and 26 are plots of the corresponding standard deviations for each 

vegetation community.  
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Table 12. The red-edge positions for each vegetation community calculated using the first derivative approach. 

 

Mean Red-Edge Positions Calculated Using the First Derivative Approach 

Vegetation 

Community 
QUAC QUAC/SAVGOL CTIC/QUAC CTIC/QUAC/SAVGOL 

12/24/2015 

VCW 714.46 715.47 709.31 714.62 

VCE 709.50 713.73 709.15 713.64 

VCN 719.50 717.38 713.61 714.36 

1/1/2016 

VCW 710.02 713.81 710.87 717.56 

VCE 709.15 714.87 712.28 716.24 

VCN 715.80 719.28 717.52 718.15 

1/12/2016 

VCW 708.78 712.15 708.78 710.17 

VCE 709.10 714.35 709.10 708.35 

VCN 711.97 714.41 711.97 713.71 

1/26/2016 

VCW 706.85 710.39 706.74 710.55 

VCE 708.27 711.66 709.90 710.03 

VCN 711.06 713.57 710.85 714.15 

2/3/2016 

VCW 709.26 713.75 709.10 715.63 

VCE 708.94 713.33 709.41 712.94 

VCN 716.92 714.03 717.52 715.90 

2/8/2016 

VCW 707.39 710.76 707.44 711.83 

VCE 706.15 709.06 706.81 708.22 

VCN 707.02 708.17 707.45 708.64 

2/14/2016 

VCW 707.01 712.63 707.60 714.35 

VCE 706.945 710.78 707.96 711.92 

VCN 709.84 713.12 710.97 715.23 
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Table 13. The standard deviations of the red-edge positions for each vegetation community calculated using the 

first derivative approach. 

 

Standard Deviations of the Red-Edge Positions Calculated Using the First Derivative Approach 

Vegetation 

Community 
QUAC QUAC/SAVGOL CTIC/QUAC CTIC/QUAC/SAVGOL 

12/24/2015 

VCW 21.50 18.16 16.60 13.57 

VCE 17.01 14.86 15.75 13.78 

VCN 22.90 16.60 20.04 12.65 

1/1/2016 

VCW 15.86 15.52 17.36 16.80 

VCE 15.98 14.04 19.60 15.74 

VCN 23.36 24.27 26.36 23.52 

1/12/2016 

VCW 17.53 15.12 16.31 13.99 

VCE 16.00 14.49 18.48 15.13 

VCN 18.09 12.96 16.49 10.22 

1/26/2016 

VCW 6.86 5.14 4.05 5.68 

VCE 14.25 13.75 20.01 19.46 

VCN 22.70 14.95 22.77 16.06 

2/3/2016 

VCW 10.21 6.7 10.12 5.71 

VCE 15.46 13.42 15.50 14.34 

VCN 22.68 13.61 23.14 15.51 

2/8/2016 

VCW 5.68 5.53 6.86 6.52 

VCE 12.70 15.88 13.32 15.01 

VCN 15.48 13.22 16.89 13.49 

2/14/2016 

VCW 6.00 6.45 7.91 6.82 

VCE 15.97 13.68 18.47 14.16 

VCN 16.83 12.29 17.40 13.25 
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Table 14. The red-edge positions for each vegetation community calculated using the four-point linear 

interpolation approach. 

 

Mean Red-Edge Positions Calculated Using the Four-Point Linear Interpolation Approach 

Vegetation 

Community 
QUAC QUAC/SAVGOL CTIC/QUAC CTIC/QUAC/SAVGOL 

12/24/2015 

VCW 716.44 722.13 721.68 721.86 

VCE 720.57 719.02 726.81 719.67 

VCN 719.42 723.03 718.68 725.27 

1/1/2016 

VCW 719.26 721.55 724.25 710.10 

VCE 721.72 720.35 725.53 463.26 

VCN 719.04 726.72 722.02 722.48 

1/12/2016 

VCW 722.95 722.81 723.17 717.03 

VCE 723.12 720.63 718.98 719.86 

VCN 717.18 717.57 715.71 719.65 

1/26/2016 

VCW 720.10 720.38 721.95 720.66 

VCE 723.20 724.48 723.49 722.30 

VCN 723.38 721.38 725.58 731.81 

2/3/2016 

VCW 721.68 721.18 722.73 721.47 

VCE 723.34 721.74 719.16 721.11 

VCN 721.88 721.04 724.45 725.15 

2/8/2016 

VCW 720.61 726.19 721.68 720.74 

VCE 722.58 726.83 720.92 720.54 

VCN 718.65 729.90 720.05 720.65 

2/14/2016 

VCW 721.28 721.05 722.30 721.61 

VCE 722.13 721.26 722.04 721.26 

VCN 720.24 720.14 721.62 731.87 
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Table 15. The standard deviations of the red-edge positions for each vegetation community calculated using the 

four-point linear interpolation approach. 

 
Standard Deviations of the Red-Edge Positions Calculated Using the Four-Point Linear 

Interpolation Approach 

Vegetation 

Community 
QUAC QUAC/SAVGOL CTIC/QUAC CTIC/QUAC/SAVGOL 

12/24/2015 

VCW 54.01 26.60 10.80 10.02 

VCE 261.19 12.43 79.07 16.69 

VCN 40.99 46.76 37.28 180.39 

1/1/2016 

VCW 59.72 13.05 12.80 168.54 

VCE 11.58 7.14 49.36 3,944.00 

VCN 53.69 386.99 49.68 117.43 

1/12/2016 

VCW 56.02 17.43 50.63 22.97 

VCE 18.08 10.16 21.41 9.27 

VCN 46.39 26.29 54.67 46.47 

1/26/2016 

VCW 2.93 2.18 2.25 2.09 

VCE 12.33 41.63 21.42 9.44 

VCN 46.36 170.14 106.21 156.77 

2/3/2016 

VCW 2.60 2.40 2.53 2.43 

VCE 10.27 6.40 57.30 10.43 

VCN 20.17 59.07 49.22 139.25 

2/8/2016 

VCW 2.61 1.57 2.17 1.58 

VCE 17.24 43.94 10.80 4.07 

VCN 48.68 45.97 47.93 18.50 

2/14/2016 

VCW 1.89 1.68 1.63 2.00 

VCE 4.53 3.65 9.70 3.92 

VCN 34.36 66.67 15.65 205.35 
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Figure 16. Red-edge positions calculated for VCW using the first derivative approach. 

 

Figure 17. Standard deviations of the means for VCW calculated using the first derivative approach. 
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Figure 18. Red-edge positions calculated for VCE using the first derivative approach. 

 

Figure 19. Standard deviations of the means for VCE calculated using the first derivative approach. 
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Figure 20. Red-edge positions calculated for VCN using the first derivative approach. 

 

Figure 21. Standard deviations of the means for VCN calculated using the first derivative approach. 
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Figure 22. Red-edge positions calculated for VCW using the four-point linear interpolation approach. 

 

Figure 23. Standard deviations of the means for VCW calculated using the four point linear interpolation 

approach. The data that was processed with CTIC/QUAC/SAVGOL was not included for the January 1st scene 

because a large standard deviation distorted the plot. See Table 15 for full results. 
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Figure 24. Red-edge positions calculated for VCE using the four-point linear interpolation approach. The data 

that was processed with CTIC/QUAC/SAVGOL was not included for the January 1st scene because a large 

mean value distorted the plot. See Table 14 for full results. 

 

Figure 25. Standard deviations of the means for VCE calculated using the four point linear interpolation 

approach. The data that was processed with QUAC only was not included for the December 24th scene because a 

large standard deviation distorted the plot. The data that was processed with CTIC/QUAC/SAVGOL was not 

included for the January 1st scene because a large standard deviation distorted the plot. See Table 15 for full 

results. 
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Figure 26. Red-edge positions calculated for VCN using the four-point linear interpolation approach. 

 

Figure 27. Standard deviations of the means for VCN calculated using the four point linear interpolation 

approach. 
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Although it is not possible to assess the accuracy of each preprocessing method 

without ground-truth measurements, it is possible to compare how preprocessing 

methodologies affect the data. Understanding how data preprocessing affects algorithm 

results is paramount to a meaningful analysis of algorithm performance. 

The mean red-edge positions for VCW calculated using the first derivative 

approach varied between preprocessing methods. The smoothed mean values exhibited 

higher red-edge positions (longer wavelengths) than the non-smoothed means and clear 

separation is evident in Figure 16. This is consistent with the shift in the red-edge region 

from spectral smoothing observed in the spectral signatures of Figures 14B and 14D. 

Comparing the non-smoothed data, it seems that the cross-track illumination correction 

(CTIC) only had a large influence on the data in the December 24th scene. The CTIC also 

seemed to introduce an increase in smoothed and non-smoothed means for January 1st, 

followed by a sharp decrease on January 12th. When CTIC was combined with spectral 

smoothing, the means were dissimilar to the results derived from all other preprocessing 

methodologies, except in the January 26th scene where the values for the smoothed data 

were nearly identical. The non-smoothed means were also nearly identical for January 

26th, although at a shorter wavelength. Despite CTIC, the smoothed data followed a 

similar pattern of values for the last four dates, while the non-smoothed data followed a 

similar pattern from January 1st to February 8th. The combination of smoothing and CTIC 

may have achieved results that were more accurate than the other preprocessing methods 

by eliminating noise from the data. However, it is difficult to assess the accuracy without 

ground truth. Overall, the means for each preprocessing methodology did not follow a 
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linear pattern of increasing or decreasing values, rather, the values fluctuated back and 

forth. However, the non-smoothed means for VCW did exhibit a slight negative trend 

over time. The standard deviations for VCW followed a similar pattern across each 

preprocessing method. Data variability was constant in the first three scenes and then 

decreased after January 12th. The increased amount of precipitation in January may have 

allowed stressed vegetation to recover, which decreased the amount of variability in the 

health of the vegetation. Generally, the data that were not smoothed had higher standard 

deviations than the data that were smoothed.  

VCE also exhibited the separation of the smoothed and non-smoothed means, as 

shown in Figure 18. However, in the January 12th scene, the combination of CTIC and 

smoothing resulted in a value lower than non-smoothed data, blurring the separation 

between smoothed and non-smoothed means for that scene. Also similar to VCW, the 

CTIC introduced an increase in the mean for January 1st, followed by the sharp decrease 

on January 12th. The CTIC and smoothing combination followed a similar pattern to the 

values in VCW, which has a similar variable land cover type to VCE. Furthermore, the 

values derived from the other preprocessing methodologies in VCE did not follow 

patterns similar to those in VCW. This suggests that land cover may influence 

preprocessing and algorithm results. It also shows that the combination of CTIC and 

smoothing may provide more consistent results. The values for VCE between February 

3rd and 14th show the most agreement for each preprocessing method. During this time 

period, the means follow a similar pattern regardless of CTIC or smoothing. Overall, the 

means for each preprocessing method did not follow a linear pattern and values 
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fluctuated from increasing to decreasing. Generally, the mean values for VCE were at 

slightly shorter wavelengths and exhibited a greater negative trend than VCW, which was 

closer to the leak. On the surface, this may suggest that VCE was more stressed than 

VCW despite VCW’s proximity to the leak; however, these differences in values could 

be caused by the amount of vegetative land cover, water restrictions, or trampling by 

workers in the area. The standard deviations for VCE were much more consistent across 

each scene compared to VCW. This sustained variability of the data may suggest a more 

stable level of vegetative health for VCE compared to VCW. This may be due to a more 

durable species of vegetation in VCE that can withstand lower levels of precipitation. 

Unlike VCE and VCW, the mean values for VCN were much more clustered 

regardless of preprocessing, as shown in Figure 20. The mean values of the smoothed 

data are still larger than the non-smoothed values, but the difference is much smaller than 

in VCW and VCE. All of the preprocessing methods provided similar results across each 

scene, with the exception of the data that had not been processed with CTIC or 

smoothing. The combination of no CTIC or smoothing resulted in dissimilar values for 

the December 24th and January 1st scenes when compared to the other methodologies. 

The mean values across each preprocessing method are closer in VCN than in the other 

communities due to the more dense and homogenous vegetation in VCN. This confirms 

that the amount of vegetation cover and variations in the background of each pixel can 

distort the results derived from different preprocessing methods. Furthermore, the 

combination of CTIC and smoothing provided consistent results across each of the 

communities. When the land cover was more uniform, as in VCN, the values derived 
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from the methods not incorporating CTIC and smoothing began to follow the same 

pattern as the data that were both CTIC and smoothed. This indicates that the 

combination of CTIC and smoothing can be useful when comparing communities with 

different land covers. The separation of the standard deviations between the smoothed 

and non-smoothed data was clear for VCN. Figure 21 shows that the non-smoothed data 

have significantly higher standard deviations than the smoothed data. This is because the 

land cover for VCN is more consistent than VCW and VCE, which makes the effect from 

the smoothing filter more evident. 

All of the vegetation communities across almost every preprocessing method 

exhibited an increase in the first derivative mean for February 3rd and 14th. This is in 

agreement with what was observed with the LANDSAT ETM+ MSAVI values for the 

month of February during the leak. The study area received a large amount of 

precipitation in January, and the vegetation began to recover from a below average wet 

season. Consequently, MSAVI values increased and red-edge positions shifted to longer 

wavelengths during the February of the leak. The increase is the most obvious in VCN, 

which has the densest amount of vegetation. 

The mean values for each vegetation community calculated from the four-point 

linear interpolation images were generally higher than the values obtained using the first 

derivative. This is consistent with the processed vegetation pixel given in Table 11. Table 

11 also showed that the observed pixel exhibited nearly identical red-edge positions 

regardless of the preprocessing method when the interpolation approach was applied. 

This was not the case when the means were calculated for each vegetation community. 
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Although the patterns of change were similar during certain periods, the mean values 

were inconsistent between preprocessing methods. This may have been due to the 

influence of mixed pixels on the results of the interpolation algorithm. The standard 

deviations for the interpolation approach were also inconsistent between preprocessing 

method and between each scene. The January 1st scene had extremely high standard 

deviations across each vegetation community for the data that were smoothed. This may 

have been caused by the combination of atmospheric correction and smoothing, where 

preprocessing skewed the results of the algorithm, or it could be due to mixed pixels 

causing abnormal results. The standard deviations calculated from the first derivative 

approach did not exhibit the same increase in the January 1st scene, despite going through 

the same preprocessing steps. This suggests that mixed pixels may affect the results of 

the interpolation approach and that the first derivative approach may be less sensitive to 

mixed pixels. Additionally, variations in the data may also be due to factors outside 

preprocessing and algorithm selection. As stated previously, the impact of atmospheric 

correction on preprocessing and algorithm performance was not considered in depth. It is 

possible that the QUAC tool affected the results; however, it is difficult to verify without 

ground-truth information. Furthermore, differences in the sun angle and shadows between 

scenes can affect the data. 

The interpolation approach resulted in varied means across preprocessing 

methods for VCW during the first three scenes. The means of the last four scenes 

averaged around 722 nm. The data that were processed only for CTIC had the highest 

mean values in the scenes from January 1st to February 3rd. This may have been caused 
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by a shift in a spectral peak at 670 or 780 nm, thus affecting the interpolated red-edge 

position. Spectral smoothing diminished this effect of the CTIC, but the smoothing may 

have further affected reflectance values at 670 or 780 nm, resulting in comparatively 

lower values that were not observed in the other data for the January 1st and 12th scenes. 

Overall, the means calculated from the interpolated red-edge positions for VCW did not 

exhibit the slight negative trend shown by the means calculated from the first derivative 

red-edge positions. Instead, the means remained generally stable around 722 nm, with the 

exception of the data processed with the CTIC and smoothing combination. Furthermore, 

excluding the data processed with CTIC and smoothing, the fluctuation of values 

between scenes was slight compared to first derivative approach. Comparing Figures 16 

and 22, the mean increased by 3 nm in the February 3rd scene for the first derivative 

approach across all preprocessing methods, while the mean of the same scene for the 

interpolation approach increased less than a nanometer. This indicates that the first 

derivative approach may be more sensitive to shifts in the red-edge position. Figure 23 

shows that similar to the first derivative approach, the standard deviations of the 

interpolated data varied greatly for the first three scenes then stabilized in the remaining 

scenes. The data that was processed with the CTIC and smoothing combination was not 

included in Figure 23 for the January 1st scene because a large standard deviation 

distorted the plot. The standard deviations across all preprocessing methods decreased 

after late January, which suggests this large standard deviation in the January 1st scene 

may have been caused by mixed pixels, whose effect subsided after the vegetation 

recovered from the increased precipitation. 
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VCE exhibited means that varied much more than VCW, with the exception of 

the data that were only processed for atmospheric correction. The combination of CTIC 

and smoothing resulted in an abnormally low mean value for VCE in the January 1st 

scene. This value was excluded from Figure 25 because it distorted the plot. This 

anomalous value may have been due to a mixed pixel or a function of preprocessing that 

distorted the results of the algorithm. The means from each preprocessing method for 

VCE tended to overlap over time, such that there was not a dataset with clearly larger or 

smaller values. Similar to VCW, the data that were only smoothed increased significantly 

in the February 8th scene. This was not present in the other data and suggests that the 

increase is a result of smoothing without CTIC. Across each preprocessing method, mean 

values increased in the January 26th scene for the interpolation approach. Comparing 

Figures 18 and 24, the increase in the means for January 26th were only observed in the 

first derivative data when it was processed for CTIC. Furthermore, the large increase in 

mean values was not observed in the first derivative data until February 3rd. As 

previously stated, the study area received a large amount of precipitation in January, 

which helped the vegetation recover from a below average wet season. The fact that the 

increase in means was observed earlier when using linear interpolation indicates that this 

approach may be more sensitive to background moisture content. Similar to the mean 

values, the standard deviations for VCE varied greatly across each scene and 

preprocessing method. Figure 25 is a plot of the standard deviations for VCE, which 

excludes data that was processed with only atmospheric correction for the December 24th 

scene and data that was processed with the CTIC and smoothing combination for the 
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January 1st scene. These data were excluded because they distorted the plot. These large 

variations may be due to an inconsistent land cover in VCE, which affected the results of 

the algorithm. 

The means calculated from the interpolated data for VCN were generally greater 

in value and fluctuated more than the means for VCW and VCE. This is due to the denser 

vegetation in VCN, which responded to changes in precipitation. The increase in the 

means on January 26th that was observed in VCE was also present in the data for VCN. 

Also similar to VCE, the large increase in mean values was not observed in the first 

derivative data until February 3rd. This reinforces the idea that the interpolation approach 

may be more sensitive to background moisture content compared to the first derivative 

approach. Similar to VCW and VCE, the VCN data that were only smoothed increased 

significantly in the February 8th scene. This was not present in the other data and further 

suggests it may be a result of using the smoothing filter without CTIC. Comparing 

Figures 20 and 26, the means calculated from the first derivative approach sharply 

increased on February 14th. This large increase in values only occurred in the interpolated 

means for the data that were smoothed and processed for CTIC. The means calculated 

from the non-smoothed interpolated data also observed an increase, albeit not very large. 

The large increase was not present in the data that was processed with smoothing alone. 

This may be due to the large increase in the smoothed data observed in each vegetation 

community for February 8th. The standard deviations for the interpolated VCN data 

varied significantly across preprocessing methods and scenes. Unlike VCW and VCE, 

VCN is located near the peak of the mountain and a section of VCN is located on the 
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north face. This caused a difference in sun angle and shade, and as the standard 

deviations show, these differences caused variation in the results. 

 Overall, the mean red-edge positions calculated from each approach did not agree 

in value or pattern over time. Generally, red-edge positions calculated by the 

interpolation approach are at longer wavelengths with higher standard deviations than the 

positions calculated by the first derivative. Furthermore, preprocessing methods, sun 

angle and shadow, background moisture content, and mixed pixels affect the algorithms 

differently. Therefore, it is not useful to directly compare the red-edge positions obtained 

from these different approaches with Hyperion data. 
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CONCLUSION 

The Aliso Canyon gas leak was an environmental disaster that affected thousands 

of people, increased greenhouse gas emissions, and costed millions of dollars in damages. 

The leak was the largest release of anthropogenic methane into the atmosphere in the 

history of the United States. Engineers and emergency personnel were quickly tasked 

with stopping the leak and treating the health issues related to the exposure of chemicals 

found in the emissions. The impact of the leak on the surrounding vegetation was 

overlooked, and this study assessed the stress imposed on the vegetation through remote 

sensing techniques. Satellite based remote sensing data are particularly useful in 

vegetation monitoring, as large areas can be observed without extensive field work and at 

a relatively lower cost compared to field surveys. However, as this study shows, remote 

sensing data alone may not be enough to discern the causes of stress in vegetation. There 

are multiple factors influencing the health of vegetation that are difficult to control 

outside of a laboratory setting. 

The multispectral analysis was able to detect regions of stressed vegetation in the 

study area; however, it was not possible to discern whether the stress was caused by the 

leak or low levels of precipitation. The amount of vegetative stress in the study area 

closely followed the amount of precipitation i.e., less precipitation resulted in more stress. 

This issue cannot be controlled for unless ground-truth measurements are collected 
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simultaneously with the remotely sensed data. This was not possible in this study, as the 

analyses were conducted well after the leak had been stopped. There were also issues 

inherent to the ETM+ data that had to be mitigated. The scan line problem resulted in 

missing information and provided additional challenges with processing, which could 

have affected the results of the analysis. Despite the scan line limitations, the ETM+ data 

were still useful especially since the data are available to the public free of charge. 

The hyperspectral analysis served more as a comparison of preprocessing 

methods and red-edge position algorithms than an assessment of vegetative health. This 

was because it was not possible to assess the accuracy of each preprocessing method or 

algorithm without ground-truth measurements. This does not assert that the analysis was 

meaningless; rather, the study outlined how preprocessing and algorithm selection can 

achieve differing results, which is important to understand in vegetation monitoring with 

remotely sensed data.  

The results showed that for the data used in this study, the red-edge positions 

calculated using the first derivative approach were sensitive to spectral smoothing. This is 

because the spectral smoothing shifted the entire red-edge region toward longer 

wavelengths, which consequently shifted the red-edge position in the same direction. 

Smoothing also had an effect on the standard deviations of the interpolated data, 

particularly in the January 1st scene; however, it is not clear that this is a result of 

smoothing alone or if atmospheric correction and mixed pixels also influenced the 

results. The red-edge positions calculated using linear interpolation were generally at 

longer wavelengths than the positions calculated with the first derivative method. This 
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suggests that the results of each algorithm are not directly comparable. It was also shown 

that cross track illumination correction did not have a major influence on these data, 

which may be due to the size and location of the study area in the scene. Similar to the 

multispectral analysis, it was observed that shifts in the red-edge position indicative of 

stress were also related the amount of precipitation. The results also indicated that the 

interpolation approach may be more sensitive to background moisture content compared 

to the first derivative approach. The study area received a large amount of precipitation in 

January of the leak. Consequently, means calculated from the interpolated red-edge 

positions began to increase in the end of January, a week before the means calculated 

from the first derivative red-edge positions. Furthermore, the presence of mixed pixels 

may have been another factor influencing preprocessing and algorithm performance, 

particularly with regards to the interpolation approach. As stated by Curran et al. (1990), 

an advantage of the first derivative approach is that background reflectance (primarily 

soil) is reduced to a constant. This means that the soil background will not have a large 

effect on the calculation of the red-edge positions when using the first derivative 

approach. Figures 28 and 29 illustrate this phenomenon. Figure 28 is a plot of spectral 

signatures for vegetation, soil, a linear combination of 50% vegetation and 50% soil, and 

another linear combination of 10% vegetation and 90% soil. Figure 29 is a plot of the 

first derivatives for the vegetation and linearly combined spectra given in Figure 28. 
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Figure 28. Spectral signatures for vegetation, soil, a linear combination of 50% vegetation and 50% soil, and a 

linear combination of 10% vegetation and 90% soil. 

 

Figure 29. First derivatives of the vegetation and combined vegetation and soil spectra. The circles represent the 

maximum derivatives in the red-edge region. 
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As shown in Figure 28, increasing the amount of soil present in the spectral 

signature of a pixel affects the overall shape and reflectance. Despite this, the wavelength 

of the maximum derivative in the red-edge region is the same across all combinations, as 

shown in Figure 29. This is not the case when calculating the red-edge position with the 

four-point linear interpolation approach. The interpolated red-edge position is 721.01 for 

the original vegetation signature; 721.53 for the combined 50% vegetation and 50% soil 

signature, and 724.42 for the combined 10% vegetation and 90% soil combination. This 

demonstrates that the first derivative approach is less sensitive to soil background 

compared to the interpolation approach. 

This study was able to provide insight into vegetative stress caused by the Aliso 

Canyon gas leak; however, future work in this area should include additional data to 

supplement analyses and provide a means to verify results. Optimally, ground-truth 

information should be collected simultaneously with the remotely sensed data. This 

includes: soil samples that can be tested for chemical composition; the use of calibration 

panels for improved atmospheric compensation; a complete assessment of vegetation 

species in the area; and advanced geologic mapping to better understand underlying rock 

and soil layers. These data are not always available, particularly in early warning systems 

where changes in vegetative health can indicate a gas leak in a remote area. As illustrated 

by this study, these systems should at least incorporate precipitation information in order 

to decrease false-positive results. 
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