
ABSTRACT 

VERKERKE, JOSHUA LOKOMAIKA’I. Burn Area Mapping Using UAVSAR High 

Resolution Synthetic Aperture Radar Data. (Under the direction of Dr. Siamak Khorram and 

Dr. Stacy Nelson). 

Wildland fires are a significant contributor of emissions driving global climate 

change. Accounting for wildland fire emissions depends upon many factors including the 

area burned and the severity of the burn. Spectral indices using the optical and infrared 

wavelengths abound for detecting and classifying wildland fire effects, but data collection is 

subject to occultation by cloud, smoke, and other covers. Combined with extended revisit 

time by satellite sensors commonly used for such mapping, the potential for delay between a 

fire event and mapping of the burn is high. The Uninhabited Aerial Vehicle Synthetic 

Aperture Radar (UAVSAR) is a radar sensor, therefore unhindered by smoke, clouds, or 

daylight availability, and is deployed on an airplane for rapid and flexible information 

gathering. It is fully polarimetric in nature, meaning that measured backscatter can be 

separated into component scattering mechanisms that describe the type of target detected. A 

ratio of scattering components is tested to determine if changes in forest structure due to a 

fire, including defoliation and consumption of tree limbs and trunks, are detectable and 

relatable to burn severity from a single UAVSAR image. It is found that a ratio of the volume 

component of the polarimetric decomposition to the remaining terms of the decomposition 

provides the best estimate of a fire’s extent and severity. Results are improved by limiting the 

separation to be between areas that are burned versus areas that are unburned. The results 

show that it is possible to detect and discriminate burn information from a single synthetic 

aperture radar image by using the scatterer-ratio. 
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CHAPTER 1 

 

1.1 Understanding wildland fires and their effects 

 

Wildland fires are a major ecological disturbance process, reshaping vegetation and 

landscapes in their wakes. Their effects extend beyond their final boundaries, releasing 

carbon compounds and other atmospheric emissions as vegetation is consumed, resulting in 

regional air quality issues and contributing to the global carbon budget (Weise and Wright 

2013; Keywood et al. 2013). Wildland fires are responsible for a substantial portion of 

greenhouse gas emissions, including carbon emissions totaling approximately 6% of global 

carbon emissions (Langmann et al. 2009; Stroppiana et al. 2010, Olivier et al. 2013). In 

conjunction with other natural and anthropogenic emissions sources, wildfires are serving to 

drive changes to the global climate that will likely result in increased extreme weather and 

higher temperatures in many regions (National Research Council [NRC] 2010; Liu et al. 

2010). These effects of climate change create conditions in which wildland fires are more 

likely to occur, and with greater intensity, generating more emissions, in a feedback loop 

known as a fire-climate interaction (Liu et al. 2014). 

 

In order to better understand and mitigate the effects of climate change, it is essential that 

emissions from processes such as wildland fires be quantified and accounted for in the global 

carbon budget (Palacios-Orueta et al. 2005). Measuring the emissions from a wildfire is a 

difficult task, as the emissions produced depend on a number of factors, including the plant 
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species that were burned, the degree to which the fire consumed these fuels, the total area 

that was burned, and many other environmental and ecological factors (Knorr et al. 2012; 

Weise and Wright 2013). Emissions models utilize this data as inputs for their estimates, in 

the form of measured values or as categorical classes (typically vegetative classes that 

describe a plant community type), so having accurate and up to date information will yield 

the most realistic estimates (Weise and Wright 2013; Keane et al. 2001).  

 

Field collection of data is costly, labor intensive, time consuming, and requires long 

processing periods to summarize all collected data, eliminating the potential for real-time 

model inputs (Arroyo et al. 2008; Keane et al. 2001). Remotely-sensed data can collect much 

more timely measurements of large areas that may be subject to fire; providing estimates of 

relevant ecosystem and fuel parameters such as species composition, biomass levels, fire 

history, fuel moisture content, and even fuel and landscape structure (Lentile et al. 2006; 

Arroyo et al. 2008). Additionally, the high resolution capabilities of modern sensors may 

allow for enhanced specificity over current generalized vegetative classes used in models, 

providing further accuracy to an emissions model (Palacios-Orueta et al. 2005; Pickles and 

Cover 2004). 

 

Despite progress made through the development of remote sensing technologies, important 

fire characteristics are still sources of great uncertainty within emissions models. Factors 

such as fuel moisture content, loading, and burn severity are not easily detected by 

established remote sensing mapping methods, and can result in shifts in emissions estimates 
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of 25 to 70 percent (Scarborough et al. 2001; Knorr et al. 2012). Delineation of burned area 

after a fire is another measure that is subject to uncertainties that can cause great inaccuracy 

in the predictions of an emissions model. Confounding issues include detecting burned 

versus unburned stands, edge delineation from low resolution sensors, and simplification of 

the interior of a burn perimeter to assume it is fully burned (Conard et al. 2002; Fraser et al. 

2004; Kolden et al. 2012). Furthermore, established delineation methods may be inoperable 

or inaccurate in some instances due to environmental challenges. 

 

In efforts to improve fire emissions models through precise and reliable inputs, detection of a 

fire’s burn area and severity is attempted with the NASA Uninhabited Aerial Vehicle 

Synthetic Aperture Radar (UAVSAR) sensor. The data is transformed by a new scattering 

ratio methodology which seeks to exploit physical changes in vegetative structure as a result 

of consumption by fire. The transformed data is then classified into levels of burn severity, 

and assessed for accuracy. 

 

1.1.1 Objectives 

This study sought to determine if synthetic aperture radar (SAR) remote sensing methods 

present a viable means of detection for wildland fire burn extents and burn severity. A ratio-

based method of handling radar scattering return signals was examined for its potential to 

elucidate changes to forest structure as a result of fire, thereby revealing burn areas and 

severity. The results were checked against high resolution satellite imagery and aerial 

photography to determine the accuracy and validity of the method. 



 

4 

 

1.2. Background 

 

1.2.1 Fire emissions accounting 

Atmospheric emissions generated by wildland fires can be substantial, so accurate 

inventories are necessary to account for the role these pollutants play in global climate 

change. The United States Environmental Protection Agency (EPA) periodically releases a 

National Emissions Inventory (NEI), covering the entire United States and describing 

emissions and their sources. In the 2008 NEI, it was found that criteria air pollutant 

emissions (pollutants controlled by the National Ambient Air Quality Standards such as 

carbon monoxide and particulate matter) rose significantly in the period of 2005-2008, 

evidence of increasing fire occurrence and severity (Venkatesh et al. 2013). Specifically, the 

inventory determined that wildfires contributed 1.8 teragrams of PM2.5 emissions 

(particulate matter with a diameter equal or less than 2.5 microns), representing 29% of total 

PM2.5 emissions, along with approximately 9% of the total CO, PM10, and Volatile Organic 

Compounds (VOC) emissions across the nation. However, reported emissions inventories 

vary widely between sources depending on the methods and inputs used. A Western Regional 

Air Partnership (WRAP) inventory for 2002 found that 1.49 Tg of PM2.5 were released for 

the year due to wildland fires (Air Sciences Inc. 2005). A different estimation from the 

Wildland Fire Emission Inventory (WFEI) estimated emissions of PM2.5 ranging from 0.065 

Tg/yr to 0.454Tg/yr, and CO emissions from 0.436Tg/yr to 3.107Tg/yr over the period of 

2003-2008, with an average annual burned area of 10,742km
2
/yr (Urbanski et al. 2011). 
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Wildland fire emissions are influenced by many different fuel and environment parameters, 

including fuel moisture content (FMC), fuel loading, and burn severity (Kasischke and 

Penner 2004; Conard et al. 2002; Scarborough et al. 2001). These properties influence the 

amount of fuels and degree to which fuels are consumed, causing the release of carbon and 

organic compounds to the atmosphere. Area burned is another key parameter in determining 

total emissions, and variations in this measure may contribute 25% of the uncertainty in an 

estimate (Conard et al. 2002; Knorr et al. 2012). Seiler and Crutzen (1980) presented the 

generalized approach to estimation of fire emissions as being a factor of the fuel load, 

aboveground fraction of biomass, the burning efficiency of the fuels, and the area burned. 

Having an accurate assessment of a fire’s extent is important not just because it provides the 

total area burned, but also because when ingested into modern emissions estimation systems 

that utilize spatial databases of vegetative classes and cover, it will delineate exactly what 

vegetation types were burned, further affecting the true emissions total (Scarborough et al. 

2001). 

 

1.2.2 Burn area and severity mapping 

Problems with accurately determining the burn area and severity of a fire stem from many 

factors, including the method the area is delineated, topography, timing, and environmental 

conditions during data capture (Kasischke and Penner 2004). Traditionally, burned areas 

have been mapped by ground crews and surveys, recently equipped with GPS units 

(Chuvieco et al. 2008; Arroyo et al. 2008). However, difficult terrain and observer error can 
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result in significant issues in such products. One study found that between manually 

generated perimeters and remotely sensed perimeters, there was on average 76% agreement, 

but with statistically significant differences in the determined extents, with ground-mapped 

burn areas overestimating the true area by 18% as compared to the remotely sensed products 

(Kolden and Weisberg 2007). Additionally, relying on ground crews to survey burn areas 

may only provide information from an outer perimeter, resulting in interior burn severity and 

area generalization. One study found that such a survey resulted in misclassification of 

interior unburned forest “islands” comprising up to 35% of the burn area (Kolden et al. 

2012).  

 

Remote sensing for the purpose of monitoring and cataloging wildland fire attributes 

provides key advantages over traditional survey methods. Remote sensing methods are able 

to observe broad areas, thereby providing context to the environmental data of interest, can 

revisit a site with frequency and with less difficulty, and are typically associated with 

reduced labor and unit area coverage costs (Chuvieco and Kasischke 2007; Chin 2001). 

Particularly beneficial is the fact that remote sensing methods allow for rapid accounting of 

hazardous areas (Arroyo et al. 2008).  

 

1.2.3 Spectral imaging 

Presently, the most commonly used sensors for burn area and severity detection are passive 

spectral sensors operating in the optical and infrared wavelengths (Arroyo et al. 2008). Such 

sensors detect the reflection of ambient electromagnetic radiation off the Earth’s surface and 
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cover. Materials such as soil and plants attenuate this radiation to varying degrees based on 

their composition, and these shifts in detected radiation from background provide 

information about the scene below the sensor (Knipling 1970). A ready example of a target 

interacting with incident spectral radation is that of plants absorbing light through 

chlorophyll. In the aftermath of a fire, dead and damaged plants will absorb less radiation, so 

the electromagnetic radiation and attenuation by vegetation is altered, and these changes are 

detectable by spectral sensors (Lentile et al. 2006). 

 

1.2.3.1 Burn area and severity mapping via spectral imaging 

Many different passive multi- and hyper-spectral sensors that have been used for 

determination of a fire’s burn area. They include satellites covering a wide range of spatial 

resolutions, from the 500m resolution Moderate Resolution Imaging Spectrometer (MODIS), 

to the Landsat sensors,  and the sub-meter resolution IKONOS sensor, as well as high 

resolution aerial platforms such as the Airborne Visible/Infrared Imaging Spectrometer 

(AVIRIS) (Maier and Russell-Smith 2012; Mitri and Gitas 2008; Kokaly et al. 2007). 

Detection of fire burn extents and severities are achieved by differencing a spectral index, 

such as the Normalized Difference Vegetation Index (NDVI) or Normalized Burn Ratio 

(NBR), and observing the areas of high change (Cansler and McKenzie 2012; Key and 

Benson 1999; Oliva et al. 2011) 

 

Previous attempts at accurate burn area detection have yielded mixed results. For spectral 

products, analysis of the MODIS burn area product found that monthly burned area was 
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typically underestimated at about 46% of Center for International Disaster Information fire 

data within the United States (Chang and Song 2009). It was found that 30% of the error may 

be a result of the large spatial resolution of the MODIS sensor (Giglio et al. 2010). Conard et 

al. (2002) used the National Oceanic and Atmospheric Administration (NOAA) Advanced 

Very High Resolution Radiometer (AVHRR) sensor to reassess annual total burn area in 

Russia, generating estimates that were approximately 5 times larger than official data, which 

the authors still considered to be a conservative amount. Conversely, reassessment of 

nationwide Satellite Pour l’Observation de la Terre (SPOT) and AVHRR burn area products 

in Canada using higher resolution Landsat Thematic Mapper (TM) found the original 

products overestimated the true burn area, likely due to unburned areas being aggregated into 

burned pixels due to the lower spatial resolution of SPOT and AVHRR (Fraser et al. 2004). 

More limited investigations into specific fires and fire complexes have demonstrated that 

accepted perimeters and severities of fires can differ significantly from remotely sensed data 

(Kolden and Weisberg 2007) and include up to 35% unburned areas in burned classes 

(Kolden et al. 2012). 

 

Burn area and severity mapping by passive spectral sensors such as Landsat and MODIS can 

encounter other problems before factors such as resolution and methodology come into 

effect. Time of day, cloud cover and even forest canopy cover can obscure valuable 

information in determining a true burn extent when using a passive sensor (Miettinen et al. 

2013; Siegert and Ruecker 2000). Active sensors overcome these issues by generating and 
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detecting their own longer wavelength electromagnetic radiation that penetrates such cover 

and operates without reliance upon ambient electromagnetic radiation as passive sensors do. 

 

1.2.4 Radar imaging 

Radar imaging is a common method of active remote sensing. Radar sensors emit microwave 

radiation towards a target then detect the backscatter from the target (Kasischke et al. 1997). 

The resolution of the signal is inversely related to the size of the radar antenna, so small pixel 

resolution requires very large antennae. Synthetic aperture radar was devised as a means of 

increasing radar resolution without the need for a large unwieldy antenna. Synthetic aperture 

radars are mounted to a moving platform such as an airplane or satellite, and the frequency of 

the emitted and received signal are recorded (Brown and Porcello 1969). By accounting for 

the Doppler effect of the moving platform in the received signal, an emitted signal can be 

matched to its corresponding detection, and the distance the platform travelled between those 

moments becomes a synthetically large antenna (Figure 1.3.1, Avery and Berlin 1985). 

 

Further information from radar imaging of the environment can be had by the use of 

polarized signals, known as polarimetry. When radar’s microwave energy reflects off a target 

object such as the ground or a tree, it interacts with the target briefly, causing the signal to 

undergo shifting and rotation (Cloude and Pottier 1996). By transmitting radar signals in a 

specific polarization (horizontal or vertical), then detecting the polarization in which the 

signal is received, information such as phase shifting can be documented for the target object 
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(Kasischke et al. 1997). Subsequently, the data may be analyzed for these polarization 

changes and further information derived. 

 

Transformation of polarized radar signals reveals the nature of the object that scattered the 

signal and the type of scattering it caused in a process known as polarimetric decomposition. 

The detected signal in a pixel from a polarimetric synthetic aperture radar is the sum of all 

scattering objects it contains; polarimetric decompositions are designed to separate the 

scattering processes within the pixel and express them as individual scattering intensities 

(Sakshaug 2013). The Pauli decomposition is a basic but useful decomposition theorem that 

separates scatterers into the general classes of single, double, and volume scattering 

(European Space Agency 2011). This means that the radar signal scattered off an object and 

back to the sensor with a single bounce, which typically means it reflected off the ground 

surface back to the sensor, or with a double bounce, meaning it interacted with two objects, 

such as the ground and the side of a building before returning to the sensor, or finally with 

multiple objects as a volume bounce, meaning it bounced around in many different directions 

against many objects before finally returning to the sensor (Figure 1.3.2). A limitation of the 

Pauli decomposition is that it is generally recognized to work best with coherent scatterers, 

targets in a pixel predominantly of a single scattering type, which will largely limit it to man-

made targets (Cloude and Pottier 1996). Decompositions able to get around this limitation are 

known as incoherent decompositions, meaning they are able to separate out the multiple 

scattering properties of a complex target pixel. The Yamaguchi 4 component decomposition 

is an example of an incoherent decomposition theorem (Yamaguchi et al. 2005). The 
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Yamaguchi 4 component decomposition similarly separates the radar backscatter into odd 

(single), double, and volume scatterers, and adds a fourth scattering class known as helix 

scatterers. This latter class is designed to describe the scattering encountered in urban 

environments, meaning the remaining scatter signals are more definitively limited to the 

proper bounce type. 

 

1.2.4.1 Burn area and severity mapping via radar imaging 

Mapping of burn areas and severity has been previously performed using polarimetric 

synthetic aperture radar to varying degrees of success. An early attempt by Kasischke et al. 

(1992) looked at the double bounce component of the backscatter signal to determine burn 

area in black spruce forest, reasoning that there will be a high return from exposed ground 

and tree trunks due to defoliation relative to unburned areas. More recent studies have sought 

to utilize combinations of polarimetric SAR data to better reveal burn areas and severity. 

Some studies have used SAR data as a complement to optical data, by providing information 

where there might otherwise be gaps in the optical data due to obscuration and by enhancing 

the spectral image with more physical information (Bernhard et al. 2011; Bernhard et al. 

2012). Another data fusion technique utilized UAVSAR data in conjunction with National 

Land Cover Database information, segmenting the entropy/anisotropy/alpha angle 

decomposition of the original polarimetric SAR image according to land cover classes, then 

classifying upon these segments (Khorram et al. 2013). A multitemporal approach is 

commonly tested, as a drop in volumetric scattering and a rise in double and single scattering 

between two time points indicates removal of the canopy and smaller fuels, which could be 
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the result of fire (Siegert and Ruecker 2000; Tanase et al. 2009). Using a radar sensor 

capable of concurrently operating in the C-, L-, and P-bands, Czuchlewksi and Weissel 

(2005) were able to discriminate bare surface, intact trees, and damaged trees with varying 

levels of fire damage with a single data pass. The C-, L-, and P-bands operate at increasingly 

longer wavelengths, meaning the C- band was dominated by volumetric backscatter and was 

unable to penetrate through the canopy except where it had been removed, while the L- and 

P- bands were able to penetrate the canopy and reveal larger scatterers and damage below the 

canopy. 

 

Aside from the early study by Kasischke et al. (1992), these polarimetric SAR methods rely 

on multiple data takes, multi-band sensors, or combinations with other data types to provide a 

result. This requirement is similarly mirrored in many optical and infrared spectral methods 

as well. The present study seeks to determine if estimates of burn extent and severity are 

possible with a single band, single date, single sensor polarimetric synthetic aperture radar 

data take. 
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1.3 Figures 

 

 

Figure 1.3.1 Diagram of a synthetic aperture radar system. The plane's movement creates a 

synthetically larger antenna than its physical size. From Avery and Berlin (1985).  
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Figure 1.3.2 Scattering bounce types of radar signal, showing A) volume scattering B) 

double bounce scattering C) smooth surface odd bounce scattering D) rough surface odd 

bounce scattering. From Sakshaug (2013). 
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CHAPTER 2 

 

2.1 Introduction 

 

Wildland fires are estimated to contribute an average of 2.0 petagrams of carbon per year to 

the atmosphere, an amount equivalent to 6% of total yearly carbon emissions and subject to a 

high degree of variability from year to year (van der Werf et al. 2010; Olivier et al. 2013). In 

the aftermath of a fire, the burned area can continue to release carbon as damaged vegetation 

decomposes, and can result in further environmental degradation in the form of increased 

runoff and erosion (Keeley 2009). For these reasons, it is important that burned areas are 

properly and accurately detected. 

 

Fire affects an ecosystem in many ways, the most evident being the consumption of fuels. 

Finer fuels such as grass and leaves are the first to be consumed due to the lower energy 

required to ignite them, followed by progressively larger fuels from branches, to larger limbs, 

and even the main trunk of a tree. This progression from finer to larger fuels typically 

coincides with an increase in burn severity, which is the degree to which a fire may affect an 

ecosystem by removing organic matter such as vegetation and soil (Keeley 2009). Detection 

of fire scars via remote sensing seeks to reveal the influence of a fire on the environment by 

detecting evidence of such changes. 
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2.1.1 Optical and infrared spectral detection 

Many different approaches and sensors have been used to determine forested areas damaged 

by fire. Active fire detection, which can provide preliminary indicators of a burn area, can be 

accomplished using thermal bands of the AVHRR satellite sensor to detect hotspots (Lentile 

et al. 2006). Post-fire burn scar detection has been attempted with success using the SPOT 

and MODIS satellites (Fraser et al. 2004; Lazaro et al. 2013). The Normalized Difference 

Vegetation Index (NDVI) and Normalized Burn Ratio (NBR) are very widely used methods, 

providing a means of utilizing spectral bands found on many remote sensors to derive burn 

severity information. The equations are shown below (Cansler & McKenzie 2012). 

 

 
     

       

       
 

[1] 

 

 

 
    

       

       
 

[2] 

 

NIR indicates a spectral band in the near-infrared, RED is an optical red band, and MIR 

would be the mid-infrared spectral region. As an example, these indices are commonly used 

with the Landsat satellite sensors, and would correspond to band 4, band 3, and band 7, 

respectively. 
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NDVI and NBR both take a multitemporal approach to reveal vegetative change by 

performing a ratio of reflectance values in the optical and infrared regions of the 

electromagnetic spectrum at one point in time, then differencing that against the same ratio 

and area at a different date (Key & Benson 1999). Again using the Landsat satellites as an 

example, if a fire were to occur between the 16-day revisit periods of a Landsat pass, one 

would calculate NDVI or NBR for the pre-fire scene and the post-fire scene, and then 

subtract the post-fire index from the pre-fire index to generate a result. Changes in plants’ 

electromagnetic absorption and radiation at the wavelengths used in these indices (red and 

near-infrared for NDVI, near-infrared and mid-infrared for NBR) reveal changes to 

vegetative health potentially due to fire. 

 

2.1.2 Radar detection 

While satellite-based spectral indices such as NDVI and NBR can be very useful for burn 

area determination, there are potential problems associated with their use. The primary 

limitations of these indices are their reliance upon multiple images and the potential for these 

sensors to be obscured due to cloud and aerosol cover (Liew et al. 1999). 

 

The NASA Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) is an airplane-

based SAR sensor, meaning it can be rapidly deployed to collect data rather than being set in 

a fixed path like a satellite. Three different radar payloads have been developed for the 

UAVSAR sensor, including a P-band, Ka-band, and an L-band radar (Lou 2013). 

Thesesynthetic aperture radar (SAR) sensors it carries operate in the microwave region of the 
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electromagnetic spectrum, meaning they can penetrate obscuring cloud and smoke cover. 

Furthermore, it is a fully polarimetric SAR sensor, meaning that information regarding the 

structure and nature of targets interacting with the radar signal can be had by means of 

polarimetric decomposition. 

 

Polarimetric decompositions separate the radar return signal into respective contributions of 

scattering mechanisms of a target in a radar scene. Previous studies have examined the use of 

the Entropy-Anisotropy-alpha angle decomposition for burn area investigations 

(Goodenough et al. 2011; Tanase et al. 2014). This decomposition separates the signal into 

entropy, which is the randomness of the scattering mechanism, anisotropy, which works in 

complement with entropy, and the alpha angle, which describes the main scattering 

mechanism as odd (also known as single), volume, or double bounce scattering of the radar 

signal. The present study will make use of the Yamaguchi 4 component decomposition, 

which decomposes the radar signal into odd (single), volume, and double bounce scattering 

signals, as well as a fourth helix scattering signal (Yamaguchi et al. 2005). These four 

bounce types are relatable to physical properties of the radar target. High volume scattering 

means that the radar signal bounces many times in many directions before returning to the 

sensor, and is common for tree canopies. Double bounce scattering is commonly interpreted 

to mean the radar signal bounced off of the earth’s surface and another large surface, such as 

a tree trunk, while odd bounce scattering is interpreted as a direct return from the earth’s 

surface. The helix scattering component of the Yamaguchi decomposition is used to highlight 

scattering behavior in urban environments (Yamaguchi et al. 2005). 
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The ability to distinguish dominant scattering mechanisms by polarimetric decomposition 

theorems may allow for the detection of fire-affected landscapes with SAR data. As a fire 

consumes finer fuels such as leaves, there will be a reduction in volume scattering targets, 

and therefore a weak volume scattering return in the data (Figure 2.7.1). Greater intensity 

may remove smaller branches and limbs, increasing the radar signal penetration to tree 

trunks, the ground surface, and any obscured man-made structures, which should be 

characterized by relatively high double, odd, and helix bounce scattering signal (Goodenough 

et al. 2011). Multiple date SAR imagery has been previously examined to reveal these shifts 

in individual scattering mechanisms with success (Liew et al. 1999; Bernhard et al. 2011; 

Tanase et al. 2009). A previous study utilizing the same UAVSAR data capture segmented 

the SAR image by National Land Cover Database classes, and classification was performed 

using the entropy/anisotropy/alpha angle decomposition for the image segments (Khorram et 

al. 2013). In this study, burn severity and burn area delineation are attempted using a single 

date, fully polarimetric UAVSAR image captured shortly after containment of a large 

wildland fire. The objectives are to map burn area and severity without being subject to the 

shortcomings of typical hyperspectral and multispectral methods, namely multitemporal 

imagery, clear daytime skies, and inflexible satellite deployments. Ratios of the volume 

scattering signal to the remaining scattering signals obtained by polarimetric decomposition 

are presented as a novel method for detecting burned areas. 
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2.2 Methods 

 

2.2.1 Study site & data products 

The radar and field data used in this research was captured as part of a NASA-funded project 

entitled “Development of New Geospatial Tools for Wildland Fire Management and Risk 

Reduction” (Khorram et al. 2013). The fully polarimetric L-band UAVSAR sensor was 

flown over a topographically complex area in the southern range of the Cascade Mountains 

in California, near Lassen Peak on November 5, 2012 (Figure 2.7.2). The scene is designated 

as flight identification number 12128, and covers an area burned in August of 2012 by the 

Ponderosa Fire, which consumed over 25,000 acres of forest and over 130 buildings before it 

was contained. True-color and color-infrared aerial photography was also captured over the 

center of the burn area shortly after the fire, and additional imagery was obtained from 

Google Earth. In addition to the remotely sensed data, burn severity information at 11 field 

locations near and within the burn area was collected on November 6th, 2012.  

 

SAR data were obtained courtesy of NASA Jet Propulsion Laboratory-Caltech through the 

UAVSAR website as ground projected calibrated cross product files. The data were pre-

processed similar to Atwood et al. (2012) to adjust for radiometric terrain effects, polar 

orientation angle, and radar speckle, with slight modification; radiometric terrain correction 

was performed in Exelis ENVI 5.0 software before generating the T3 coherency matrix. 

PolSARpro software was subsequently used to generate the T3 coherency matrix, perform 

the Lee Sigma filter, orientation angle compensation, and Yamaguchi 4 component 
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decomposition, resulting in the separated Yamaguchi volume, double, helix, and odd 

scattering intensities. 

 

2.2.2 Scattering ratio 

To exploit fire’s tendency to consume finer materials such as leaves (volume scatterers) and 

reveal larger tree structures (double scatterers), the ground surface (odd scatterers), and man-

made structures (helix scatterers), ratios of the volume scattering signal to the double, helix, 

and odd scatterers, individually and cumulatively, were explored, for a total of 4 scatterer-

ratios (Equations 3-6). As a direct ratio of these signals can lead to values of infinity, the 

ratios were normalized similar to the NDVI and NBR indices, with a range of -1 to +1: 
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[6] 

 

Due to the nature of fuel consumption by fire, alternative ratios of scattering mechanisms 

(e.g. odd to double) were expected to show no clear response within a burn area, and were 

not examined. 

 

To discover if the scatterer-ratios were viable for determining the Ponderosa burn area and 

burn severity levels, 88 sample points were generated (11 from the field locations, 30 

randomly within the published burn perimeter, 47 randomly throughout the UAVSAR scene 

extent outside of the fire perimeter) and classified as being either unburned or having high, 

medium, or low burn severity. Sample points were delineated into the high severity class  if 

they overwhelmingly contained trees devoid of leaves and limbs leaving essentially just 

charred tree trunks, medium if all leaves and the majority, but not necessarily all, branches 

and limbs had been removed, and low if any slight evidence of fuel consumption, either 

canopy or surface, was visible, but not to such an extent as to fall into one of the other burn 

severity levels. Google Earth imagery captured post-fire in September 2012 was used to 

assign sample points to burn severity classes, referencing the field sampled locations and 

aerial photography when possible. A 100 meter sample area was created around each point, 

and the mean ratio value for each area calculated and associated to the sample point. Vector 

data generation and manipulation were handled within QGIS geographic information system. 

These values were analyzed against the points’ burn severity levels in the R Project for 
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Statistical Computing to determine dominant ranges in the ratios for the differing burn 

severity levels. The ratio rasters were classified according to these ranges to generate the 

output images. As a final step, a new set of random sample points were generated and an 

accuracy assessment performed as described in Congalton (2001), using the same set of 

Google Earth imagery and aerial photographs. 

 

2.3 Results 

 

Scatter plots of mean scatterer-ratio value for 100m sample areas, grouped by burn severity 

class, are shown in Figure 2.7.3. Note that within a class, points are ordered arbitrarily, and 

are simply used for separation on the x-axis. In each plot, there is a general trend of 

increasing scatter ratio value as burn severity decreases. This trend is weakest in the scatter 

plot of the volume/helix ratio (Equation 4; Figure 2.7.3.B). To visually ascertain the 

clustering and separation of mean scatterer-ratio values for the different classes, the data are 

presented as box plots in Figure 2.7.3. The box plot of the volume/double ratio (Equation 3) 

appears to show the tightest clustering within each class as well as low overlap for the 

majority of values within each class (Figure 2.7.3.A). The plots of the ratio of volume/odd 

bounce scattering (Equation 7) and of volume to the combined backscatter of double, helix, 

and odd scatterers (Equation 8) show broader ranges within each burn severity class and less 

distinction between classes, but the overall trend of increasing ratio values for decreasing 

burn severity holds (Figure 2.7.3.C-D). A relatively small range within each burn severity 
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class is also seen in the ratio of volume/helix scattering (Figure 2.7.3.B), but there is less 

indication of an inverse relationship between ratio values and burn severity. 

 

For classification of the rasters generated by the ratio of scatterers, the mean of the upper 

quartile and lower quartile of progressive severity classes is calculated to serve as the cutoff 

value. The upper bound of the unburned class is given the maximum value of the raster, and 

the lower bound of the high burn severity class is given the minimum raster value. The 

results of this classification are shown in Figures 2.7.4 through 2.7.8. A rough approximation 

of the burned area is best evident in the volume/double (Figure 2.7.4) and volume/combined 

ratio rasters (Figure 2.7.8). Many small plots of high burn severity appear in the volume/odd 

ratio raster (Figure 2.7.6), and to a lesser extent in the combined ratio raster, that do not 

appear in the volume/double ratio. The volume/helix ratio does capture some of the burned 

area, but exhibits a high degree of noise and a predominance of the unburned and low burn 

severity classes throughout the extent (Figure 2.7.5). 

 

After classification of the ratio rasters as described above, an accuracy assessment for each 

ratio was performed using a different set of random sample points classified using Google 

Earth imagery (Table 2.6.1-2.6.4). Overall accuracy for burn severity levels in all ratios is 

below 50%. The most accurately described class is consistently the unburned class, followed 

by high burn severity. Compared to user accuracy, producer accuracy is consistently higher 

for high burn severity and lower for light burn severity. All ratios show very poor 

performance in classifying the medium burn severity class, and all except the combined ratio 
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show marginally better performance in lightly burned areas. The kappa statistic is calculated 

for each assessment, and achieves a highest value of 0.26 for the combined ratio. 

 

To check the performance of the ratios in distinguishing burned pixels, the severity classes 

are regrouped into either burned or unburned, and the results of this accuracy assessment 

shown (Table 2.6.5-2.6.8). Any amount of burn evident in the reference data, either high, 

medium, or low,  is categorized as burned, and unburned areas are assumed to have no 

consumption of fuels whatsoever by the Ponderosa Fire of 2012. All ratios except for 

volume/helix (Table 2.6.6) provide greater than 70% overall accuracy and the combined ratio 

provides 75% accuracy (Table 2.6.8). Again, the unburned class is the best described, but the 

producer accuracy of the burned class is consistently above 50%, and as high as 74%. For 

this comparison, producer accuracy is consistently lower than user accuracy in the burned 

class, while the opposite holds for the unburned class. The kappa statistic ranges from 0.30 to 

0.51. 

 

2.4 Discussion 

 

All scatter ratios tested show some level of indication of the Ponderosa Fire extent. The 

poorest result is seen in the volume/helix ratio (Figure 2.7.5). As the component that the 

volume scatter level is being compared against is theoretically designed to highlight urban 

areas, this result is expected (Yamaguchi et al. 2005). The vast majority of the study area is 

mountainous forested area, with extremely limited development primarily in the 
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southwestern corner of the UAVSAR scene, and should show limited signal from the helix 

component. Accordingly, accuracy assessment results for this ratio are the lowest of all tested 

ratios. 

 

Visual inspection of the volume/double ratio reveals that it improperly classifies many areas 

of unburned forest as lightly burned (Figure 2.7.4). However, it also gives a fairly coherent 

picture of the published Ponderosa burn perimeter, represented primarily in the light and high 

burn severity classes. Defoliation within the burn perimeter did cause low levels of return in 

the volume scattering component and exposed more tree trunks to increase double bounce 

return. However, from the reference imagery, defoliation was not consistent or complete 

throughout the much of the burn perimeter, and many areas appeared to have retained small 

limbs in the reference imagery, which could serve as volume scatterers. Overall accuracy for 

the volume/double ratio for both burn severity levels and burned versus unburned is second 

only to the combined ratio (Figure 2.7.8). 

 

The volume/odd bounce ratio classifies much of the burn area into high and low severity 

classes (Figure 2.7.6), albeit more discontinuously than the volume/double ratio due to large 

areas within the perimeter being classified as unburned. Because this ratio makes use of the 

odd bounce signal which provides high returns over bare earth surface (Yamaguchi et al. 

2005), many small bare earth or sparsely vegetated plots beyond the fire’s extent are 

incorrectly placed into the high burn severity class. The volume/combined ratio exhibits this 

behavior to a slightly lesser degree (Figure 2.7.8). Consistent with the nature of the scattering 
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mechanisms used, these high severity sub-areas do not appear in the ratio of volume/double 

bounce scatters (Figure 2.7.4), as both scattering mechanisms used in this ratio will be low in 

barren areas, resulting in a ratio value trending towards +1. Unburned forested areas are most 

accurately classified in the volume/odd ratio due to the lack of radar penetration through the 

canopy, resulting in consistently high volume bounce returns and low odd bounce returns. 

 

The combined ratio of volume/(double+helix+odd) bounces is an attempt to exploit the 

benefits of each individual ratio (Figure 2.7.8). It provides a relatively strong picture of the 

burn area, with much of the area classified as high severity in relatively contiguous units. It 

also improves on the volume/double ratio’s tendency to misclassify unburned forested areas 

as being low burn severity. As mentioned previously, though, it does generate a number of 

false positive plots of high burn severity that are in actuality unburned but denuded surfaces. 

In terms of overall accuracy, the combined ratio performs best, though its individual high 

burn severity and unburned accuracies are lower than those for volume/double and 

volume/odd (Table 2.6.1,2.6.3). It is the only ratio to correctly classify any medium severity 

areas (Table 2.6.4). When simplified to the burned/unburned classification, it is the most 

accurate for discriminating burned areas but is still surpassed by the volume/odd ratio for 

identifying unburned areas correctly (Table 2.6.8,2.6.7). 

 

The user and producer accuracies are not drastically different when examining the results for 

the burned versus unburned classification. The user accuracy of the burned class is 

consistently higher than the producer accuracy, which means the scattering ratio is able to 
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determine burned areas to be as such, most certainly due to the physical changes to the 

vegetation due to fire. The reverse is true in areas that are unburned, which may be a 

consequence of the larger total unburned area in the image. For burn severity classification of 

the scatterer-ratios, only the light burn severity class is higher in user accuracy than producer 

accuracy. The remaining severity classes have higher producer accuracy than user accuracy. 

This is most likely a product of the majority of the fire extent having experienced high burn 

severity (Khorram et al. 2013), meaning probabilistically it is more likely for any given pixel 

to be highly burned than lightly burned. 

 

The kappa statistic is meant to show concurrence between the user and producer accuracies 

in correctly identifying a pixel, absent random chance. All kappa statistics were above 0, 

which would indicate completely random agreement, with a maximum kappa value of 0.51 in 

the burned/unburned classification for the volume versus combined double/helix/odd ratio. 

Accuracy assessment of synthetic aperture radar data for fire severity and area are lacking in 

the literature, providing no basis for comparison. It is hoped these results may serve as a 

preliminary estimate for acceptable kappa values in similar studies. 

 

2.5 Conclusions 

 

Detection of burned area with a single date polarimetric SAR image is possible with 

moderate accuracy. A ratio contrasting the return signal of volumetric scatterers, which are 

commonly removed during a wildland fire, against the combined return signals of double, 
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helix, and odd scatterers provides an estimate of burned areas and to some degree an estimate 

of the severity of the burn.  

 

Limitations in utilizing these scatterer-ratios include a high degree of noise in the resulting 

products, as well as no integrated means of separating water features and barren or cleared 

areas from the classification. The latter yields misclassification into high burn severity areas 

those areas which may in actuality be completely unburned or a water surface such as a lake. 

Further, the ratios exhibit limited ability to distinguish areas experiencing medium burn 

severity levels. 

  

This method may be useful in a number of situations in which established methods such as 

NDVI and NBR may not be. As an example, during a prolonged fire event with high smoke 

levels, multispectral and hyperspectral sensors would be unable to penetrate the smoke cover 

while ground surveying for the fire extent may be too hazardous to present a clear picture. In 

such an instance, a SAR sensor can penetrate through the obscuring cover, and the scatterer 

ratio can reveal to fire managers the current extent of the burn and severity levels. Such 

information could be used to recall ground crews to avoid hazard zones or assist in 

deployment of aerial bombardments.Additional usage scenarios include revealing burned 

regions in tropical areas, where frequent cloud cover can make using NDVI and NBR 

impossible (Liew et al. 1999). The scattering ratio method could be deployed in these regions 

and in particular areas that may not receive SAR satellite coverage, as a single-mission 

survey for burned areas, thereby eliminating costly secondary flights necessary to methods 
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that rely on temporal differencing. Overall, the scatterer-ratio is a viable means of burn area 

detection in difficult conditions, and is useful for better accounting of wildland fire and its 

effects upon the environment. 
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2.6 Tables 

 

Table 2.6.1 Accuracy assessment table for the burn severity classification generated from the 

scatterer-ratio of Volume/Double. 

Volume/ 

Double   Reference         

 

Classes High Medium Light Unburned Total User 

Classified High 5 6 2 1 14 36% 

 

Medium 

  

7 2 9 0% 

 

Light 

 

6 6 8 20 30% 

 

Unburned 3 4 7 28 42 67% 

 

Total 8 16 22 39 85 

 Producer 

 

63% 0% 27% 72% 

  Overall 

 

46% 

     Kappa 

 

0.200572 
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Table 2.6.2 Accuracy assessment table for the burn severity classification generated from the 

scatterer-ratio of Volume/Helix. 

Volume/ 

Helix   Reference         

 

Classes High Medium Light Unburned Total User 

Classified High 3 4 10 4 21 14% 

 

Medium 

   

1 1 0% 

 

Light 1 4 4 5 14 29% 

 

Unburned 4 8 8 29 49 59% 

 

Total 8 16 22 39 85 

 Producer 

 

38% 0% 18% 74% 

  Overall 

 

42% 

     Kappa 

 

0.136251 
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Table 2.6.3 Accuracy assessment table for the burn severity classification generated from the 

scatterer-ratio of Volume/Odd. 

Volume/ 

Odd   Reference         

 

Classes High Medium Light Unburned Total User 

Classified High 3 3 12 1 19 16% 

 

Medium 

  

2 2 4 0% 

 

Light 1 5 2 4 12 17% 

 

Unburned 4 8 6 32 50 64% 

 

Total 8 16 22 39 85 

 Producer 

 

38% 0% 9% 82% 

  Overall 

 

44% 

     Kappa 

 

0.149114 
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Table 2.6.4 Accuracy assessment table for the burn severity classification generated from the 

scatterer-ratio of Volume/(Double+Odd+Helix). 

Volume/ 

[Double+ 

Helix+Odd]   Reference         

 

Classes High Medium Light Unburned Total User 

Classified High 4 3 11 3 21 19% 

 

Medium 

 

4 2 

 
6 67% 

 

Light 2 4 4 6 16 25% 

 

Unburned 2 5 5 30 42 71% 

 

Total 8 16 22 39 85 

 Producer 

 

50% 25% 18% 77% 

  Overall 

 

49% 

     Kappa 

 

0.264735 
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Table 2.6.5 Accuracy assessment table for the burned versus unburned classification 

generated from the scatterer-ratio of Volume/Double. 

Volume/ 

Double   Reference     

 

Classes Burned Unburned Total User 

Classified Burned 32 11 43 74% 

 

Unburned 14 28 42 67% 

 

Total 46 39 85 

 Producer 

 

70% 72% 

  Overall 71% 

    Kappa 0.411194 

     

  



 

43 

Table 2.6.6 Accuracy assessment table for the burned versus unburned classification 

generated from the scatterer-ratio of Volume/Helix. 

Volume/ 

Helix   Reference     

 

Classes Burned Unburned Total User 

Classified Burned 26 10 36 72% 

 

Unburned 20 29 49 59% 

 

Total 46 39 85 

 Producer 

 

57% 74% 

  Overall 65% 

    Kappa 0.302898 

     

  



 

44 

Table 2.6.7 Accuracy assessment table for the burned versus unburned classification 

generated from the scatterer-ratio of Volume/Odd. 

Volume/ 

Odd   Reference     

 

Classes Burned Unburned Total User 

Classified Burned 28 7 35 80% 

 

Unburned 18 32 50 64% 

 

Total 46 39 85 

 Producer 

 

61% 82% 

  Overall 71% 

    Kappa 0.420191 
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Table 2.6.8 Accuracy assessment table for the burned versus unburned classification 

generated from the scatterer-ratio of Volume/(Double+Helix+Odd). 

Volume/ 

[Double+ 

Helix+Odd]   Reference     

 

Classes Burned Unburned Total User 

Classified Burned 34 9 43 79% 

 

Unburned 12 30 42 71% 

 

Total 46 39 85 

 Producer 

 

74% 77% 

  Overall 75% 

    Kappa 0.505403 
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2.7 Figures 

 

 

 

 

 

 

 

 

 

Figure 2.7.1 The effect of burn severity upon tree structure and SAR backscatter 

components. A) depicts unburned or low burn severity, B) shows low to medium burn 

severity, while C) shows high burn severity. Backscatter arrows on the left are sized 

according to relative contribution to the backscatter signal. 
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Figure 2.7.2 Image of the study area in Northern California, showing the 2012 Ponderosa 

Fire published perimeter in red, the field sample sites in yellow/black, and a Pauli-RGB 

image of the raw UAVSAR Flight ID 12128 framed by a white border.  Background imagery 

courtesy of Google, Inc.; Fire perimeter courtesy of CAL FIRE; UAVSAR data courtesy 

NASA/JPL –Caltech. 
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Figure 2.7.3 Box plots of mean ratio value within 100m radius of sample points. Values 

were grouped by burn severity class, then descriptive statistics calculated to generate the box 

plots. A) Volume/Double B) Volume/Helix C) Volume/Odd D) 

Volume/(Double+Helix+Odd). 
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Figure 2.7.4 Map of classified raster of burn severity generated by performing a scatterer-

ratio of Volume/Double. Background image courtesy Google, Inc. 
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Figure 2.7.5 Map of classified raster of burn severity generated by performing a scatterer-

ratio of Volume/Helix. Background image courtesy Google, Inc. 
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Figure 2.7.6 Map of classified raster of burn severity generated by performing a scatterer-

ratio of Volume/Odd. Background image courtesy Google, Inc. 
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Figure 2.7.8 Map of classified raster of burn severity generated by performing a scatterer-

ratio of Volume/(Double+Helix+Odd). Background image courtesy Google, Inc. 
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CHAPTER 3 

 

3.1 Summary 

 

Ratios of scattering components from polarimetric synthetic aperture radar data were tested 

as a means of discriminating forested areas affected by fire, and for their potential to reveal 

the extent of the damage caused by fire. The ratios compared the levels of volume scatter 

returns, typified by interaction with leaves and small branches that are readily consumed by 

fire, against odd, double, and helix scatterers, individually and in combination, which 

represent scattering common to the ground, tree trunks, and urban areas, respectively. 

 

All ratios were able to provide a rough estimate of burn area, with the volume/combination 

ratio being the most visually clear and the ratio of volume/helix presenting the poorest result. 

Overall accuracy for the combination ratio was 49% when classifying burn severity as high, 

medium, low, and unburned, and this ratio was 75% accurate when simply classifying targets 

as either burned or unburned. Further, it was found that different ratios were better at 

detecting particular burn severity categories. The ratio of volume/odd bounce scatterers, for 

instance, provided 82% accuracy in detecting unburned areas, but only 38% accuracy for 

high severity areas, as compared with 63% for the volume/double ratio in high severity 

burns. Overall, using a ratio of scattering components, particularly volume/double bounce or 

volume/combined bounce signals, is a viable means of detecting burn areas and potentially 

burn severities. 
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3.2 Issues encountered 

 

3.2.1 Issues encountered with the product 

In all cases, there was some degree of noise in the resultant classification, despite filtering for 

speckle in pre-processing. This is particularly evident in the volume/helix ratio, which is to 

be expected due to the lack of man-made targets throughout the majority of the UAVSAR 

scene. However, substantial noise was also present in the remaining rasters, including the 

volume/combination ratio. Post-processing cleaning of the rasters may eliminate the noise, 

but likely at the expense of a minimum area detection threshold. 

 

Accuracy of the burn severity classification was lower than would likely be desirable in all 

ratios. Discrimination of unburned forest was relatively accurate, but is less pertinent 

information than accurate identification of the damage in areas that were burned. 

 

3.2.2 Issues encountered in the course of the study 

A primary limitation faced was a dearth of data to use in the study. Only a single UAVSAR 

flight path (Line ID’s 36005 and 18005) was found that met requirements for pre-processing 

correction that also coincided spatially and temporally with a large wildland fire. Having data 

for a separate, second test site would allow testing for transferability of the ratio method and 

more accuracy assessment. Due to the recency of the fire and data take as well as funding 

limitations, reference aerial imagery was limited to what was available through Google Earth. 

Ideally, National Agricultural Imagery Project (NAIP) imagery, which is orthorectified with 
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high accuracy and has a resolution of 1m, would be used as a reference, but was not available 

for the area post-fire. Field data describing burn severity at many points throughout the burn 

area is the prime method of referencing remote sensing data, but was not available, likely due 

to safety concerns and limited resources. Having strong reference data, either as aerial 

imagery or field data, would allow for comparisons of accuracy between the proposed 

scatterer-ratio method and established burn severity and detection methods including NDVI 

and NBR. 

 

3.3 Advantages of scatterer-ratio products 

The purpose of the study was to determine if burn area and severity could be detected 

without need for multiple-date images or multiple sensors, and without worry for 

atmospheric conditions obscuring the data. In this regard, the scatterer-ratio is successful and 

useful, as it successfully detected burned areas from a single image, and is unhindered by 

clouds or smoke by nature of being radar data. Furthermore, the data tested came from the 

UAVSAR airborne sensor, meaning it can be deployed as needed for detection purposes 

without having to wait for satellite overpass of an area. The UAVSAR platform is equipped 

with a high precision autopilot capable of flying and re-flying a specified route with high 

accuracy, meaning it could potentially serve as the foundation for an autonomous burn 

monitoring system, as proposed by Lou et al. (2008). 
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3.4 Future considerations 

 

The results of the scatterer-ratio method outlined in this study definitely warrant further 

investigation to ascertain the true potential of the technique. An important component for 

continuation of this research will be strong reference data. High quality reference imagery 

will ensure that the accuracy assessment is as valid as possible and ample field data will 

allow for refinement of the classification and comparison against established techniques for 

determining burn information. Furthermore, reference imagery and field data will allow for 

assessment of the accuracy of the official burn perimeter. 

 

Next to obtaining quality field data and aerial imagery, having data for a second study site 

would allow for greater testing of the validity of the scatterer-ratio method. A second 

location in a different cover type would also determine whether this technique is transferrable 

between ecosystems. 

 

The scatterer-ratio should also be tested on other polarimetric synthetic aperture radar sensors 

and polarimetric decompositions besides the Yamaguchi 4 component decomposition. It may 

be the case that a different decomposition separates the relevant scattering components in a 

more meaningful way for the ratio, thereby providing a clearer picture of burn area and 

severity. Regarding using data from other polarimetric SAR sensors, testing with satellite 

sensors will likely provide a larger catalog of data takes coinciding with a wildland fire for 

greater generalization of the method, and testing with different radar bands may show a 
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particular wavelength to be optimal for detection by this technique. The scatterer-ratio shows 

potential as a method for detecting burns from a single dataset, and is worthy of continued 

study. 
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