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                                                             ABSTRACT 

 This study investigates whether high-spatial resolution satellite imagery (4-meter 

IKONOS imagery) is sufficient to differentiate between two Hawaiian forest species – 

Sophora chrysophylla (mamane) and Myoporum sandwicense (naio). These two tree 

species are critical to the survival of Loxioides bailleui (palila), an avian species that is 

listed as endangered under the 1973 Endangered Species Act. This study utilizes four 

types of supervised classification (maximum likelihood, mahalanobis, parallelepiped, and 

minimum distance) in association with texture filters and vegetation indices, to classify 

mamane and naio. The study also utilizes two different forms of decision tree analysis 

(classification and regression tree analysis and random forest analysis) in an attempt to 

differentiate between the two tree species. In doing so, the purpose was to find the best 

classification technique and to compare and contrast the results obtained by each 

classifier. Masked maximum likelihood classification of the IKONOS image produced 

the best result out of the six classifiers, returning a value of 79.40%. The addition of a 

fifth band calculated from the soil-adjusted vegetation index (SAVI), further increased 

the accuracy of MLC to 80.57%. Low spectral separability between mamane and naio 

and spatial constraints associated with the small crown size of mamane in comparison to 

the 4-meter resolution of the imagery, likely contributed heavily to the observed results. 

It is questionable whether these results will be of value for long-term mamane and naio 

conservation efforts, however, it is hoped that they will provide a baseline for future 

studies utilizing hyperspectral and airborne lidar technologies.  
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CHAPTER 1.  INTRODUCTION 

 

1.1 Statement of Need 

 This study investigates whether high-spatial resolution satellite imagery (4-meter 

IKONOS imagery) is sufficient to differentiate between two Hawaiian forest species – 

Sophora chrysophylla (mamane) and Myoporum sandwicense (naio). These two tree 

species are critical to the survival of a Hawaiian honeycreeper - Loxioides bailleui 

(palila), a federally designated Priority-1 endangered species. The palila is one of 

Hawaii’s best-known endangered species – a status that it derives primarily from its ties 

to a 1979 landmark case redefining the scope and intent of the federal Endangered 

Species Act. Today palila are the sole remaining seed-eating species of honeycreeper in 

the main Hawaiian Islands and the only endemic bird species statewide that necessitates 

dry forest (Hess, Banko, Brenner, & Jacobi, 1999, p. 212). Ninety-six percent of the 

palila population is now constrained to an area of approximately 30 square kilometers on 

the southwestern slope of Mauna Kea, Hawaii’s largest volcano.  

 The palila is heavily dependent upon the mamane tree as its primary nutritional 

source and primary nesting habitat. The seeds of the mamane constitute the cornerstone 

of the palila’s diet; over thousands of years the palila’s beak has uniquely evolved to 

enable it to extract mamane seed embryos while discarding the seed coat. Naio is a 

species of secondary importance to the palila as its berries provide a buffer for the palila 

in times of climate-induced mamane pod shortage.   
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 The Hawaiian Islands are a hotbed of study for conservation biologists. The 

Islands possess the greatest number of endangered species per square mile of any location 

on earth – thus earning its name as the “Endangered Species Capital of the World” 

(Bishop Museum, 2003). In the 1,600 years following human settlement, Hawai‘i has lost 

over half of its endemic bird species. Of the remaining species, 31 are listed as federally 

endangered and 17 have populations numbering less than 1,000. Additionally, in the 

twenty-five years since the enactment of the federal Endangered Species Act, biologists 

speculate that Hawai‘i may have lost up to ten of its endemic bird species (Leonard, 

2008, p. 2054).  

1.2 Research Questions and Methods 

 In this study I attempt to map and spectrally separate mamane and naio in the 

region of greatest palila density on Mauna Kea. I utilize two primary types of statistical 

classifiers in pursuit of this goal – supervised classifiers and decision tree classifiers. The 

maximum likelihood, mahalanobis, parallelepiped, and minimum distance classifiers are 

the four supervised classifiers that I investigate in ENVI; random forest and classification 

and regression tree (CART) algorithms are the two types of decision tree classifiers that I 

examine (the former in WEKA, and the latter in Matlab). 

 I anticipate that in this instance, the high-spatial resolution of the IKONOS 

imagery will prove sufficient for classifying the two species at a level that is useful for 

forestry management. While the acceptable level will be dependent upon the specific 

management goals of the biologists, I believe that it is reasonable to expect an overall 

classification accuracy level of 85-90% - a level that I imagine would be sufficient for 

nearly any mamane or naio monitoring endeavour. I hypothesize that the decision tree 
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algorithms will perform better than the supervised classifiers as a result their ability to 

incorporate different features and equations at different decision stages, and their capacity 

to evaluate complex data sets.  

1.3 Remote Sensing as a Monitoring and Conservation Tool 

Remote sensing is a rapidly growing discipline that has much to offer to 

conservation biologists and forestry managers. In this specific instance, remote sensing 

has the potential to provide a less time and labor-intensive means of surveying the 

mountain-wide extent of mamane and naio, replacing extensive on-the-ground surveys 

over Mauna Kea’s remote and rugged terrain. With the increasing availability and 

decreasing cost of high spatial resolution imagery, it is reasonable to expect that in the 

years to come, remote sensing will experience greater popularity as a land cover 

classification tool for conservation endeavors over large regions.    

 Under the 1973 Endangered Species Act, the United States Fish and Wildlife 

Service is mandated to conduct 5-year reviews of listed species utilizing the best 

available scientific data. Recovery team members conduct these reviews as a way of 

ensuring that current species designation (endangered or threatened) is correct and 

supported by recent data. Restoration of mamane and naio forest on Mauna Kea’s 

northern and eastern slopes is one of several actions listed under the palila’s current 5-

year recovery plan (2006). In pursuit of this goal, the USFWS has committed themselves 

to continued research into forest ecology and mamane phenology.  

If biologists deem them suitable, the products of this study (classification maps) 

can potentially be utilized towards this goal as a means of evaluating mountain-wide  

mamane and naio distribution and abundance. Over the span of several years, remote 
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sensing can also provide a potential means of change detection, enabling biologists to 

monitor long-term mamane and naio population trends and distribution patterns.  

1.4  Literature Reviews and Habitat Mapping  

There are a multitude of studies discussing the efficacy of remote sensing for land 

cover classification and habitat suitability mapping. Nagendra (2001) and Leyequien, 

Verrelst, Slot, Schaepman-Strub, Heitkonig, and Skidmore (2007) offer comprehensive 

reviews of the utility of remote sensing in assessing terrestrial biodiversity (species 

diversity), mapping individual species distribution, and modeling species occurrence. 

Mapping methodologies discussed include unsupervised and supervised image 

classification, decision-rule analysis, regression modeling, and genetic algorithms. 

Leyequien et al. (2007) also identifies and discusses five categories that are 

representative of current remote sensing approaches in the field of biodiversity 

assessment:  

1) Habitat suitability mapping, relying on species-habitat associations; 2) Spatial  
 heterogeneity assessment based on primary productivity; 3) Temporal 
 heterogeneity  assessment; 4) Mapping of structural properties of habitat; and 5) 
 Mapping of plant chemical attractants, relying on the influence of land cover 
 attractants on fauna, such as forage quality (Leyequien et al., 2007, p. 2).   

 
Habitat suitability mapping is one of the most common biological applications of 

remote sensing. Habitat suitability mapping relies heavily upon the availability and 

accuracy of field and ground-truth data on both the terrestrial species and landscape cover 

types under investigation. In the case of avian studies, this often includes data on nesting, 

breeding, migratory patterns (derived from monitoring devices or field observations), as 

well as ground-truth data on the spectral properties and distribution of landscape cover 

types. Upon collection of field data, the researcher often uses statistical algorithms to 
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classify the satellite or airborne-derived spectral data into distinct vegetation classes that 

correspond to population data on the species of interest (Leyequien et al., 2007, pp. 3-4).  

Jorge M. Palmeirim’s 1988 study, “Automatic mapping of avian species habitat 

using satellite imagery” was one of the first to specifically map avian species habitat with 

the aid of satellite imagery and bird counts. In this study, Palmeirim merged habitat 

classification maps (produced from Landsat TM imagery) with bird counts conducted 

throughout northeast Kansas. The author then developed habitat suitability figures and 

generated maps depicting habitat needs, density estimates, and population distribution for 

each avian species. More recent habitat mapping studies include those by Pascher, King, 

and Lindsay (2007), Prins, Petersen, Aunins, and Priednieks (2005) and Debinski, 

Kindscher, and Jakubauskas (1999). 

In addition to assessing vegetative heterogeneity at different temporal and spatial 

scales, remote sensing has also enabled scientists to make connections between 

biodiversity and vertical landscape structure. Until recently, scientists were limited in 

their ability to assess habitat heterogeneity below the uppermost levels of the tree canopy. 

With the advent of LiDAR and other forms of active remote sensing (Synthetic Aperture 

Radar, etc.), researchers were given the tools to map and measure three-dimensional 

attributes of forests and other landscapes. Individual tree and stand measurements derived 

from passive and active remote sensing include forest area, volume per unit area, 

productivity, species, species diversity, tree diameter, height, tree health, and soil 

characteristics (McRoberts and Tomppo, 2007; Lefsky, Cohen, Parker, & Harding, 2002, 

pp. 19-20).  
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Texture analysis and vegetation indices have also been of great value in forestry 

assessment and habitat suitability mapping. Franklin, Wulder, and Gerylo’s 2001 study 

demonstrated the utility of high spatial resolution imagery in association with first and 

second order texture measures calculated on varying window sizes to differentiate 

between different ages of single-species stands. Kayitakire, Hamel, and Defourny (2006) 

recently conducted a similar study, utilizing co-occurrence measures derived from 

IKONOS imagery to estimate several individual tree and stand characteristics (top height, 

age, circumference, basal area, and stand density). 

1.5 Thesis Structure 

 The next chapter of this thesis (Chapter 2) provides background and context for 

the study, introducing the reader to the palila, Mauna Kea’s mamane and naio forests, and 

the management issues surrounding them. Chapter 2 also familiarizes the reader with the 

discipline of remote sensing as well as the fundamentals of image preprocessing and 

image processing / data extraction. Chapter 3 discusses the methodology that guided the 

study, containing sections on the methods and techniques associated with each of the 

study stages – image acquisition, field work, image preprocessing, cross-validation, 

supervised classification, and decision tree analysis. Chapter 4 presents the results of the 

study, discussing the statistical outcomes of each of the classification techniques. Chapter 

5 follows the results and offers concise conclusions based upon the presented results. 

Chapter 6 brings the study full circle by discussing the results and providing insight on 

factors contributing to the observed outcome, as well as suggestions for future studies. 
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CHAPTER 2.  BACKGROUND AND CONTEXT 

 

2.1 The Palila 
 
2.1.1 Palila Physiology and Diet 
 
 Loxioides bailleui (palila) is a species of Hawaiian honeycreeper that belongs to 

the Fringillidae (finch) family, subfamily Drepanidinae. Wilson and Evans (1890-1899) 

credit researcher M.E. Oustalet and his 1877 article “Description de quelques especes 

nouvelles de la collection ornithologique du” with the first scientific description of the 

species. Hawaiian honeycreepers are classified into three distinct tribes – Hemignathini, 

Drepanidini, and Psittirostrini; the palila is categorized under Psittirostrini, Genus 

Loxioides. Hawaiian honeycreepers are endemic to the Hawaiian archipelago and are a 

prime example of adaptive radiation given their wide variety of beaks specifically 

designed for consumption of endemic food resources (Banko, Oboyski, Slotterback, 

Dougill, Goltz, Johnson, Laut, & Murray, 2002a, p. 791). The adult palila is distinguished 

by a yellowish breast and head, greenish tail and wings, grayish back, and a white to gray 

front transitioning to yellow near the head. Adult palila measure 15.0 – 16.5 centimeters 

and weigh 38-40 grams (Jeffrey, Fancy, Lindsey, Banko, Pratt, & Jacobi, 1993; Pletschet 

& Kelly, 1990, p. 1013).  

 Palila are seed specialists and are heavily dependent upon the mamane tree as its 

seeds constitute the cornerstone of their diet. The mamane tree (and to a lesser extent, the 

naio tree) also provides critical nesting habitat for the palila. Palila are known for their 

unique beak – a beak that evolved to enable them to extract mamane seed embryos while 

discarding the seed coat. The seed coat is less nutritious than the embryo and contains a 
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higher percentage of non-digestible fiber. Palila primarily consume mamane seed 

embryos from green pods, however, they supplement their diet with other parts of the 

mamane tree (the flowers, buds, and leaves), as well as naio berries when mamane seeds 

are unavailable. Palila also feed upon native moth larvae (Cydia) that consume mamane 

seed embryos and live in mamane pods. Cydia are an integral source of nutrition for 

nestlings and are consumed by mature palila as well (Banko, Cipollini, Breton, Paulk, 

Wink, & Izhaki, 2002b).  

2.1.2 Geographical Distribution 
 
 Fossil remains on Oahu and Kauai indicate that the palila once populated a more 

extensive area than they do today (United States Fish and Wildlife Service, 2006, p. 2-

61). Prior to the arrival of the first Hawaiians (approximately 400 A.D.), expansive 

dryland forests at low elevations allowed the proliferation of the palila throughout the 

main Hawaiian Islands (Scott, Mountainspring, van Riper III, Kepler, Jacobi, Burr, & 

Giffin, 1984). Post-Contact records indicate that the palila inhabited forest on the upper 

flanks of Mauna Kea, Mauna Loa’s northwestern flank, and likely the eastern and 

southern slopes of Hualalai (United States Fish and Wildlife Service, 2006, p. 2-61). In 

the 1890s biologist R.C.L. Perkins noted that palila were present between elevations of 

1,210 and 1,830 meters on Hualalai and abundant between 1,210 and 1,830 meters in the 

Kona region’s mamane forest (Perkins, 1903). In 1904 Perkins reported the last Palila 

sighting in the Kona region (Munro, 1960). By the 1940s sightings were limited to the 

western and northeastern slopes of Mauna Kea between 2,360 and 2,530 meters 

(Richards and Baldwin, 1953). In the 1960s Walker charted the last palila on the northern 

slope of Mauna Kea at a location near Pu‘u Mali (Walker, 1968).  



 9 

 The palila’s diminished current range relative to its historic range is one of the 

factors that led to the U.S. Fish and Wildlife Service’s listing of the species. Today the 

palila is absent from all but 5% of its historic range and approximately 96% of the 

population is restricted to an area of roughly 30 square kilometers on Mauna Kea’s 

southwestern slope. This location is unique in that it constitutes the mountain’s most 

expansive elevation gradient of mamane and mixed mamane/naio forest. The elevation 

gradient is necessary for the palila as mamane trees set seed at different elevations 

throughout the year (Scott et al. 1984; Scott, Mountainspring, Ramsey, & Kepler, 1986; 

Jacobi, Fancy, Giffin, Scott, & Scott, 1996; Banko, Hess, Johnson, & Dougill, 1998; 

Gray, Banko, Dougill, Goltz, Johnson, Laut, Semones, & Wiley, 1999).  

2.1.3 Palila Demographics 
 

Researchers conducted the first comprehensive survey of Mauna Kea’s palila 

population in 1975. Early surveys on Mauna Kea were initiated with the intent of 

determining population density and linkages to vegetation composition and phenology of 

mamane and naio trees (van Riper, Scott, & Woodside, 1978). Surveys conducted 

between 1980 and 1985 investigated year-to-year changes in the size and distribution of 

the palila and the species’ response to habitat variables (Scott et al., 1984). For the years 

1980 to 2004, estimates of survey data yielded a mean of 2,114 individuals (standard 

error 154) with a range of 3,367 in 1998 to 767 individuals in 1992 (Johnson et al., 2006, 

pp. 1059-1060).  

Palila show substantial annual variability in both population size and structure 

(Scott et al. 1984; Jacobi et al. 1996; Banko et al. 1998; Gray et al. 1999). Researchers 

believe that this is an artifact of annual differences in climate and climatic influences 



 10 

upon palila food supply and breeding initiation (Johnson, Camp, Brinck, & Banko, 2006; 

Lindsey, Fancy, Reynolds, Pratt, Wilson, Banko, & Jacobi, 1995). Drought 

accompanying El Nino-Southern Oscillation climate patterns can have a large influence 

upon palila populations by limiting mamane pod production. Conversely, the palila 

population can also undergo single-year pronounced spurts as a result of exceptionally 

wet conditions – conditions that produce copious food resources (United States District 

Court, D. Hawai‘i, 1986, p. 5). 

 In addition to actual population fluctuations, counts are also affected by inter-

annual changes in detection ability. As a result, it is difficult to obtain a clear picture of 

the palila population from one year to the next. Johnson et al. (2006) postulate that palila 

may travel more widely and vocalize less during times of resource scarcity, thus 

influencing the counts obtained by observers. Additionally, while nesting season typically 

begins later in the year, surveys may coincide with the initiation of nesting, thereby 

influencing population counts. Research indicates that during courtship and nesting 

season palila exhibit elevated rates of calling (Johnson et al., 2006, p. 1061).   

 With the exception of 1996, throughout the palila survey program (1980 to 

present), research methods have remained relatively uniform. In all years, researchers 

employed six-minute point counts on variable circular plots (Reynolds, Scott, & 

Nussbaum, 1980) between the months of January and March (to avoid peak nesting 

season). The 17 random transects established for annual surveys stretch from 2,000-3,000 

meters on the upper slopes of Mauna Kea. Along these transects researchers conduct 

counts every 150 meters (Scott et al., 1984; Jacobi et al., 1996; Banko et al., 1998; Gray 

et al., 1999; Johnson et al., 2006). The Hawaii Division of Forestry and Wildlife 
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(DOFAW) was responsible for surveys during the first 15 years of monitoring (1980 to 

1995). The United States Geological Survey took over this responsibility from 1996 to 

2006. In 2007 survey responsibility returned to DOFAW (Leonard, Banko, Brinck, 

Farmer, & Camp, 2008, p. 29).   

2.1.4 Nesting Sites 
 
 Palila display an inclination towards certain vegetation structures when 

constructing their nest. Palila appear to prefer sites in “forks near the ends of higher 

branches in medium to large mamane trees” (United States Fish and Wildlife Service, 

2006, p. 2-59), however researchers have found nests in other species and parts of the 

vertical canopy as well (van Riper, 1980; Pletschet and Kelly, 1990). Pletschet and 

Kelly’s 1990 study offers insight into the breeding biology of the species as well as the 

relationships between forest structure and nest success, stating: 

Nests in widely spaced large trees were more successful than nests in smaller, 
closely spaced trees. The advantage of widely spaced trees may relate to a 
behavioral characteristic, to the presence of fewer predators, or to some other 
environmental factor like food or temperature. Large trees provide more potential 
nest sites that may be higher off the ground than smaller trees and may provide 
greater protection from ground predators. In addition, large trees can produce 
more mamane pods and thus provide more food” (p. 1020). 
 

 Pletschet and Kelly examined 12 nest-site variables to investigate factors that 

differentiated successful nests from unsuccessful nests. They discovered that the most 

significant variables predicting nest success were egg-laying date, average distance 

between nest tree and nearest trees, and nest-tree area. Successful nests were initiated 

earlier in the breeding season (when pod availability is usually highest), and the average 

distance between nest tree and nearest trees and nest-tree area were both greater for 

productive nests (p. 1012).  



 12 

 USGS data yields additional information on the relationship between vegetation 

type and nesting preference. For the years 1996 to 2000 researchers found an average 

density of 6 +/- 2 nests per 100 hectares within mamane-dominated forest. The density 

for mixed mamane/naio forest was lower at 4 +/- 1 nests per 100 hectares (USGS, unpubl 

data from United States Fish and Wildlife Service, 2006, p. 2-58). Of the 85 nests studied 

by Pletschet and Kelly in 1990, all were constructed in mamane trees. They elaborate on 

the structural characteristics of mamane trees bearing successful nests, stating, “Mean 

nest height was 3.9m and mean tree height was 5.0m. The majority of nests were placed 

in forks of two or more branches. Nest placement was predominately in terminal forks 

(67%), with 22% built in the center and 11% in lateral forks” (p. 1014). Interestingly, 

while mamane are the favored species for nesting, palila appear to prefer naio for 

roosting (USGS unpubl. data from United States Fish and Wildlife Service, 2006, p. 2-

60). 

2.1.5 Reproduction and Survival 
  
 While Palila breeding season may begin at any time between February and June, 

peak nesting months are May and June with the typical breeding season spanning March 

to September (van Riper, 1980; Pletschet and Kelly, 1990; Pratt, Banko, Fancy, Lindsey, 

& Jacobi, 1997; U.S. Geological Survey, unpubl. data from United States Fish and 

Wildlife Service, 2006, p. 2-58). Many studies link breeding initiation, nesting duration, 

and number of nesting attempts to precipitation patterns and the resultant availability of 

immature mamane seeds (van Riper, 1980; Fancy et al., 1993; Lindsey et al., 1995; Pratt 

et al., 1997; Hess et al., 2001; Banko et al., 2002a). 
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 Between 1996 and 2000, USGS researchers measured the egg-laying season as 

113 days +/- 25.1 days (mean) with a range of 53 to 201 days. The typical clutch size of 

the palila is two eggs (mode), with a commonly observed range of one to four eggs (U.S. 

Geological Survey, unpubl. data from United States Fish and Wildlife Service, 2006, p. 

2-59; Pletschet and Kelly, 1990, p. 1012-1014). Palila annual survival is 0.63 +/- 0.05 

(standard error), a rate comparable to that of other Hawaiian honeycreepers (Lindsey et 

al., 1995). According to the Revised Recovery Plan for Hawaiian Forest Birds, “Palila 

have relatively low productivity due to their small population size, great annual variation 

in the number of pairs attempting to nest, small clutch size, and long nesting cycle” (p. 2-

60). In his 1980 study, van Riper found 14.8 pairs producing 1.8 nestlings per 100 

hectares (247 acres) per year – a productivity yield of 26.1 young per 100 hectares. 

 Fancy et al.’s 1993 study noted apparent correlations between mamane pod 

availability and palila migration patterns. In 1992 they observed a lack of mamane pods 

in response to arid conditions following an El Nino; concurrently they observed a near 

halt to breeding and mass migration to elevations further down the mountain (p. 594). 

Multiple studies since the 1970s have drawn correlations between palila density and 

mamane pod availability along a gradient of elevation (van Riper et al., 1978). Lindsey, 

Pratt, Reynolds, and Jacobi’s 1997 study echoed many of these findings, recording a 

large drop in the number of nests observed in 1992’s El Nino year (5) versus the 71 

sighted from the previous year. 

2.1.6 Translocation and Captive Rearing Programs 
 
 Palila translocation and captive rearing programs have experienced limited 

success over the last decade and a half. During this period, the Biological Resources 
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sector of the USGS, The Peregrine Fund, and the Zoological Society of San Diego have 

collaborated to operate a captive breeding program. This effort has produced several 

adult palila and resulted in a few releases (United States Fish and Wildlife Service, 2006, 

p. 2-70).  

 The first palila translocation experiment took place in 1993 and involved the 

transfer of palila from the western slope (near Pu‘u La‘au) to Kanakaleonui on the eastern 

flank. Scientists hoped to discover whether the birds would re-establish themselves and 

begin to breed in their new environment. In this experiment the majority of the birds 

returned to the western slope after one year, however, two pairs were successful in 

producing nestlings (Fancy et al. 1997). Between 1997 and 2006 additional translocations 

took place on the northern slope near Pu‘u Mali. These relocations met with less success 

and while a few of the 53 transplanted individuals remained after one year, most returned 

to the western slope within a few months. In 2004 thirty-two birds of varying ages were 

translocated to Pu‘u Mali with the hope that they would begin to breed as a result of a 

more normal demographic environment. This action was somewhat successful and 

resulted in two fledglings from one pair (United States Fish and Wildlife Service, 2006, 

p. 2-70). 

2.1.7 Timeliness  
 
 This study is particularly timely given the current state of Mauna Kea’s palila 

population. Prior to 2003, Mauna Kea’s palila population appeared to exhibit 

stabilization. Johnson et al. (2006) analyzed transect data from surveys on Mauna Kea for 

the years 1980 to 2004 and found no statistically significant trend in either direction since 

the late 1990s (Leonard et al., 2008, pp. 27-28). Since 2003 however, the palila 
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population has experienced a four-year “nearly linear decline” from a 2005 high of 5,337 

birds to a 2008 low of approximately 2,640 birds. Such a prolonged period of decline is 

without precedent in the monitoring program; data from 2003 to 2007 indicate a 58% 

decline in population. While palila population estimates have varied considerably over 

the nearly 30-year survey period (from approximately 6,900 to 1,300), the decline entered 

in 2003 marks the first statistically significant decline in the 28-year monitoring program 

(Leonard et al., 2008, pp. 28-29). 2010 preliminary figures indicate a population of 1,200 

individuals, thus marking a continuation of the trend (Associated Press, 2010).  

 Palila researchers find the rapid decline indicated by population surveys 

particularly troubling in light of the improvement in habitat conditions reported in 1999 

by Hess et al., the apparent constriction of the palila’s geographical range (diminishing 

eastern and southern slope populations), and the concurrent lack of a clear explanation for 

the rapid decline. Leonard et al. (2008) suggest that recent rainfall records be examined 

for a potential drying trend – a trend that may provide partial explanation for the decline 

(p. 29).  

2.2 Habitat 

2.2.1 Habitat Characteristics and Range 
 
 Ninety-six percent of the existing palila population inhabits mamane and mixed 

mamane/naio forest on Mauna Kea’s southwestern slope between 2,850 meters (9,400 

feet) and 2,000 meters (6,600 feet). The majority of these individuals are concentrated at 

2,300 meters in the vicinity of the Pu‘u La‘au cinder cone near the ecotone transition 

from mixed mamane/naio forest to mamane forest. The palila’s range is constrained by 

treeline and the transition from mamane/naio forest to scrub and grassland at 2,850 and 
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2,000 meters respectively (Scott et al., 1984, pp. 651-653). Scott et al.’s 1984 study found 

that palila inhabited 139 square kilometers of forest on Mauna Kea - approximately 25 

percent of the mountain’s remaining mamane forest. Today the distribution is similar, 

however, surveys indicate that the range is shrinking and becoming further constrained to 

the southwestern slope as a result of diminishing small populations on the southern and 

eastern flanks (United States Fish and Wildlife Service, 2006, p. 2-63).  

 Within the region of maximum palila density the climate is cool and dry; the site 

receives an average of 20 inches of annual precipitation and experiences a daily mean 

maximum temperature of 15-17 degrees Celsius and a mean minimum of 4-9 degrees 

Celsius (Juvik, Nullet, Banko, & Hughes, 1993). Due to the site’s location and elevation, 

it is often shrouded in fog by the afternoon. Additional species that exist in the vicinity 

and immediately below the mamane-naio woodland include Euphorbia olowaluana, 

Railliardia arborea, and Santalum ellipticum (coast sandalwood) (Scowcroft, 1983, p. 

110).  

Juvik and Juvik (1984) explain the unique biological conditions found on Mauna 

Kea stating, “As the State’s highest mountain (elevation 4,200m), Mauna Kea has the 

greatest diversity of biotic environments found anywhere in the Hawaiian archipelago. A 

progression of distinctive eco-zones occupy concentric bands on the mountain 

corresponding to altitudinal gradients of temperature and precipitation” (p. 192). Mauna 

Kea’s forests exist along a gradient of approximately 1,800 – 3,000 meters. Tree height 

for all species is generally short (3 – 10 meters), and mountain-wide canopy cover ranges 

from light (less than 5%) to moderate (60%). Mamane exists in all geographic sectors of 
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the mountain, however, naio exists predominately on the southwestern slope (Scott et al., 

1984, p. 649).  

2.2.2  Mauna Kea’s Mamane and Naio Forests 

 Mamane (Sophora chrysophylla) is the species of primary importance for the 

palila; it is endemic to Hawai‘i and is found throughout dry to moist forests on all islands 

with the exception of Ni‘ihau and Kaho‘olawe. The mamane is a subalpine tree and as 

such, is present at elevations of 425 meters to approximately 3,050 meters. Mauna Kea 

contains the greatest number of mamane trees of any site in Hawaii (Wagner, Herbst, & 

Sohmer, 1990, pp. 705-706; College of Tropical Agriculture and Human Resources – 

University of Hawaii at Manoa, 2001b).  

 Mamane trees can grow to 50 feet tall when fully mature and are distinguished by 

yellow flowers that form at clusters on the end of branches or at the base of leaves. 

Mamane seeds are encapsulated within elongated pods a ½-inch wide and up to 6 inches 

long. Researchers believe that as a species, mamane are more drought resistant than naio 

(Paul Banko, pers. comm, 2010). Native Hawaiians historically used the species for 

house beams, spears, adze handles, and ceremonially in religious rituals (Banko et al., 

2002a, p. 791; College of Tropical Agriculture and Human Resources – University of 

Hawaii at Manoa, 2001b). 

 Naio (Myoporum sandwicense) is a species of secondary importance to the palila. 

Naio is native to Hawaii and the Cook Islands and varies greatly in terms of structural 

specifics. Depending upon the site and elevation, naio can take the form of a dwarf shrub 

or a tree of 45 feet. Naio trees are characterized by grooved gray bark, waxy green leaves, 

and ¼-inch white to pink bell-shaped flowers that are produced year-round. Naio is 
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present throughout the Hawaiian Islands in dry forests, shrublands, mesic forests, and wet 

forests. Native Hawaiians historically used the species for outrigger canoe construction 

and fishing net spacers (College of Tropical Agriculture and Human Resources – 

University of Hawaii at Manoa, 2001a). 

2.2.3  Elevation Gradients and Site Tenacity 

 The southwestern flank of Mauna Kea is the region of greatest palila density 

primarily due to its large elevation gradient of mamane and naio. Mamane trees flower 

and produce pods at different times of the year according to elevation; at high elevations 

this takes place first followed by mamane trees at lower elevations several months later. 

A large elevational range is highly beneficial to the palila as it enables them to exploit 

mamane resources throughout the year. Research indicates that mamane seeds are ripe for 

consumption over a time span of approximately 4 months (van Riper et al., 1978; van 

Riper, 1980; Scott et al., 1984; Banko et al., 2002a, pp. 795-796). Banko et al’s 2002 

study found an overall trend of high-elevation mamane producing larger flowers and 

more pods relative to low-elevation mamane (producing more variable crops) (p. 802).  

 Mauna Kea’s western flank also contains the mountain’s highest concentration of 

naio – another species of central importance. Naio berries are also consumed by palila 

and can lessen the effects of climate induced mamane pod shortages (Fancy, Sugihara, 

Jeffrey, & Jacobi, 1993). Unlike mamane, naio flowering does not appear to be 

significantly influenced by elevation. Studies show that throughout the naio’s range 

(between approximately 2418 and 2132 meters) fruit availability appears steady 

throughout the year (Banko et al., 2002a, p. 797). While Naio availability provides a 

buffer during times of mamane pod shortage, Banko et al’s 2002 study found that “[birds] 
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are probably attracted to lower elevations more by the changing availability of [mamane] 

seeds than by the nearly constant availability of [naio] fruit” (2002a, p. 804). 

 Scott et al. (1984) studied the population size, distribution, and habitat response of 

the palila from 1980-1984 with the intent of discovering limiting factors for the species. 

They found that in terms of density, forest width was the variable with the largest 

correlation to palila density. Other factors with strong correlation were total tree biomass, 

crown cover, and crown height. They also concluded that in general, palila preferred 

native instead of exotic understory, and pure mamane forest as opposed to structurally 

similar mixed mamane-naio forest (p. 655). On Mauna Kea’s southwestern slope the 

elevational range of mamane/naio forest is approximately 1040 meters; this is in contrast 

to the 500 meters or less of mamane forest on the mountain’s northern and eastern slopes 

– slopes on which palila numbers are dwindling (Fancy et al., 1993, p. 595).  

 In 1993 Fancy et al. postulated that strong site tenacity might be one of the factors 

restricting the palila’s return to areas of former habitat. During their study they concluded 

that palila follow mamane pod availability up and down Mauna Kea’s slope over 

distances of less than 6 kilometers (Fancy et al., 1993; Hess, Banko, Reynolds, Brenner, 

Laniawe, & Jacobi, 2001). The Revised Recovery Plan for Hawaiian Forest Birds 

corroborates these findings, noting that “there is no evidence that birds move more than 

about a third of the way around Mauna Kea during their entire lives, and those hatched on 

the western slope may travel even less” (USGS unpubl. data from United States Fish and 

Wildlife Service, 2006, p. 2-58).    
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2.2.4 Mamane and Naio Recovery 

 Since the initiation of ungulate removal efforts in the 1980s (described in Section 

2.3.4), tree density has increased throughout Mauna Kea’s forests. Mamane branches at 

and below the browse-line have begun to grow back thereby increasing the resources 

available to the palila. While evidence abounds of mamane and native tree regeneration, 

alien grasses may be repressing mamane germination in regions where grass growth is 

prolific (Hess et al., 1999). Van Riper’s 1980 study detailed vegetation growth patterns 

before ungulate removal. In the course of his research van Riper found high densities of 

mature naio in lower elevation regions where both species co-dominated and postulated 

that competitive inhibition from the uneven impacts of ungulate browsing might be 

causing the propagation of naio over mamane (p. 290).  

 Hess et al. (1999) conducted a similar study nearly two decades later with the 

intent of examining mamane regeneration and recovery after ungulate removal. They 

measured vegetation attributes including tree association, tree density, crown size, age, 

grass cover, and signs of recovery at four study sites in the Mauna Kea Forest Reserve on 

the western slope between 1978 and 2816 meters. In contrast to van Riper’s earlier 

findings, they observed no indications of competitive inhibition and recorded low naio 

regeneration rates in comparison to mamane (p. 212). While naio were still numerous in 

the co-dominant forest at low elevations near 2000m, they found that naio regeneration 

was less than 1/10th that of mamane regeneration at low and mid-elevation sites on the 

southwestern side of Mauna Kea. Upper elevations and mid-elevations on the 

northwestern side of the mountain were comprised almost entirely of mamane with a 

relatively low percentage of canopy cover (5-30% in contrast to the 60% observed for 
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mid-elevation south and lower elevation sites). The low rates of naio regeneration suggest 

that as the forest continues to recover, mamane will become more and more prominent in 

the co-dominant regions of the forest (pp. 214-217).  

Hess et al.’s study (1999) also recorded grass cover at the four study sites, finding 

that in areas where mamane regeneration was the lowest, grass cover was greatest. 

Conversely, in areas where mamane regeneration was highest (low and upper elevations) 

grass cover was relatively less prominent. 

2.3 Management Issues 

2.3.1 Threats to the Palila and its Habitat 

Feral cats, black rats, and the Hawaiian short-eared owl (Asio flammeus 

sandwichensis) have all been implicated in the predation of the palila. These species are 

particular threats to eggs and nestlings (United States Fish and Wildlife Service, 2006, p. 

2-66). Invasive ants pose another danger to the palila as well as to other species of native 

fauna. Although ants (family Formicidae) are not native to Hawaii, more than 40 species 

are currently found within the Islands (Wetterer, Banko, Laniawe, Slotterback, & 

Brenner, 1998, p. 228). Wetterer et al.’s 1998 study surveyed ants between 1680 and 

3140 meters on Mauna Kea’s western slope. They did so with the intent of drawing 

correlations between ant infestation and the prevalence of native passerines. They found 

that ants were numerous up to 2000m, however populations diminished quickly above 

this elevation.  

Ants pose a threat to hatching birds and also compete for invertebrate prey species 

(Newell and Barber, 1913; Banko and Banko, 1976). The abundance of ants at lower 

altitudes (2000m and below) may be one reason why palila have moved further up Mauna 
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Kea. They may also inhibit the future reintroduction of the bird to elevations below 

2000m (Wetterer, 1998, p. 234). Cole, Medeiros, Loope, and Zuehlke (1992) recorded 

the L. humile ant at elevations up to 2880m on Haleakala, suggesting that the species 

may be capable of reaching higher elevations on Mauna Kea.  

Fire is a pervasive hazard that threatens the palila’s fragile habitat. Fire has the 

potential to destroy large swaths of mamane and naio forest, restricting the species’ 

essential foraging and nesting sources over a prolonged period of time. While mamane 

can rebound relatively rapidly post-fire (T. Tunison, National Park Service, pers. comm.. 

and U.S. Geological Survey, unpubl. data from United States Fish and Wildlife Service, 

2006, p. 2-65; Banko et al., 2002), destructive alien grasses and weeds often proliferate, 

thereby potentially increasing the magnitude of future fire events. Fountain grass 

(Pennisetum setaceum), cape ivy (Delairea odorata), and gorse (Ulex europaeus) are three 

species of particular concern. Fountain grass is already present on Mauna Kea’s western 

and southern flanks, and cape ivy is widespread on the western slope (U.S. Geological 

Survey, unpubl. data from United States Fish and Wildlife Service, 2006, pp. 2-64 – 2-

65; Scott et al., 1984). Gorse already exists within mamane forest on the eastern slope 

and will likely infiltrate the western slope as well if techniques are not implemented to 

halt its spread. Grasses are particularly harmful to mamane trees as they appear to repress 

mamane germination (Banko et al. 2002a, p. 803).  

 Parasitic wasps threaten the palila by preying upon the native Lepidoptera Cydia, 

an essential component of the palila nestling’s diet (Banko et al. 2002b). Scientists link 

alien parasitic wasps with the extinction or ebb of over 16 species of Lepidoptera in 

Hawaii (Gagne and Howarth 1985). Oboyski, Slotterback, and Banko’s 2004 study 
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investigated parasitism rates on the western slope of Mauna Kea along pre-existing 

transects between 2900m and 2100m. Results yielded a parasitism rate of 40% with 

wasps existing at high elevations within the mamane forest. The authors suggest that 

competition between alien and native wasps could perhaps be driving the native wasps 

higher up the mountain thereby limiting the palila’s elevation gradient for feeding (pp. 

235-237). 

 Invasive ants and parasitic wasps may be two of the reasons why palila do not 

occupy the extensive mamane forest found southeast and downslope of Pu‘u La‘au in the 

Pohakuloa Flats region. Other suggested causes for this are site tenacity, thermal stress, 

and avian disease. Military activities conducted at the Pohakuloa Training Area (PTA) 

may also influence the quality of habitat available to the palila (Scott et al., 2004; USGS 

unpubl. data from United States Fish and Wildlife Service, 2006, p. 2-66).  

 Avian disease is a limiting factor that poses a very real threat to the palila. The 

palila is currently at an elevation above common mosquito vectors (below 1500 meters), 

however, the presence of mosquitoes at lower elevations may hamper the palila’s ability 

to recolonize areas of former habitat. Van Riper III, van Riper, Goff, and Laird’s 1986 

study demonstrated that as a species, palila are highly vulnerable to avian malaria. 

 Atmospheric cycles and severe weather events also pose hazards to the palila. 

Most worrisome are drought conditions brought on by El Nino cycles. These conditions 

can result in diminished mamane pod production thereby altering breeding attempts and 

seasonal timing. High wind and rain events also have the potential to cause elevated rates 

of egg and nestling mortality (United States Fish and Wildlife Service, 2006, pp. 2-66 – 

2-67). 
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 The health and mortality patterns of mamane are the topic of a large degree of 

current attention. The western and southern slopes of Mauna Kea have a comparatively 

high rate of dying mamane trees. As a result, USGS studies are underway to investigate 

the threats posed by fungi and other agents of disease (United States Fish and Wildlife 

Service, 2006, p. 2-65).   

2.3.2 Ungulates on Mauna Kea 

 Feral sheep, feral goats, mouflon sheep (Ovis musimon) and cattle have all played 

a defining role in the alteration of Mauna Kea’s mamane and naio forests. The 

introduction of ungulates, in association with other forms of human-induced habitat 

modification, are the primary factors contributing to the palila’s imperiled status.  

The principal impact of ungulates is the repression of mamane tree regeneration. 

Ungulates trample and consume young mamane seedlings and shoots, thus disrupting the 

replacement of old dying mamane trees. Additionally, by consuming leaves and branches 

of existing mamane and naio trees, ungulates have the secondary impact of reducing tree 

cover. In the instance of mamane, this also results in a decrease in the number of mamane 

pods available to the palila (Scowcroft, 1983, p. 118; United States Fish and Wildlife 

Service, 2006, p. 2-64).  

In Giffin’s 1976 study he describes other secondary impacts on mamane and 

associated ecosystems. He states that the loss of mamane also affects plant communities 

that grow underneath each tree. The plant communities are dependent upon fog drip from 

the trees above, thus when a tree dies the associated plants underneath perish as well. As 

a result of this process, soils are subjected to wind and water erosion, with trampling by 
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feral animals contributing to the process (United States District Court, D. Hawai‘i, 1986, 

p. 11).  

Ungulate impacts have been particularly severe for mamane trees. Giffin’s 

research concluded that in regions of equal abundance, sheep heavily preferred mamane 

to naio for consumption, constituting approximately 20% of sheep diets as compared to 

0.1% for naio. 

Ungulate impacts have not been uniform over Mauna Kea’s slopes. In previous 

decades at upper elevations within Mauna Kea Forest Reserve, ungulates caused a 

lowering of the tree line as a result of their tendency to feed in herds and settle at these 

elevations overnight. In Scowcroft’s 1983 aerial photo study he found a significant loss 

of tree cover at tree line (approximately 2900m) for the years 1965 to 1975. This finding 

was reflective of the game management policies of the 1960s and 1970s on Mauna Kea 

(p. 112). 

 Ungulates have a long and contested history on Mauna Kea. In the late 18th 

century European explorers brought domestic livestock to Hawai‘i Island. Soon after 

their introduction the livestock migrated to predator-free upland forests where they 

flourished and rapidly increased in number (Juvik and Juvik, 1984, pp. 194-195). In the 

late 1920s the Territorial Government initiated an eradication program to limit 

competition with commercial livestock. In the early 1930s observers estimated Mauna 

Kea’s feral sheep population at about 40,000 (Bryan, 1937). Through stock drives, 

hunting, and fencing efforts, feral sheep were reduced to approximately 200 and feral 

cattle eradicated by 1950 (Giffin, 1976).  
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Increased leisure time post World War II aided in the surge of sport hunting in 

Hawaii. During this time, hunters pressed the Territorial Government to change their 

management policies for Mauna Kea from that of ungulate eradication to a strategy of 

multiple use management. As a result of this policy change, in 1950 the Mauna Kea 

Forest Reserve was renamed the Mauna Kea Forest Reserve and Game Management 

Area (Warner, 1960). From 1950 to 1955 a government-imposed moratorium on hunting 

led to an increase in Mauna Kea’s feral sheep population. By the end of the decade 

Mauna Kea’s feral sheep population had reached approximately 4,000 (Juvik and Juvik, 

1984, p. 195).  

In 1963 the new State government commenced with the transportation of mouflon 

sheep (Orvis musimon) to the slopes of Mauna Kea with the hope of improving the 

quality of game hunting (Giffin, 1982). The State Division of Fish and Game also hoped 

that mouflon sheep would constitute less of a threat to the local mamane forests (United 

States District Court, D. Hawai‘i, 1986, p. 6). In the 1960s and early 1970s the State of 

Hawai‘i contemplated the introduction of axis deer into the forests of Mauna Kea, also 

with the aim of enhancing sport hunting (Juvik and Juvik, 1984, p. 196). Before the end 

of the mouflon introduction initiative in the late 1960s, the State released 94 mouflon and 

99 mouflon/feral sheep hybrids into the forests of Mauna Kea (United States District 

Court, D. Hawaii, 1986, p. 6). 

In the mid-1960s biologists began to observe the deleterious impacts of the 

growing sheep population on Mauna Kea’s forest. As a result, the State expanded access 

roads and amended hunting protocol in the Mauna Kea Forest Reserve to include the 

shooting of both sexes. Prior to this time, sheep were fairly well distributed throughout 
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the Forest Reserve (R. Walker, pers. comm. from Scowcroft, 1983, p. 112). Following 

these changes, researchers began to observe sheep congregating at upper elevations 

(above 2,400) thus increasing the browsing pressure in this ecologically sensitive zone 

(Giffin, 1976; Scowcroft, 1983, p. 118). Concerns thus arose over the lowering of the tree 

line as a result of the suppression of mamane regeneration (Berger, 1972; Scowcroft, 

1983, p. 117).  

2.3.3 The Endangered Species Act 

 In 1967 the US Secretary of the Interior bestowed endangered species designation 

upon the palila under the 1966 Endangered Species Preservation Act. The 1966 Act gave 

the Secretary of the Interior the authority to list domestic fish and wildlife considered 

endangered. The Act also mandated federal agencies to preserve habitat on federal lands 

and allotted annual funds for the USFWS to purchase habitat for listed species. In 1967 

the U.S. Secretary of the Interior designated the palila as an endangered species citing 

three primary reasons “1) a significant portion of its historical range was no longer 

occupied; 2) its present habitat was being adversely modified by feral ungulate browsing; 

and 3) the total palila population at that time was estimated to be in the low hundreds” 

(Berger, Kosaka, Kridler, Scott, Scowcroft, Wakida, Woodside, & van Riper III, 1977). 

In 1973 the Nixon Administration announced that the existing endangered species 

legislation was insufficient and Congress passed a strengthened act - the 1973 

Endangered Species Act (ESA). Congress enacted the ESA with the intent of protecting 

floral and faunal species and the habitats that they depend upon. ESA legislation imparted 

joint administration of the Act to the USFWS and NOAA. Section 4(a)(1) outlines the 
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five factors that are considered when evaluating a species for listing. One of these must 

be met in order for the species to be considered: 

 (A) the present or threatened destruction, modification, or curtailment of its 
 habitat or range; 
 (B) overutilization for commercial, recreational, scientific, or educational 
 purposes; 
 (C) disease or predation; 
 (D) the inadequacy of existing regulatory mechanisms; or 
 (E) other natural or manmade factors affecting its continued existence 
 (Endangered Species Act, 1973). 
  

 In 1975 the State of Hawaii adopted a similar statewide endangered species bill, 

partly to qualify the State for available federal funds. In this same year the United States 

Department of the Interior placed the Palila and ten other species on a high priority list. 

As part of the species’ inclusion, the federal government mandated the designation of 

critical habitat and the formulation of a species recovery plan. In response to this 

legislation, the State commissioned a Palila Recovery Plan Team to advise on critical 

habitat designation and formulate a working plan to recover the species. In 1975 

researchers undertook the first palila census, estimating the existing population at 1600 

individuals (Juvik & Juvik, 1984, p. 198). 

Per the Recovery Team’s suggestions, in 1977 the United States Fish and Wildlife 

Service designated the remaining 10% of the palila’s historic range as its critical habitat. 

This remaining 10% constituted 30,000 hectares on Mauna Kea and 2% of the Island of 

Hawaii’s total land area (Juvik and Juvik, 1984, p. 199). While palila only occupied 

approximately 70-80% of the critical habitat at the time of assignment, the USFWS 

designated the entire region as critical habitat in order to permit population expansion and 

necessary flock movements of the species (Nelson, 1982, p. 284). The palila is the first 
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Hawaiian bird for which critical habitat was delineated; today it is one of only two bird 

species statewide. Critical habitat is defined in Section 3 (5)(A) of the ESA as: 

 (i) the specific areas within the geographical area occupied by the species, at the 
 time it is listed in accordance with the provisions of section 1533 of this title, on 
 which are found those physical or biological features 
  (I) essential to the conservation of the species and 
  (II) which may require special management considerations or protection;  
  and  
 (ii) specific areas outside the geographical area occupied by the species at the 
 time it is listed in accordance with the provisions of section 1533 of this title, 
 upon a determination by the Secretary that such areas are essential for the 
 conservation of the species (Endangered Species Act, 1973). 
           

 In 1978 the director of the USFWS approved the initial Palila Recovery Plan. 

Recovery Plans are mandated under the ESA and serve to outline goals and steps for 

recovering a species (providing for its eventual delisting). The USFWS published revised 

recovery plans for the palila in 1988 and most recently in 2006. As part of their 

management duties the US Fish and Wildlife Service designate priority numbers for 

listed species; the Palila is ranked as a Priority 1 species – the highest priority 

designation. 

2.3.4 The Palila Court Cases 

 In 1978 the Sierra Club and the Audubon Society filed a suit against the Hawaii 

Department of Land and Natural Resources (DLNR) and the Chairman of the Board of 

Land and Natural Resources (BLNR) asserting that the State violated section 9 of the 

1973 Federal Endangered Species Act (ESA) by maintaining feral sheep and goats in 

palila critical habitat. Section 9 of the ESA prohibits any person or government agency 

from “taking” an endangered species without a permit (provided for under Section 10 of 

the ESA). Under Section 3(19) the word take means to “harass, harm, pursue, hunt, shoot, 
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wound, kill, trap, capture, or collect, or to attempt to engage in any such conduct” 

(Endangered Species Act, 1973). 

In this lawsuit the plaintiffs filed for an injunction mandating the State DLNR to 

remove feral sheep and goats from the palila’s critical habitat. The defendants countered 

these claims asserting that the palila was not at its “minimum population level” (a level at 

which the species cannot drop below without becoming extinct) and that no violation of 

Section 9 took place. They further contended that feral ungulates and palila were capable 

of existing side-by-side under an “intensive management” framework and that under the 

10th Amendment the federal government did not have the jurisdiction to bring a case 

against the State on behalf of the passerine. The State supported their contention by citing 

state sovereignty and the palila’s exclusive range within the State of Hawai‘i (United 

States District Court, D. Hawai‘i, 1979; Nelson, 1982, p. 286). 

 One year later United States District Court Judge Samuel P. King ruled on the 

case and sided with the plaintiffs. Judge King agreed that actions and omissions by the 

State DLNR and Chairman of the BLNR associated with maintenance of feral ungulates 

led to significant deterioration of palila critical habitat, thereby constituting a “take” 

under Section 9 of the ESA (United States District Court, D. Hawai‘i, 1979).  

In regard to the 10th Amendment challenge, Judge King stated that the amendment 

did not prohibit the enforcement of the ESA despite the palila’s exclusive residence 

within the State of Hawai‘i. He supported his finding by citing the Commerce Clause and 

Congress’ ability to undertake legislation implementing international treaties (United 

States District Court, D. Hawai‘i, 1979, p. 1). The palila is listed under two international 
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treaties – the Convention on Nature Protection and Wildlife Preservation in the Western 

Hemisphere and the Migratory Bird Treaty with Japan. 

Judge King also ruled that the 11th Amendment did not protect the defendants 

from legal action and that they could be enjoined to eradicate feral sheep and goats at the 

expense of the State (United States District Court, D. Hawai‘i, 1979, p. 1). In regard to 

the ability to sue the State under the ESA, Judge King referenced Hawai‘i’s own ESA 

(enacted in 1975) and concluded that: 

Having bound itself under its own law to refrain from “taking” federally 
designated endangered species, having sought to secure financial advantages 
under the ESA, and having sought to retain managerial control over resident 
wildlife subject to the provisions of the Act, the State of Hawai‘i has impliedly 
consented to be sued under the Act (United States District Court, D. Hawai‘i, 
1979, p. 19).  

 
 The Court gave the Hawaii DLNR two years in which to comply with their ruling 

to eradicate all feral sheep and goats from palila critical habitat. 

In 1986 the same plaintiffs brought another suit against the State and additional 

defendants/intervenors, this time seeking an injunction for the removal of mouflon sheep 

from palila critical habitat. At the time of the lawsuit, surveys indicated the presence of 

501 mouflon sheep within the Mauna Kea Game Management Area and surrounding 

ranch lands. Of these 501 sheep, researchers found 412 within palila critical habitat 

(though none within the area of highest bird density (Pu‘u La‘au) (United States District 

Court, D. Hawai‘i, 1986). In this case Judge King once again found in favor of the 

plaintiffs, requiring DLNR to expand eradication efforts to include mouflon sheep.  

Throughout the case proceedings, heated dispute centered on the Federal 

government’s intended definition of ‘harm’. In 1981 following the settlement of the 

Tennessee Valley Authority vs. Hill case and the 1979 Palila Case, the Secretary of the 
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Interior enacted changes to federal regulations implementing the Endangered Species 

Act. These changes encompassed a substantial redefinition of the term ‘harm’ (Juvik and 

Juvik, 1984, p. 201).  

Prior to 1978 federal regulations mandated that critical habitat be decided on the 

basis of biological factors alone. Today the Secretary is imparted with the latitude to take 

“into consideration the economic impact, and any other relevant impact, of specifying 

any particular area as critical habitat . . . unless failure to designate . . . will result in the 

extinction of the species” (Section 4(b)(B)(2) - Endangered Species Act, 1973). In the 

1986 case, the defendants (the Hawaii Department of Land and Natural Resources) 

emphasized the Secretary of the Interior’s revised definition of ‘harm’ whilst the 

plaintiffs stressed the original definition intent of the Act.     

The original (1973) definition of harm stated: 
 

‘Harm’ in the definition of ‘take’ in the Act means an act or omission which 
actually injures or kills wildlife, including acts which annoy it to such an extent as 
to significantly disrupt essential behavioral patterns, which include, but are not 
limited to, breeding, feeding or sheltering; significant environmental 
modifications or degradation which has such effects is included within the 
meaning of harm (Endangered Species Act, 1973).  
 

The revised definition of harm (effective November 4, 1981) reads: 
 

‘Harm’ in the definition of ‘take’ in the Act means an act which actually kills or 
injures wildlife. Such act may include significant habitat modification or 
degradation where it actually kills or injures wildlife by significantly impairing 
essential behavioral patterns, including breeding, feeding or sheltering 
(Endangered Species Act, 1973). 
 

 In the deliberation process Judge King took into consideration these changes by 

the Secretary of the Interior to the definitions of ‘harm’ and ‘critical habitat’ (enacted in 

1981 and 1978, respectively). The U.S. Secretary of the Interior refined the definitions in 

order to prevent Section 9 “take” charges due to habitat alteration alone without 
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accompanying injury or death to a listed species. In his ruling Judge King emphasized his 

interpretation of the original intent of the Act, declaring that the amendments did not lead 

him to reconsider his 1979 decision nor to make a different decision concerning mouflon 

sheep (United States District Court, D. Hawai‘i, 1986, p. 10). In articulating his ruling, 

Judge King stated: 

I refuse to accept, the Secretary’s final redefinition does not support, and 
Congress could not have intended such a shortsighted and limited interpretation of 
‘harm’. A finding of ‘harm’ does not require death to individual members of the 
species; nor does it require a finding that habitat degradation is presently driving 
the species further toward extinction. Habitat destruction that prevents the 
recovery of the species by affecting essential behavioral patterns causes actual 
injury to the species and effects a taking under section 9 of the Act” (United 
States District Court, D. Hawai‘i, 1986, p. 8). 

 

The 1979 Palila Decision represents one of the seminal cases under the Federal 

Endangered Species Act. Coming on the heels of the Tennessee Valley Authority vs. Hill 

case, it demonstrated the power of the Act and constitutes the first successful lawsuit 

filed under Section 9 of the ESA. Furthermore, the decision clarified Federal authority to 

regulate the protection of species listed under the ESA – even in cases where the species 

resides solely in one state (Nelson, 1982, pp. 281-283).      

2.3.5  Palila Recovery Objectives and Initiatives 

 The United States Fish and Wildlife Service released the first revised recovery 

plan for the palila in 1988. It mandated that the palila must occupy its current territory at 

a density of 25 birds per square kilometer before being considered for downlisting to 

threatened status. The most recent revised recovery plan does not delineate a specific 

population size or density; however, it requires the species to have three separate self-
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supporting populations in different geographical sectors on Mauna Kea (United States 

Fish and Wildlife Service, 2006, p. 2-72). 

  A primary factor that hampers palila recovery is the lack of funding. David 

Leonard discusses the relative lack of federal funding for Hawaiian species compared to 

the demonstrated need in his 2008 article “Recovery Expenditures for Birds Listed under 

the US Endangered Species Act: The Disparity Between Mainland and Hawaiian Taxa”. 

Between the years 1996 and 2004 the average annual expenditure for the Palila was 

$1,029,735 (inclusive of federal and State contributions). While this is in the top tier for 

listed Hawaiian species (other species averaged $81,526), it is still far below what is 

needed (p. 2057). Recovery actions in Hawaii are expensive, especially the provision and 

maintenance of predator-free fences. Expensive mouflon-proof fences are badly needed 

throughout palila critical habitat. Many of the existing fences have numerous gaps and 

easily allow mouflon migration into palila critical habitat (see Figure A15 in Appendix 

A). 

 The most recent Palila Five-Year Recovery Work Plan is detailed in the Revised 

Hawaiian Forest Bird Recovery Plan (2006). The Palila Working Group and the 

Hawaiian Forest Bird Recovery Team conceived of the Five-Year Plan as a means of 

articulating recovery objectives and related actions that can be met within a five-year 

time span. The Interim (five-year) recovery objectives consist of four main goals: fire risk 

reduction and prevention of additional habitat loss on Mauna Kea’s southwestern slope; 

restoration of mamane and naio forest in areas adjacent to palila critical habitat and on 

Mauna Loa; and establishment of an additional population of birds elsewhere on Mauna 

Kea (p. 7-54).   
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 Recovery Actions outlined in pursuit of these objectives are numerous. Tasks 

intended to protect existing palila habitat include: establishment of a fire management 

plan for Mauna Kea and surrounding lands; creation of a mountain-wide ungulate 

management plan; continued fencing and ungulate removal efforts in critical habitat; 

restoration of mamane/naio forest on the northern and eastern slope; and aerial rodent 

control and public education on the hazards posed by feral cat and rodent populations. 

Research activities proposed involve studies on palila biology, forest ecology, and 

mamane phenology. Researchers are also continuing to examine and implement captive-

breeding and translocation programs for the re-establishment of future populations on the 

north and eastern slope. (United States Fish and Wildlife Service, 2006, p. 7-54).    

2.3.6  Saddle Road Realignment and Federal Funding 

 Palila recovery efforts recently benefited from mitigation funds provided by the 

federal government as part of the 2008 settlement for realigning the Saddle Road through 

palila critical habitat in the vicinity of Pohakuloa Training Area. The federal government 

allocated these funds for cattle removal and fencing of the mamane forest below the 

Mauna Kea Forest Reserve on the northern slope near Pu‘u Mali. By protecting a large 

elevation gradient on the northern slope it is hoped that a second self-sustaining 

population will eventually be able to thrive in this region.  

 Saddle Road Realignment mitigation funds also supported the removal of cattle 

from the Ka‘ohe Lease adjacent to Mauna Kea Forest Reserve and provided for 

continued research into fire ecology, weed propagation, predator reduction, and palila 

habitat needs. Under the realignment mitigation settlement, federal allocations for habitat 

restoration and management will only be provided for 10 years; as a result, additional 
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long-term funds are needed to maintain and further mamane reforestation and forest 

management efforts (United States Fish and Wildlife Service, 2006, pp. 2-73 – 2-75).  

2.3.7 Habitat Restoration 
  
 Habitat restoration opportunities on Mauna Kea’s eastern and southern slopes are 

more limited than on the western and northern slopes. In these locations land use 

practices and invasive agents hamper efforts to create uninterrupted elevation gradients 

for the palila. On the eastern slope the land is privately owned below the Mauna Kea 

Forest Reserve and on the southern slope the forest extends into the US Army’s 

Pohakuloa Training Area. Gorse (an invasive shrub), is also widespread on the eastern 

slope - a factor that limits the region’s suitability as palila habitat. On the southern slope 

the presence of invasive ants and parasitic wasps may be a restrictive factor in the 

reintroduction of palila. In the 1950s palila occupied the southern slope in the vicinity of 

Kipuka Alala. As part of the Federal Saddle Road realignment project the State is 

managing the forest near Kipuka Alala with the intent of potential palila introduction in 

future decades (United States Fish and Wildlife Service, 2006, p. 2-74).    

 Mamane forest conditions are also being evaluated on the slopes of Hualalai and 

Mauna Loa to determine their suitability for supporting palila. Most of the forest in the 

Kona area is privately owned, thus necessitating the purchase of conservation easements 

and large-scale ungulate eradication if the land is deemed suitable for palila 

reintroduction efforts (United States Fish and Wildlife Service, 2006, p. 2-74). 
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2.4 Remote Sensing 

2.4.1 Introduction to Remote Sensing 

 Remote sensing is defined by the American Society for Photogrammetry and 

Remote Sensing as “the art, science, and technology of obtaining reliable information 

about physical objects and the environment, through the process of recording, measuring 

and interpreting imagery and digital representations of energy patterns derived from non-

contact sensor systems” (Colwell, 1997, p. 3). This is an apt definition for the rapidly 

evolving discipline of remote sensing.  

 The term “remote sensing” covers a wide variety of processes and technologies 

including x-ray imaging, radar, digital and film photography, and the human vision 

system. For the purposes of this thesis, the term “remote sensing” will refer to the multi-

step process of obtaining electromagnetic energy measurements (via remote sensing 

instruments/sensors affixed to suborbital airborne or orbital satellite platforms), and 

analyzing the collected data via visual and computer-based processing systems.   

 In the remote sensing process airborne and satellite sensors collect data on 

terrestrial features by sensing the manner in which various features reflect and emit 

electromagnetic radiation. Electromagnetic radiation is energy that moves through a 

medium or vacuum in the form of waves. Electromagnetic radiation is often described in 

terms of wavelength, frequency, and placement within the electromagnetic spectrum. 

Wavelength can be defined as the distance between two peaks or troughs in a sinusoidal 

wave. Frequency refers to the number of waves passing a given point per unit time. 

Wavelength is commonly measured in nanometers (1 x 10^-9 m) or micrometers (1 x 
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10^-6 m) while frequency is often described in hertz (1 hertz is equivalent to 1 wave per 

second).    

The electromagnetic spectrum ranges from gamma radiation (characterized by 

very small wavelengths and high energy output) at one end of the continuum, to radio-

wave radiation (distinguished by very long wavelengths and low energy output) at the 

other end of the spectrum. The most common wavelengths utilized in remote sensing are 

the visible, near infrared, middle infrared, and thermal infrared wavelengths. The visible 

spectrum of electromagnetic radiation is very small, encompassing radiation between 

approximately 0.4 (violet) and 0.7 (red) nanometers (nm). The infrared spectrum 

encapsulates radiation between approximately 0.7 and 13 nanometers with near infrared 

from 0.7-1.3 nm, middle infrared between 1.3 and 3 nm, and thermal infrared from 3-13 

nm.  

 There are many potential advantages and disadvantages of remote sensing. 

Advantages include the ability to rapidly collect data over a large scale at frequent 

intervals in an unobtrusive fashion, and the ability to integrate data into geographic 

information systems and digital processing programs. Remote sensing can also eliminate 

the sampling bias that often accompanies in-situ studies. Potential disadvantages include 

the introduction of calibration error (also present with in-situ collection), and increased 

data acquisition and processing costs. 

Remote sensing systems can be classified as either passive or active. Passive 

systems sense electromagnetic energy that is reflected (solar) or emitted from the earth’s 

surface. Passive systems include cameras, multispectral scanners, and hyperspectral 

scanners. Active remote sensing systems emit their own electromagnetic energy from an 
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airborne or land-based platform, sensing the return signal and analyzing the return speed 

and return signal characteristics. Active remote sensing systems include radio detection 

and ranging systems (RADAR) as well as light detection and ranging systems (LIDAR).  

Multispectral scanners, commonly used in spaceborne remote sensing, can take 

the form of along-track “pushbroom” or across-track “whiskbroom” scanners. Across-

track scanners sense terrain at a right angle to the flight path via an oscillating mirror in 

an arc of approximately 90-120 degrees. The Landsat series of sensing systems and 

NASA’s Geostationary Operational Environmental Satellite (GOES) are two examples of 

across-track systems. Along-track scanners are typically comprised of linear arrays of 

charge-coupled devices. They differ from across-track scanners in that they lack an 

oscillating mirror. As a result, detectors are able to dwell longer upon the study area 

thereby potentially increasing the image’s radiometric resolution. Along-track scanners 

are newer technology and typically produce less geometric distortion as the cause of 

tangential distortion in across-track images is eliminated. The IKONOS and SPOT sensor 

systems both utilize along-track “pushbroom” technology. 

 Remote sensing systems are distinguished by their particular radiometric, spectral, 

spatial, and temporal resolution. The particular nature of the scientific inquiry and the 

characteristics of the area and object(s) under study commonly determine what remote 

sensing systems are most appropriate for the project. Depending upon the individual 

project specifics, certain wavelengths often prove to be useful for distinguishing physical 

and chemical attributes unique to the object(s) under investigation.  

 The spectral resolution of a remote sensing system refers to the number and 

specific wavelengths of electromagnetic energy being sensed by the system. Remote 
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sensing systems are hypothetically capable of sensing from x-ray-length to radio-length 

wavelengths although ultraviolet measurements are not recorded as a result of 

atmospheric absorption in these bands. Imagery is referred to as multispectral when 

multiple spectral bands are recorded for each pixel. Imagery is referred to as 

hyperspectral when the sensing instrument records hundreds of small spectral bands per 

pixel. 

 The spatial resolution of a remote sensing system can be defined as “a measure of 

the smallest angular or linear separation between two objects that can be resolved by the 

remote sensing system” (Jensen, 2005, p. 14). An image’s spatial resolution is often 

referred to in terms of the length and width of its pixels. As a general rule, the smaller the 

spatial resolution, the greater the ability of the system to distinguish distinct features.

 A system’s temporal resolution refers to the revisit time of a sensor over any 

given location. Radiometric resolution is a more difficult concept to define. Richards and 

Jia (2006) define it as “the range and discernible number of discrete brightness values” 

found within an image. Radiometric resolution is also often referred to in terms of the 

number of digital bits needed to express the full number of brightness values present 

within an image. An 8-bit image, for example, possesses 256 potential brightness values 

while an 11-bit image possesses 2,048 potential brightness values. 

2.4.2 GeoEye and the IKONOS Satellite 

The GeoEye Foundation is a 501(c)(3) non-profit organization formed in 2007 by 

for-profit GeoEye Incorporated. The Foundation’s mission is to provide satellite imagery 

to students and academic professionals engaged in research pertaining to environmental 



 41 

change, urban planning, human health and population growth, transportation, disaster 

response and recovery, and environmental management.      

GeoEye Incorporated is the largest space imaging corporation in the world, 

operating three earth observation satellites with spatial resolutions at or under 1 meter 

(IKONOS, Orbview-2, and GeoEye-1). GeoEye Incorporated was formed in 2006 after 

Orbital Sciences Corporation’s acquisition of Space Imaging (developer of the IKONOS 

satellite). GeoEye Incorporated provides data to a wide spectrum of customers including 

academic institutions, private corporations, federal and state agencies, and the public-at-

large via the Microsoft, Google, and Yahoo search engines (GeoEye, Inc., 2010).  

In 1999 Space Imaging launched the IKONOS (Greek for “image”) satellite, the 

first commercial satellite providing 1-meter spatial resolution. IKONOS is a sun 

synchronous satellite orbiting at an altitude of 681 kilometers above the earth’s surface 

with an orbital inclination of 98 degrees. The image swath of the satellite is 11.3 

kilometers at nadir and 13.8 kilometers at 26 degrees off-nadir. The spatial resolution of 

IKONOS is 1-meter (panchromatic) and 4.0 meters (multispectral) 26 degrees off-nadir. 

The radiometric resolution of the IKONOS satellite is 11-bit providing a range of 2,048 

potential brightness values.          

 The IKONOS satellite has a spectral resolution of 445 to 853 nanometers. Band 1 

covers 445-516 nanometers (blue); band 2 covers 506-595 nanometers (green); band 3 

spans 632-698 nanometers (red); band 4 covers 757-853 nanometers (infrared); and 

panchromatic spans the range of 445-853 nanometers. Dial, Bowen, Gerlach, Grodecki, 

and Oleszczuk (2003) comment on the high temporal resolution of the IKONOS satellite, 

stating “ The orbit parameters were chosen to provide mid-latitude areas with daily revisit 
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at 45° obliquity, 3-day revisit at 26° obliquity, 11-day revisit at 10° obliquity, and 141-

day revisit at 1° obliquity” (p. 24).  

2.4.3 Image Preprocessing 

Image preprocessing consists of a series of operations that are typically 

undertaken by an analyst prior to data extraction. Standard preprocessing operations 

include radiometric/atmospheric correction, geometric correction, and noise removal. 

These sets of procedures attempt to eliminate or lessen distortions and other undesired 

image characteristics introduced during image acquisition. Preprocessing procedures are 

undertaken prior to image processing in order to ensure that data can be integrated with 

geographic information systems (if desired) and that image pixels will be representative 

of the reflectance values found within corresponding ground locations.  

 I conducted image pre-processing (and the majority of my image 

processing/information extraction operations) in ENVI – a software product developed by 

ITT Visual Information Solutions (ITTVIS). ENVI supports 70 data formats and enables 

the analyst to conduct a wide variety of pre-processing operations (orthorectification, 

image registration, mosaicking, masking, etc.) and processing operations (statistics 

calculations, principal components analysis, image classification, etc.).   

2.4.4      Radiometric Correction Theory    

 Radiometric correction is a procedure that is commonly undertaken during image 

pre-processing. Radiometric correction attempts to address atmospheric attenuation 

produced by the absorption and scattering of solar radiation as it travels through the 

atmosphere of the Earth. The total radiance received by a sensor is not solely 

representative of the radiance from the sensor’s target region; path radiance is also 
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received by the sensor and introduces a signal that is associated with the atmosphere 

rather than the ground cover region that is under study. Path radiance is comprised 

primarily of diffuse sky irradiance and radiance from areas surrounding the target region. 

The radiometric correction process attempts to remove these sources of additional 

radiance. Radiometric correction can be conducted using either absolute or relative 

methods (Jensen, 2005, p. 198-206).  

Radiometric correction is a necessary part of image pre-processing in instances 

where the analyst wishes to compare or combine two temporally different data sets. It is 

also typically employed in studies such as mine where the analyst desires to investigate 

small differences in the reflectance values of vegetation.          

 Relative radiometric correction is performed when detailed data on atmospheric 

conditions is unavailable. Relative radiometric correction is utilized in pursuit of either 

single-image normalization (via histogram adjustment), or multiple-date image 

normalization (via regression). Absolute radiometric correction involves the 

incorporation of a model atmosphere and in-situ atmospheric data from on-the-ground 

measurements or measurements collected by the remote sensing platform. Absolute 

radiometric correction converts digital brightness numbers into scaled surface reflectance 

values that can then be utilized with or contrasted against scaled surface reflectance 

values from other regions.       

 Radiative transfer models constitute one technique of conducting absolute 

atmospheric correction and estimating the effects of scattering and absorption. While 

these models can provide a high degree of precision, they require that the analyst provide 

information on the state of the atmosphere at the time of data acquisition, detailed band 
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information, image radiance information that is radiometrically calibrated, and an 

appropriate atmospheric model for the region of interest. ENVI’s FLAASH (Fast Line-of-

sight Atmospheric Analysis of Spectral Hypercubes) module is just one of several 

computer-based atmospheric correction modeling tools currently available. FLAASH 

corrects for oxygen, water vapor, carbon dioxide, ozone, methane, and aerosol scattering 

via a MODTRAN 4+ radiation transfer code that is applied to each pixel. 

2.4.5    Geometric Correction Theory 

Geometric correction is the process by which image pixels are placed in their 

correct coordinate position. This procedure allows the integration of remote sensing 

imagery with geographic information systems, and permits the analyst to obtain 

measurements of area and distance. One can classify geometric error into two categories 

– internal and external error. Internal errors are frequently an artifact of the remote 

sensing system and/or the earth’s rotation and shape. They are typically predictable and 

therefore correctable before or during image acquisition. Internal geometric errors are 

comprised of image skew, relief displacement, tangential scale distortion, and differences 

in ground resolution cell size. External geometric errors are less predictable than internal 

errors and are usually associated with movement of a spacecraft or aircraft in-flight. 

 Two common methods of geometric correction are image-to-map rectification and 

image-to-image registration. In image-to-map rectification the first step is spatial 

interpolation - a process that begins with the selection of ground control points (GCPs) 

that are identifiable on both the image and the map that the user wishes to rectify the 

image to. Following the selection of GCPs, an image processing program fits polynomial 
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equations to the GCP pairs in order to model the type of transformation needed to best 

relate pixels from the original image to the x and y coordinates of the map.  

Before conducting rectification the analyst must specify the “order” of the 

transformation to be used in geometric correction. First order linear transformations are 

typically utilized in situations where image distortion is mild to moderate over a small 

area of the image. Higher order transformations (second-order quadratic or third-order 

cubic) are more commonly used in situations where image distortion and topographic 

variation are high. While higher order equations can allow for a better fit in areas near 

GCP pairs, they can also lead to greater distortion in areas of the image that are further 

away from GCPs (Jensen, 2005, p. 240). 

Analysts commonly compute GCP root mean square error (RMSE) (Ton & Jain, 

1989) prior to commencing with intensity interpolation. According to Jensen (2005), the 

root mean square error is one way of calculating “how well the six coefficients derived 

from the least-squares regression of the initial GCPs account for the geometric distortion 

in the input image” (p. 242). RMSE is determined by calculating the square root of the 

squared deviations for the GCP coordinate pairs in both the original image and in the 

map, or in the case of image-to-image registration, the “master” image. Image processing 

programs compute RMSE for individual points as well as summing the total RMSE for 

all GCPs. As a result, it is possible to correct or delete individual points that display a 

higher RMSE than the analyst deems acceptable. 

Intensity interpolation is the final step in geometric correction. Intensity 

interpolation is the process by which an image processing program takes the brightness 

value from a coordinate location in the input image, and assigns it to a corresponding 
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coordinate location in the rectified output image. Bilinear interpolation, cubic 

convolution, and nearest neighbor interpolation are all methods of resampling that are 

commonly utilized in relating the brightness values from input image coordinates with 

floating point values, to coordinates from the rectified output image. Once image-to-map 

rectification is completed, the image can be integrated into a geographic information 

system, and the user can extrapolate image characteristics (Richards & Jia, 2006, pp. 47-

50).  

 Image-to-image registration also involves spatial and intensity interpolation 

procedures. In contrast to image-to-map rectification, image-to-image registration is 

typically applied in situations where the analyst desires to compare two images of the 

same location (often for change detection) without the need to have image pixels 

assigned to a map-based coordinate system. In these situations one of the images is 

chosen as the “master” to whom the other is registered. This approach is often quicker 

than image-to-map registration. 

2.4.6 Introduction to Classification 

Image classification is a process by which a computer assigns image pixels to 

distinct classes through the use of statistical pattern recognition. Image classification is 

one of the most common methods of data extraction and is often used in temporal studies 

of land cover change. Many different mathematical classifiers can be utilized in the 

image classification process. These classifiers possess unique statistical criteria and 

produce different levels of accuracy depending upon boundaries and constraints applied 

by the analyst as well as the characteristics of the image itself.    



 47 

Mathematical classifiers can take the form of point/spectral classifiers or 

neighborhood/spatial classifiers. In the instance of point classifiers, every pixel is 

evaluated in isolation over its separate spectral bands. Point classifiers are 

computationally simple, however, they are not capable of evaluating the relationships 

between neighboring pixels. Neighborhood classifiers are more complex and evaluate 

pixels with respect to surrounding pixels, thereby potentially evaluating image 

characteristics such as pixel proximity, texture, feature size and shape, and etc.   

There are two primary types of classification algorithms – supervised and 

unsupervised. Lillesand, Kiefer, and Chipman (2008) concisely illustrate the fundamental 

differences between unsupervised and supervised classification stating, “in the supervised 

approach we define useful information categories and then examine their spectral 

separability; in the unsupervised approach we determine spectrally separable classes and 

then define their informational utility” (p. 569). Information classes are often described as 

the classes of interest to the analyst – classes that are defined by the analyst and obtained 

by examining brightness values in an image. Spectral classes are natural groupings of 

pixels that are created by the processing program as a result of uniformity in brightness – 

classes that later require labeling by the analyst. While many classification algorithms fall 

into the supervised or unsupervised categories, other methods straddle these categories 

and incorporate aspects of both supervised and unsupervised classification. These hybrid 

classifiers include neural network and decision-tree methods. 

In supervised classification pixels of a known identity/class are used to determine 

the signature reflectance of the class. Similar pixels of unknown identity are then 

assigned to the information class. Supervised classification methods require user 
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knowledge of the region in question and involve analyst identification of image pixels 

that are representative of known land-cover types. These pixels of known type are 

referred to as “training pixels” because they are utilized by the computer to “train” the 

classification algorithm during processing. In choosing training pixels it is important to 

attempt to select data with unimodal frequency distribution (a single peak) for each of the 

spectral bands; histograms with multiple peaks often indicate that the data includes more 

than one spectral class.  

Following classification it is possible to evaluate the accuracy of a method by 

utilizing “testing pixels.”  Testing pixels are often designated by collecting more training 

data than is needed during the fieldwork stage, withholding part of this data from 

training, and then utilizing it in pursuit of classification accuracy assessment. Congalton 

and Green review frequently utilized systematic and random sampling methods in their 

1999 publication, Assessing the Accuracy of Remotely Sensed Data: Principles and 

Practices.  

There are many advantages and disadvantages associated with supervised 

classification. The most obvious advantage of supervised classification is the ability of 

the analyst to largely control the classification process without the need to match spectral 

classes with desired information classes at the end of the classification process. Another 

benefit of this approach is that the analyst can often avoid large errors by re-examining 

chosen pixels. Disadvantages of the supervised approach are that the classes indicated by 

the analyst during the training phase may not correspond with natural spectral classes in 

the data. Also, training data chosen by the analyst may not be as homogenous on-the-

ground as it appears in the image – thus resulting in inaccurate classification. Specific 
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supervised classification algorithms that I utilized in my study are discussed in depth in 

Section 3.7. 

Unsupervised classification differs from supervised classification in several ways. 

In the case of unsupervised classification the analyst is often at least partially unaware of 

the types and numbers of land cover groups present. In unsupervised classification the 

mathematical classifiers do not typically incorporate training pixels as the foundation for 

classification. Instead, these classifiers take image pixels and sort them into classes on the 

basis of natural spectral groupings that it detects among the image values. According to 

James Campbell (2008) there are three fundamental steps at the heart of unsupervised 

classification: “(1) measuring distances in data space (Euclidean, L-distance); (2) 

identifying class centroids; and (3) mathematically testing the distinctness of classes” (p. 

335). This is often done in accordance with a set of user-defined constraints placed upon 

the data at the beginning of the classification process (a designated number of 

classes/clusters, and etc.). 

ISODATA and K-Means classifiers are two types of clustering algorithms that are 

often referred to as unsupervised classifiers despite sharing hybrid characteristics of both 

supervised and unsupervised techniques. In the K-Means classifier (MacQueen, 1967), 

the user first designates a number of clusters for the data. Once the user has input this, the 

classifier locates the specified number of clusters within the data, and allocates pixels to 

clusters with the closest mean vector. After this step is performed for all pixels, revised 

mean vectors for the clusters are computed and pixel designations are re-computed. This 

process is repeated again and again until there are no significant changes in class mean 

vectors. 
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The ISODATA classifier (Ball & Hall, 1965) is another iterative technique that is 

computationally lengthy. The ISODATA algorithm allows for a changing number of 

clusters between iterations, evaluating the assignment of clusters and recomputing pixel 

assignments after each iteration. If the distance between two cluster means is less than a 

designated minimum distance, then the clusters are joined. Conversely, if a cluster has a 

standard deviation larger than a given maximum value, the cluster is split. The algorithm 

deletes clusters possessing less than a given number of pixels. Much like the K-Means 

classifier, the computations continue until a specified number of iterations are completed 

or the statistics for the clusters do not change significantly (Duda and Hart, 1973).  

There are several advantages commonly associated with unsupervised 

classification, the most prominent of these being that the opportunity for analyst error is 

decreased, the need for on-the-ground knowledge is minimized, and unique small spectral 

classes are often delineated. Many of the disadvantages associated with this type of 

classification are the lack of control given to the user to choose class identities, and the 

fact that unsupervised classification identifies spectral classes that may not correspond 

with desired information classes.  

2.4.7  Classification and Regression Tree (CART) Analysis 

 Decision tree analysis is a type of hierarchal multi-stage classification that is 

experiencing increasing growth throughout the physical and social sciences. Decision 

trees possess a multitude of potential advantageous for researchers. These advantages 

include a non-parametric design, transparent construction, and the ability to quickly 

assess large datasets. Additionally, decision trees are relatively easy to interpret and 

permit the use of different features, data sets, and algorithms at different decision stages 
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(Pal and Mather, 2003). One of the biggest drawbacks of decision tree analysis is that the 

algorithms often generate overly detailed trees that perform poorly at generalizing data. 

This statistical phenomenon is termed overfitting and can be minimized with pruning and 

other tree reduction techniques. Richards and Jia state that three tasks are of central 

importance in the construction of a decision tree: “ (1) finding the optimal structure for 

the tree, (2) choosing the optimal subset of features at each node, and (3) selecting the 

decision rule to use at each node” (Richards and Jia, 2006, p. 323).  

Some of the most popular forms of decision tree analysis are classification and 

regression tree analysis (CART), random tree analysis, random forest analysis, and J48 

Analysis. CART is one of the oldest and most basic forms of decision tree learning 

(Breiman, Friedman, Olshen, & Stone, 1984). CART refers to both classification and 

regression tree analysis – the former applying to studies where the outcome will consist 

of one of the data classes, and the later, referring to instances where the outcome will be a 

real number.  

There are four basic steps in CART analysis. The first step consists of tree 

construction. During this initial phase a tree is constructed via the repeated splitting of 

nodes. The initial node at the top of the tree is deemed the “root” node from which CART 

attempts to find the best variable or value for splitting the node into “child’ nodes. At this 

point the analyst can implement several different “splitting functions” in an attempt to 

search for splitting points in the data. During this process CART assigns each node to an 

expected information class based upon three factors “(1) the assumed prior probability of 

each class within future datasets; (2) the decision loss or cost matrix; and (3) the fraction 
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of subjects with each outcome in the learning dataset that end up in each node” (Lewis, 

2000, p. 7).   

The second phase of tree building consists of the cessation of tree construction. 

CART terminates node generation under three circumstances (1) when the analyst 

programs the tree to cease propagating additional levels; (2) when splitting is no longer 

feasible due to all child nodes having the same number of predictor variables, and (3) 

when all child nodes only have one observation or class. The resulting tree often suffers 

heavily from overfitting due to the model accommodating all eccentricities in the data. In 

most instances the lower “branches” of the tree contribute more to overfitting than the 

earlier data splits. (Lewis, 2000; De’ath and Fabricius, 2000). 

 The third step of CART consists of reducing tree complexity by utilizing “cost-

complexity” pruning. During the pruning process the classifier decreases the terminal 

nodes by one level if, according to Lewis, “the resulting change in the predicted 

misclassification cost is less than α times the change in tree complexity” (Lewis, 2000, p. 

8). In this instance α represents the amount of added accuracy that a given split must 

contribute to a tree in order for the greater degree of tree complexity to be defensible. As 

pruning increases and moves up the tree, the value of α increases and nodes are pruned 

away to form simpler trees that lessen data overfitting. 

 The last phase of CART involves choosing the best tree for data analysis. The un-

pruned fully-grown tree that is generated in CART often performs poorly on an 

independent dataset (i.e. a separate testing dataset). This phenomenon is due to the fact 

that the maximal tree follows all eccentricities in a dataset – even those that are unlikely 

to occur in future classification of the same area. With this in mind, the analyst’s task is 
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to select the best pruning level for the tree by finding a value for α (described in the 

paragraph above) that fits the data without overfitting (thus balancing the average 

decision cost with tree complexity) (Lewis, 2000, pp. 8-9). 

2.4.8  Random Forest Analysis 

Random forest classification is similar to CART, however, it is an ensemble 

classification algorithm (consisting of many trees), rather than a single-tree classifier. Leo 

Breiman introduced the random forest method in 1999, highlighting its ability to improve 

upon classification results obtained by simpler decision tree algorithms (Breiman, 2001). 

Random forest classification offers many of the same advantages that CART does – it is 

quickly and easily implemented, can handle a larger number of input variables, and can 

easily estimate missing data while retaining accuracy. According to Breiman and Cutler 

(2004) one of the strengths of the algorithm is that it does not overfit data as other 

decision tree algorithms do. While Breiman and Cutler maintain that the random forest 

algorithm does not overfit, Segal (2004) demonstrated that for some data distributions, 

fully grown unpruned trees do not perform as well as trees with a fewer number of data 

splits. This finding suggests that a complete understanding of random forest classifier 

parameters is necessary to best implement the algorithm.      

Random forest classification is relatively simple to implement. First the analyst 

selects a given number of trees to generate followed by the number of variables to utilize 

in node splitting. In this process the number of variables used for node splitting is less 

than the number of designated input variables. The next stage of random forest 

classification consists of growing the trees – a process that involves building a bootstrap 

sample derived from replacement and then generating a tree from the bootstrap sample. 
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The classifier selects the splitting variables randomly and then utilizes them to obtain the 

best split for generating a tree from each node. This process continues (without pruning) 

until all trees are fully grown. Finally, classification occurs by “votes” from the 

individual trees. In essence, each tree produces a classification result (or a “vote”) and 

then the forest selects the classification result with the largest number of individual votes 

(Breiman & Cutler, 2004). 

2.4.9  Classification Accuracy Assessment 

Confusion matrices (also known as classification error matrices) are one way of 

assessing classification accuracy. Confusion matrices express the relationship between 

ground truth data of a known class membership with the analogous results of a 

classification algorithm. One can visualize the confusion matrix as a square comprised of 

information classes utilized for training (comprising columns), with the rows comprised 

of the pixels assigned to these information classes by the specific classifier. 

The most common statistic extracted from a confusion matrix is often the measure 

of overall accuracy. Overall accuracy is calculated by dividing the overall number of 

accurately classified pixels by the total number of reference pixels. Omission and 

commission error are two additional measures of classification accuracy that are provided 

by a confusion matrix. Omission errors are errors of exclusion, while commission errors 

are representative of pixels that are incorrectly included in an information class. In a 

classification error matrix, correctly classified pixels are located along the major left-to-

right diagonal while all incorrectly classified pixels are located outside of the diagonal 

with omission errors constituting the non-diagonal column components, and commission 

errors constituting the non-diagonal row pixels.  
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Producer’s and user’s accuracies are also typically summarized in confusion 

matrices. Producer’s accuracy is calculated by dividing the accurately classified pixels for 

each information class by the number of training pixels utilized by the analyst for that 

particular class. User’s accuracies are calculated by dividing the accurately classified 

pixels for each information class by the overall number of pixels classified in a specific 

information class. Producer’s and users’s accuracies are measures of how accurately the 

training pixels of a particular information class are classified, and the probability that a 

pixel assigned to an information class actually belongs to that class, respectively.  

Another very useful statistic that is commonly included in a confusion matrix is 

the “KHAT” or “kappa” statistic. Lillesand, Kiefer, and Chipman (2008) state that the 

kappa statistic is “a measure of the difference between the actual agreement between 

reference data and an automated classifier and the chance agreement between the 

reference data and a random classifier . . . [serving] as an indicator of the extent to which 

the percentage correct values of an error matrix are due to ‘true’ agreement versus 

‘chance’ agreement.” (p. 590).  

It is important to note that a seemingly adequate classification result can have a 

very low kappa statistic, indicating that the classification itself is little or no better than 

the results of a random designation of pixels. KHAT values typically range from 0.0 – 1.0 

with higher values indicative of a given classifier performing better than a classification 

resulting from chance. One can think of a KHAT statistic of 0.64 as indicating that a 

given classification result is 64% better than a classification resulting from the random 

assignment of pixels. A value of 0, on the other hand, indicates that the classification 
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result is no more accurate than that of chance (Lillesand, Kiefer, & Chipman, 2008, pp. 

590-592).  

Lillesand, Kiefer, and Chipman (2008, pp. 545-592); Jensen (2005, pp. 337-427); 

Campbell (2008, pp. 324-366); and Congalton and Green (1999), all provide excellent 

overviews of image processing theory, techniques, and accuracy assessment for the 

interested reader. 
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CHAPTER 3.  METHODOLOGY 

 

3.1       Imagery Acquisition and Specifications 

In December 2008 I applied for approximately 500 square kilometers of imagery 

from the GeoEye Foundation. In February 2009 I received two image scenes covering an 

area of approximately 300 square miles and spanning the region of greatest palila density 

on Mauna Kea (the southwestern slope). Upon examination of the land area covered by 

the images, I determined that one image scene would be sufficient for my needs 

(po_312208 as designated by GeoEye’s GeoFUSE online tool). The dimensions of 

po_312208 are 13212 (samples) by 29144 (lines) with bounding coordinates of -

155.669330 and 19.940731 (upper left corner) and -155.542780 and 19.679444 (lower 

right corner). The image scene covers an area of approximately 150 square miles.  

 The IKONOS-2 satellite (IKONOS renamed) acquired po_312208 on January 8th 

2008 at 21:03 Greenwich Mean Time. Image metadata indicates 4% cloud cover, 

however, all clouds are well outside of the study area and were excluded via spatial 

subsetting during image preprocessing. The sun angle azimuth for po_312208 is 

152.1435 degrees with a sun angle elevation of 43.34495 degrees. GeoEye conducted 

orthorectification via cubic convolution interpolation prior to image delivery. 

3.2 Field Work 

3.2.1  Study Site 

During the weeks of March 14th and March 21st 2010, I spent six days conducting 

fieldwork on Mauna Kea’s southwestern slope on lands within the Ka‘ohe Game 

Management Area (Ka‘ohe GMA) and the Mauna Kea Forest Reserve in the vicinity of 
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the Pu’u La’au cinder cone. Palila point-count survey data provided by USGS biologists 

allowed me to delimit my study area and to concentrate my sampling efforts along Mauna 

Kea’s R-13 access road and the boundary between the Ka‘ohe GMA and Mauna Kea 

Forest Reserve boundary. Figure 1 provides an overview of the study site as well as the 

roads, cinder cones, and major landmarks present within the region.  
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                       Figure 1.  Roads/trails and cinder cones in the study site  
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I accessed the site via the Kilohana Hunter Checking station located just past the 

western edge of the US Army’s Pohakuloa Training Area near the 44-mile marker on the 

Saddle Road (Hawai‘i’s Highway 200). Once at the location, I navigated the area by 

driving and hiking the six dirt roads that provide access within the Ka‘ohe GMA and 

Mauna Kea Forest Reserve. A letter-number hyphenate demarcates each of these access 

roads.  

R-1 is the primary road providing access to the Ka‘ohe GMA and palila critical 

habitat. R-1 begins at the checking station just off the Saddle Road, and travels northeast 

to Pu‘u La‘au and into the Mauna Kea Forest Reserve. The minor roads that branch off of 

R-1 are FB-1 (located at the far southern edge of the study site); FB-3 (contouring just 

south of Pu‘u Ahumoa); R-15 (allowing access to the forest just above Pu‘u Ahumoa); R-

13 (running just to the south of the fenced Mauna Kea Forest Reserve boundary); and R-

14 (bisecting R-13 and providing access to the Game Management Area in the vicinity of 

Pu‘u Manao). R-1 is navigable with 4-wheel drive over the majority of its length. The 

spur-roads are less navigable and often necessitate travel on foot due to rocks, sand, and 

highly variable grades. 

The Mauna Kea Forest Reserve contains approximately 212 square kilometers of 

land above 2,134 meters on the slopes of Mauna Kea. The Hawai‘i Department of Land 

and Natural Resources’ Division of Forestry and Wildlife (DOFAW) manages the 

forestry reserve as well as flora and fauna sanctuaries, natural area reserves, public 

hunting areas, and other State-owned forest reserves in the State of Hawai‘i. DOFAW 

currently conducts a control program for goats, mouflon sheep, and feral sheep within the 

Mauna Kea Forest Reserve with the hope of limiting damage to the habitat of the 
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Reserve’s threatened and endangered species (Ku‘iwalu, 2009, pp. 3-4 – 3-5).  

 The Ka‘ohe Game Management Area is a tract of approximately 28.5 square 

kilometers stretching from 1,700 meters to approximately 2,450 meters above sea level 

on the southwestern slope of Mauna Kea. The Ka‘ohe GMA is noteworthy for containing 

the greatest concentration of mixed mamane and naio forest available to the palila. The 

Ka‘ohe GMA is managed by DOFAW and is bound to the northwest by the Waiki‘i 

Paddock Game Management Area and Parker Ranch land; to the northeast and east by the 

Mauna Kea Forest Reserve; and to the southwest by the United States Military’s 440 

square kilometer Pohakuloa Training Area. The Ka‘ohe GMA is accessible to a wide 

variety of recreational users including hunters, hikers, cyclists, and all-terrain vehicle 

users (Ku‘iwalu, 2009, p. 3-4).   

3.2.2 Tools and Permits 

In the field I utilized a Garmin Venture HC GPS unit to collect my ground-

reference data; as a backup, I also carried a Trimble GeoXT. During the course of my 

fieldwork I discovered that while the Trimble GeoXT provided slightly better 

positioning, it was more time intensive and far more difficult to get a reading under 

canopy cover than with the Garmin unit. As a result, I collected all of my sample points 

with the Garmin Venture HC. I also employed a 4-foot by 3-foot printed false-color 

image of the study area to aid in sampling efforts. This grid map contained bounding 

coordinates of 2188250 N by 234000 E (upper left), and 2195500 N by 224500E (lower 

right), and was of a sufficiently large scale to permit the location of densely forested 

regions within the study area. 
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Before beginning the fieldwork process it was necessary to get a research and 

access permit from the Department of Land and Natural Resources Division of Forestry 

and Wildlife. The permit application necessitated written disclosure of the project 

objectives, methods, study area, and time frame. DOFAW required the permit as a 

prerequisite for conducting research within the Mauna Kea Forest Reserve. The approved 

permit is included in Appendix C.            

3.2.3    Tree Point Collection 

Prior to study commencement I determined that it would be necessary to collect a 

minimum of 100 mamane and 50 naio coordinate points to utilize in the image 

classification process. Lillesand, Kiefer, and Chipman (2008) define the theoretical 

minimum number of pixels for a training set as n + 1 with n representing the number of 

bands utilized for image classification. In reality, the analyst should strive to collect a 

minimum of approximately 10n to 100n pixels. As training pixel numbers increase, so 

does the ability of the classifier to approximate mean vectors and covariance matrices (p. 

559).    

Over the course of my fieldwork, I recorded 121 mamane and 141 naio tree 

locations via GPS over an elevational range of approximately 700 meters (1,830 meters – 

2,530 meters). The tree coordinate points reside within an area of 28.5 square kilometers 

and cover an east-west spread of approximately 8 kilometers and a north-south spread of 

approximately 6.4 kilometers. In addition to recording location, I also took pictures of 

each tree, noting the cardinal orientation of the photograph, and the distance of each 

selected tree in relation to surrounding trees. I collected the GPS points with a wide 

dispersal throughout the study area in order to ensure that the training data would 
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adequately represent the full range of spectral variation present within the cover types. 

The three considerations that I had when selecting trees were 1) the tree crown size in 

relation to the 4-meter resolution of the imagery; 2) the purity of the individual tree or 

tree stand; and 3) the distance between the selected tree and the trees around it.  

The first consideration was necessary in order to ensure that the original pixel size 

(pre-warping) was sufficiently smaller than the tree crowns present in the study area. 

O’Neill, Hunsaker, Timmins, Jackson, Jones, Riitters, and Wickham (1996) suggest that 

for mapping, pixel size should be approximately 2-5 times smaller than the object(s) of 

study in order to minimize the presence of mixed pixels. In the instance of naio trees, it 

was not difficult to collect trees with a crown size of two times greater than the 4-meter 

pixel resolution. Mamane trees presented more of a problem as they were generally 

smaller and possessed a more open canopy - thus creating a greater opportunity for mixed 

pixels. Section 6.3 presents a more detailed discussion of spatial resolution 

considerations. 

Examination of site photographs and hyperspectral imagery post-fieldwork 

permitted an additional 11 mamane and 9 naio points to be added to the points previously 

collected for a total of 282 GPS tree locations. The distribution of each of the 282 points 

is represented in Figure 2. 
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Figure 2. Site-wide distribution of collected mamane and naio GPS points 
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In the field I discovered that with few exceptions, it was impossible to get directly 

under mamane or naio trees owing to the bush-like form that they take in the mixed 

mamane-naio forest of the middle and low elevations. As a result, I had to position 

myself next to, rather than under, trees while taking GPS readings. Additionally, I had to 

consider the accuracy of the GPS unit (often in the range of 2.7 to 3.8 meters) and my 

positioning with regard to other trees in the vicinity, making sure that even if I were off 

by approximately 4 meters, I would still be able to identify the tree associated with the 

GPS reading during the data import stage. At higher elevations (above Pu‘u La‘au at 

approximately 2,250 meters), mamane were considerably taller and often open enough at 

the base to allow for readings directly under the tree.     

 In addition to the difficulties associated with obtaining tree locations, it was also 

necessary to be very discerning with tree sampling in order to ensure that none of the 

trees chosen as mamane or naio were in fact, a mixture of both tree types. As described in 

Section 3.2.4, it was very common to encounter naio trees with mamane regenerating 

underneath them. Prior to my fieldwork I had anticipated being able to delineate and 

sample from sizable single-species tree stands in the mixed forest of the middle 

elevations (north of Pu‘u Ahumoa and south of Pu‘u La‘au). Once in the field I realized 

that this would not be possible due to the lack of large single-species stands in the mid-

elevations and the relatively even dispersal of mamane and naio within the region. The 

exception to this rule was along R-13 in the vicinity of Pu‘u o Kau where I observed naio 

predominating to an overwhelming degree.   
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3.2.4 General Observations  

 In lower elevations of the study area (south of Pu‘u Ahumoa) the forest was very 

open with sporadic small naio and mamane trees. South of Pu‘u Ahumoa the forest was 

densest near R-1 at the far southwest boundary of the study site, and gradually thinned as 

one moved southeast along FB-1 and FB-3. Mamane and naio appeared to be parched in 

the lower elevations perhaps as result of the lack of fog drip precipitation, a phenomenon 

that is more frequent at higher elevations of the study site.      

 Figure 3 provides an overview of the land management and elevational 

boundaries that comprise the study area. The fenced boundary between the Mauna Kea 

Forest Reserve and Ka‘ohe GMA constitutes the lower and upper boundaries of the 

mamane forest of the upper elevations, and the mixed mamane and naio forest of the 

middle elevations. The fenced boundary separating the Ka‘ohe GMA and the Mauna Kea 

Forest Reserve (MKFR) from the Waiki‘I GMA and Parker ranch lands constitutes the 

western boundary of both the MKFR and Ka‘ohe GMA. At the southwestern end of the 

study site, the boundary between the middle and lower elevations is the elevation at 

which the vegetation transitions from predominately grass and shrubland (with few 

mamane and naio), to densely covered mixed mamane and naio forest.  
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    Figure 3.  Land management and elevational boundaries of the study area 
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 North of Pu‘u Ahumoa and south of Pu‘u La‘au the forest was mixed and at its 

densest throughout the study area. In the mixed forest, naio predominated in the lower 

elevations near Pu‘u Ahumoa while mamane became more prominent with increased 

elevation along R-1. In addition to being more numerous in the mixed forest, naio also 

appeared to be taller and to possess denser and wider crowns than mamane. At higher 

elevations within the mixed forest (along the Ka‘ohe GMA and Mauna Kea Forest 

Reserve boundary), mamane and naio appeared to be healthier than at lower elevations.

 In the mixed forest I often observed the inter-growth of mamane and naio trees. In 

these mid-elevations it appeared that mamane were regenerating under or immediately 

next to naio trees. This phenomenon produced trees that I deemed unsuitable for 

tree/point collection due to the potential for mixed pixels and the difficulty involved with 

determining percent composition for each species. As discussed in Section 2.2.4, mamane 

has a much higher regeneration rate than naio. As a result, researchers believe that 

mamane has benefited much more from the recent widespread reduction of browsing 

agents (through aerial shooting and etc.). If browsers are completely eliminated from the 

area it is believed that mamane will replace naio as the dominant species in the mixed 

forest. Photographs of mixed species tree stands are included in Appendix A as Figures 

A10 and A11.          

 Within the mixed forest I found it easy to distinguish mamane from naio on the 

basis of their distinct leaf structures. Naio trees are characterized by long and dark-green 

waxy leaves while mamane trees possess leaves comprised of 6-10 pairs of light green 

elliptical leaflets. It is possible to further differentiate naio and mamane leaves on the 

basis of their size – the leaflets of the mamane tree measure approximately 3/8ths to 2 
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inches long while the leaves of the naio tree range in size from 1 to 6 inches (College of 

Tropical Agriculture and Human Resources – University of Hawaii at Manoa, 2001b; 

2001a).           

 North of Pu‘u La‘au along R-1 and within the Mauna Kea Forest Reserve, 

mamane trees appeared to overwhelmingly dominate. The fenced boundary between the 

Ka‘ohe GMA and the Mauna Kea Forest Reserve boundary appeared to represent an 

abrupt transition from mamane-naio mixed forest to a forest overwhelmingly populated 

with mamane trees. It is unknown what environmental phenomenon causes this, although 

changes in substrate may play a role.        

 I also observed that upslope of the Ka‘ohe GMA and Mauna Kea Forest Reserve 

boundary, mamane were often considerably taller and exhibited wider crowns than 

mamane at lower elevations within the mixed forest. At the middle and upper elevations 

of the study area (the mixed forest, and above the Mauna Kea Forest Reserve boundary, 

respectively), mamane were more likely to be flowering than at lower elevations (south 

of Pu‘u Ahumoa cinder cone).         

 Mamane and naio exhibited varying spectral and structural characteristics 

throughout the study area. While mamane leaves often appeared light green, it was not 

uncommon to find mamane with dark green leaves. Similarly, while naio leaves were 

often a dark green color, it was not uncommon to see naio with a large percentage of pods 

exhibiting an orange-ish hue from a distance. With regard to structure, mamane and naio 

also displayed a large range of variation in terms of canopy size, percent cover, canopy 

shape, and vigor. Appendix A contains pictures of mamane, naio, and mixed 

mamane/naio stands from throughout the study area.      
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 While mamane exhibited overwhelming dominance upslope of the Forest Reserve 

boundary in the northwestern sector of the study area, naio became more plentiful within 

the Forest Reserve as I moved to the southeast along R-13. In the vicinity of Pu‘u Manao 

along the mid-section of R-13, naio was the dominant species. Upslope of Pu‘u o Kauha 

cinder cone, mamane co-existed with naio at a seemingly equal ratio with a gradual 

transition to open mamane forest evident at higher elevations.           

3.3 Image Preprocessing              

3.3.1 Radiometric Correction Process      

 In the radiometric correction process I employed an IKONOS calibration tool 

approved by ITTVIS staff and distributed on the ITTVIS website (Minari, 2010). This 

tool enables the user to calibrate individual IKONOS bands to radiance (expressed in 

watts per steradian per square meter or W / (m^2*sr*um)) or at-sensor reflectance (0-

1.0%). The equations utilized in the calibration tool are borrowed from Taylor’s 2009 

article “IKONOS Planetary Reflectance and Mean Solar Exoatmospheric Irradiance”. 

Once placed in the save_add directory, the tool is found in the ENVI main menu under 

Basic Tools > Preprocessing > Calibration Utilities > IKONOS Calibration. In addition to 

band selection, the IKONOS tool requires the user to input the following parameters to 

perform calibration: sun elevation (in degrees); and the day, month, and year of data 

acquisition.          

 With the aid of the IKONOS calibration tool I converted each of the five bands to 

at-sensor reflectance in ENVI. Reflectance / planetary albedo is a truer representation of 

an object’s spectral properties than radiance. Examination of the image’s spectral profile 

for green vegetation post-correction indicated that the radiometric correction tool 
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produced adequate results. Atmospheric correction lessened scatter in the blue band and 

led to higher values in the green and near-infrared bands – characteristic values for green 

vegetation. While atmospheric correction diminished the high degree of blue-band scatter 

found throughout the image, blue band values remained higher than expected. This is 

believed to be a result of the large proportion of exposed soil present throughout the 

image.           

 In addition to high blue band values, the image also contained a large amount of 

tree shadow that I could not diminish via radiometric correction procedures. I attribute 

the large proportion of tree shadow to the scene’s sun angle elevation and the region’s 

highly variable terrain; within the 56 square kilometers of the study area there are 

innumerable gulches and six distinct cinder cones, the tallest of which towers 

approximately 150 meters above the surrounding terrain.         

3.3.2    Sample Point Correction and Image Subsetting     

 After radiometric correction I proceeded to import the 282 mamane and naio GPS 

points collected during fieldwork. As a result of the inability to obtain sample points 

directly under trees, it was necessary to manually correct the points within ENVI. Manual 

correction ensured that the samples were directly on top of the trees and constituted an 

accurate representation of the spectral properties of the canopy. During the point 

correction process I utilized the Normalized Difference Vegetation Index to, in 

association with histogram equalization, differentiate between tree canopy, tree shadow, 

and understory species.         

 Following sample point alteration, I proceeded to perform a spatial subset of the 

data. I subset the image to include an area of 56 square kilometers centered on the area of 
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greatest palila density and inclusive of all collected points. The image contained 13212 

samples and 29144 lines prior to subsetting, and 2237 samples and 1596 lines following 

the procedure. Subsetting the image reduced the image processing cost and limited the 

number of ancillary spectral classes present during image classification.          

3.4  Preliminary Supervised and Unsupervised Classification   

 After completing the subset, I conducted preliminary supervised and unsupervised 

classification on the image in an attempt to see how well common classification schemes 

performed on my data. Initial supervised classification in ENVI revealed relatively low 

classification accuracy. Utilizing the Maximum Likelihood Classifier with mamane and 

naio as the sole classes, I achieved an overall classification accuracy of 77.69% (kappa 

coefficient = 0.55) with a Producer’s and User’s Accuracy of 83.06% and 77.80% for 

naio, and 71.16% and 77.54% for mamane, respectively. Confusion Matrices and 

accuracy evaluation statistics are discussed in detail in Section 2.4.9. Incorporating six 

additional vegetation and soil classes to the Maximum Likelihood Classification yielded 

an even lower level of Producer’s and User’s Accuracy (65.32% and 73.30% for 

mamane, and 82.79%, and 77.74% for naio, respectively). I derived these statistics using 

re-substitution of the training data, thus, it is likely that these figures are several 

percentage points higher than they would be if using cross-validation or a separate testing 

set.           

 I also performed preliminary unsupervised classification on the subset image, 

attempting to see how well the ISODATA and K-Means algorithms could differentiate 

between mamane and naio, tree shadow, and understory species. Within ENVI’s 

ISODATA interface, I experimented with the “Maximum Iterations” and “Number of 
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Classes” parameters, generating images with 5, 10, 15, 20, and finally, 25 spectral 

classes. I also experimented with utilizing a varying number of iterations, increasing the 

number from 5 to 65 in increments of 10. Each time I increased the number of spectral 

classes, I examined each of the classes generated by ENVI in an attempt to see if I could 

reach a point where known mamane or naio trees were recognized as separate classes. At 

25 classes I still could not separate mamane and naio and at this point I abandoned the 

effort due to the increasing cost of examining and merging a growing number of color-

coded classes. I conducted a similar procedure with ENVI’s K-Means classifier and 

obtained comparable results.         

 At this point I hypothesized that image masking might prove useful in eliminating 

ancillary spectral classes (tree shadow, understory species, and soil) that I suspected were 

contributing to the observed preliminary classification results.                                                                                                                                

3.5 Masking and Image-to-Image Registration                   

3.5.1  Lidar and Hyperspectral Imagery      

 Several weeks after completing the fieldwork process, my advisor received 

hyperspectral and airborne lidar data from Greg Asner at Stanford University. In January 

2010 Asner and his colleagues collected approximately 26 square kilometers of 0.56-

meter hyperspectral data and 21.5 square kilometers of 1-meter (spatial resolution) 

airborne lidar data. This data is centered on the area of greatest palila density in the 

vicinity of Mauna Kea’s R-13 access road. During the masking process the lidar data was 

crucial in providing tree and vegetation height information. The hyperspectral imagery 

also proved helpful, allowing for correction of displaced polygons following image-to-

image registration.                 
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3.5.2 Image-to-Image Registration       

 Prior to masking, I performed image-to-image registration in order to permit the 

use of the lidar mask on top of the IKONOS image. In this process I collected 106 ground 

control points identifiable on both images and well distributed throughout the 21.5 square 

km lidar image. I then warped the 4-meter IKONOS image to the 1-meter resolution of 

the lidar data, utilizing the lidar image as the “master image” and the IKONOS image as 

the warp image. I employed a 1st degree polynomial transformation in this process, for I 

hoped to limit distortion away from the GCPs, as well as to lessen the image processing 

cost. ENVI calculated my overall RMSE as 2.71 meters, a figure that I deemed 

acceptable. The vast majority of individual GCPs had a Root Mean Square Error of 0.6 or 

less. In the immediate vicinity of the cinder cones, however, RMSE increased to 7 - 11 

meters (due to the airplane-based lidar and hyperspectral systems) leading to an overall 

RMSE of 2.71.                                

3.5.3 Mask Creation         

 Following image-to-image registration, I was able to produce a mask in ENVI 

utilizing the height information provided by the lidar data. I designed the mask to include 

for analysis all vegetation above 1 meter in height, and to exclude (or “mask out”) all 

vegetation with a height of less than 1 meter (3 feet). In this manner I hoped to eliminate 

pixels containing species other than mamane and naio. The resulting mask was applied to 

each intermediate image during the classification process.        

3.5.4 Spatial Subsetting and Sample Point Subsetting     

 Following image-to-image registration and mask creation, I cut the IKONOS 

image to the size of the lidar image on the basis of the lidar image’s number of samples 
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and lines (the result is shown as Figure 4). It is important to note that without size 

uniformity, ENVI does not permit the use of a mask on top of an image.    

 Due to the new smaller study area (delimited by the lidar image), I reduced my 

data set to include only the mamane and naio trees within the 21.5 square kilometers of 

the lidar image and corresponding mask. My new data set contained 61 naio and 72 

mamane tree polygons (reduced by over half from the original 150 naio and 132 mamane 

polygons). The decision to decrease my dataset was a difficult one, however, I believed 

that by including a lidar mask, I could potentially improve upon my preliminary 

classification results (Section 3.4) by excluding ancillary spectral classes (understory 

species, soil, and tree shadow). Also, I hoped that by limiting my study area to the 

approximate extent of the newly available airborne lidar and hyperspectral imagery, my 

results could be more readily compared to and contrasted with future studies utilizing the 

lidar and hyperspectral data. The map of the reduced study area and dataset is included as 

Figure 5. 
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Figure 4.  Subset study area (without lidar mask) 
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Figure 5.  Mamane and Naio GPS points in the region covered by the lidar mask 
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  Before I could conduct classification on the new masked image, I needed to re-

collect the 61 naio and 72 mamane polygon ROIs. Following image-to-image registration 

and the warping of the IKONOS image to the 1-meter lidar image, tree polygons were 

commonly displaced from the actual tree crowns by approximately 1 pixel. To correct 

this, I overlaid the new warped image with the lidar and hyperspectral imagery, making 

sure that when I drew the region of interest (ROI) polygons in ENVI, the three images 

were in agreement regarding the extent of acceptable pixels.                                 

3.6 Cross-Validation         

 During the fieldwork process researchers typically strive to collect enough ground 

reference data to split into two approximately equal-sized training and testing groups via 

randomization. As discussed in previous sections, training data “trains” the particular 

classifier while testing data provides a means of classification accuracy assessment. In 

this particular instance ecological constraints and time limitations did not permit the 

collection of enough data to split into two equal sized training and testing groups. As a 

result, I turned to K-fold cross-validation for classifier performance estimation. K-fold 

cross-validation is a statistical method for estimating prediction error from a pre-existing 

data set. In K-fold cross-validation, data is segmented into K (number) of equal sized 

folds with K iterations of training and testing. In each of the K iterations, a different fold 

is withheld for testing while K-1 folds are utilized for training (Hastie, Tibshirani, & 

Friedman, 2009, pp. 241-249; Refaeilzadeh, Tang, & Liu, 2009; Mosteller & Turkey, 

1968).            

 An advantage of K-fold cross-validation is that all of the samples in a dataset are 

hypothetically utilized for both training and testing at some point during image 
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classification. Within the field of data mining, researchers seem to agree that 10 is 

generally an appropriate level for K, constituting a compromise between training set 

overlap and shrinkage of test set size. According to Refaeilzadeh, Tang, and Liu (2009), a 

large K value is desirable because it allows for more performance estimates and a training 

group size that is closer to the size of the full dataset (as a result, there is a higher 

probability that conclusions made about the tested algorithms will generalize to the point 

where all of the data will be utilized for model training) (p. 536).    

  I utilized Microsoft Excel 2003 to create 10 sets or “folds” of training and 

testing data for mamane and naio. To create the first fold of data, I generated a random 

number in Excel between 0.0 and 1.0 for each of the 61 naio and 72 mamane tree 

polygons. I then created a function in Excel to automatically designate ROIs/trees with a 

value under 0.9 as “true” and those with a value between 0.9 and 1.0 as “false”. In this 

manner, I hoped to randomly capture approximately 10 percent of the data in each fold 

(those labeled as “false”) to withhold from classifier training and to use instead, as testing 

pixels for post-classification accuracy assessment. I repeated this process nine additional 

times and at the end, I was left with 10 separate folds of mamane and naio training and 

testing pixels.  

3.7 Supervised Classification 

 After creating the lidar mask and resizing the IKONOS image, I began formal 

classification. The first step in this process involved testing the utility of common 

parametric and non-parametric supervised classification algorithms for their ability to 

accurately classify mamane and naio. Within ENVI I conducted supervised classification 

utilizing the maximum likelihood, mahalanobis, minimum distance, and parallelepiped 
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classifiers. I also investigated the ability of vegetation indices and texture filters to, as 

additional bands, improve upon my best classification results. 

The two types of parametric supervised classification algorithms utilized in this 

study are the maximum likelihood classifier (MLC) and the mahalanobis classifier. 

Maximum likelihood classification operates by considering variations within different 

spectral categories by utilizing training data to estimate means and variances for classes. 

Pixel probabilities are then estimated via probability density functions with the algorithm 

assigning pixels to the class with the highest probability. The maximum likelihood 

classifier is parametric and thus presumes that statistics for each class in each band have a 

Gaussian distribution. Today MLC is one of the most frequently employed supervised 

classification algorithms due to its simplicity and its predictive ability (Wu and Shao, 

2002). The mahalanobis classifier is a direction sensitive classifier that is similar to MLC, 

however, this algorithm presumes that class covariances are equal. 

The two types of non-parametric supervised classifiers utilized in this study are 

the parallelepiped and minimum distance classifiers. The parallelepiped classifier can be 

conceived of as multiple boxes (parallelepipeds) defined by decision boundaries in multi-

dimensional space. In this classifier pixels are assigned to an information class according 

to their membership within these boxes. While this method of supervised classification is 

computationally quick, box overlap can cause incorrect classification in situations where 

classes display a high degree of correlation and covariance. This problem can be 

assuaged by creating stepped parallelepipeds that are better suited to accommodate high 

levels of covariance. The minimum distance classifier is another computationally simple 

form of supervised classification. In this classifier the mean brightness value is computed 



 81 

for each class across all spectral bands. Pixels are then assigned to the class with the 

nearest class centroid / mean value. This algorithm is often inappropriate in situations 

where spectral classes are in close proximity to one another and exhibit a high degree of 

variance. 

  Resubstitution validation enabled me to get a rough idea of each classifier’s 

performance prior to utilizing time-intensive 10-fold cross-validation. Resubstitution 

validation is the process by which an analyst trains and tests a model by employing the 

same set of data. While resubstitution is useful for approximating classifier performance, 

the method overfits the data, commonly resulting in a higher accuracy level than one 

would achieve using K-fold cross-validation or an independent testing set.  

3.8 Vegetation Indices and Texture Filters 

 In addition to conducting maximum likelihood, mahalanobis, parallelepiped, and 

minimum distance classification in ENVI, I also computed vegetation indices and texture 

filters utilizing ENVI’s band math interface and filter tool, respectively. I then added the 

resulting images as additional bands in an attempt to see whether they could improve 

upon the results obtained by maximum likelihood classification – in this instance, the best 

performing supervised classifier. 

3.8.1 Vegetation Indices 

The Simple Ratio (SR) Index, the Normalized Difference Vegetation Index 

(NDVI) and the Soil Adjusted Vegetation Index (SAVI) are the three vegetation indices 

that I examined. I chose these three indices because they individually represent the most 

basic and first true vegetation index (SR index), the most widely used index (NDVI), and 

a soil-adjusted index that is particularly well suited for low-moisture environments such 
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as my study area (SAVI). I utilized ENVI’s band math interface to compute each of the 

three indices. I then added the newly generated bands singularly and collectively to the 4 

original bands and conducted maximum likelihood classification on the masked images 

using first, resubstitution, and then, 10-fold cross-validation. 

I computed the SR index by dividing red-wavelength reflected radiant flux by 

near-infrared radiant flux (Birth & McVey, 1968). After ENVI generated the new SR 

Index band, I added it to my pre-existing 4 bands and conducted Maximum Likelihood 

classification.  

Next I calculated NDVI by subtracting red band values from near-infrared values 

and then dividing this figure by the sum of red and near-infrared band values (Rouse, 

Haas, Schell, & Deering, 1974). NDVI is the most widely utilized index in remote 

sensing; numerous studies over the last several decades have demonstrated that it is 

sensitive to photosynthetically active biomass and is correlated with leaf area index, and 

net primary productivity (Seto et al., 2004). Disadvantages of NDVI are that the index 

saturates at high productivity levels and is highly sensitive to soil and other below canopy 

variations (Jensen, 2005, pp. 311-315)  

The Soil-Adjusted Vegetation Index (SAVI) represents a new variation of NDVI 

(Huete, 1988). SAVI attempts to compensate for NDVI’s relatively poor performance in 

arid and semi-arid regions and in study sites with high percentages of exposed soil by 

incorporating a canopy background adjustment factor. A canopy adjustment factor (L-

factor) of 0.5 is suggested by Huete and Liu (1994) as a means of reducing soil brightness 

fluctuations in an image. Utilizing Huete and Liu’s suggested L-factor of 0.5, I conducted 

resubstitution validation and then 10-fold cross-validation with the 5 stacked bands (blue, 
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green, red, NIR, and SAVI). The SAVI equation that I utilized is included in Appendix B 

as Figure B1. 

3.8.2 Texture Analysis 

Texture analysis was the last technique that I attempted before moving on to 

decision tree analysis. Texture is a term that refers to the degree of tonal change 

(variation in brightness values) within an image. An image is said to have greater texture 

when it exhibits more tonal variation - often being referred to in terms of an image’s 

“roughness.” Most studies that employ texture first create a new texture image on the 

basis of moving window calculations (typically 3x3, 5x5, or 7x7 pixel windows) and then 

utilize one or more of the resulting texture measures as additional bands in classification 

procedures in an attempt to obtain greater classification accuracy. Texture is frequently 

conceived of in terms of an image’s gray level co-occurrence matrix (GLCM) and the 

probability of two grey levels occurring at a certain distance and in a given direction. 

Although many texture algorithms exist, none is universally regarded as the best given 

the varying characteristics of image data and the desired end product (Zhang, 2001; Ferro 

and Warner, 2002). 

ENVI allows the analyst to compute and implement occurrence and co-

occurrence-based texture filters through its filter tool. I utilized this tool to generate nine 

co-occurrence texture filters on the basis of a 3x3 moving window - covariance, 

dissimilarity, mean, variance, contrast, homogeneity, entropy, second moment, and 

correlation. I chose a 3x3 window (as opposed to a 5x5 or 7x7) because of the small 

crown size of mamane and naio, and the high degree of mamane/naio interspersal 

throughout the site. ENVI’s co-occurrence feature utilizes a gray level co-occurrence 
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matrix (described above) to compute texture filters. ENVI generated nine filters for each 

of the 5 bands, resulting in 40 available filters. 

Entropy is a measure of complexity; large entropy values are indicative of 

surfaces that lack textural uniformity. Second moment (also known as angular second 

moment) is the opposite of entropy, and is an indicator of localized homogeneity. Second 

moment values are large when the image’s GLCM has few pixels of high value, and low 

when pixel values are approximately equal. Homogeneity is representative of the 

smoothness of an image. In instances where the GLCM has elements that are near the 

diagonal homogeneity measures are high. Contrast is the opposite of homogeneity and is 

an indication of the amount of local variation in an image – in instances where variation 

is large, contrast is correspondingly high. Dissimilarity is similar to contrast and is high 

when the local area has a large degree of contrast. Correlation is a measure of pixel value 

linear dependency among adjacent pixels. The mean value filter computes the average 

gray level in the designated window. Haralick, Shanmugam, and Dinstein (1973) 

demonstrate that four of the above measures – second moment, entropy, contrast, and 

homogeneity – lead to data discrimination with the least amount of redundancy. 

3.9 Decision Tree Analysis 

Random forest and CART are the two forms of decision tree analysis that I 

decided to use, in addition to supervised classification, to investigate mamane and naio 

spectral separability. I decided to use CART because it is one of the most basic and 

widely used forms of decision tree analysis. I then decided to contrast the performance of 

CART with that of random forest – a newer decision tree algorithm that appears to 
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perform better and to overfit less on most datasets than earlier forms of decision tree 

analysis (Breiman & Cutler, 2004).  

3.9.1 Classification and Regression Tree Analysis (CART) 

 Classification and Regression Tree Analysis (as described in Section 2.4.7) was 

performed in Matlab version 7.10 (R2010a) developed by the MathWorks, Inc. (2010). 

Matlab is a numerical computing software package that also has programming and 

graphical display capacity. Classregtree is the primary function that I utilized to conduct 

CART. The Matlab code employed for CART analysis is included as Appendix D. In 

addition to performing basic CART analysis, I also structured the code to perform tree 

pruning from level 15-31 (the results of which are discussed further in Section 4.3). 

3.9.2 Random Forest Analysis 

I conducted random forest analysis in WEKA, an open source machine-learning 

program developed in 1999 by researchers at The University of Waikato (Hall, Frank, 

Holmes, Pfahringer, Reutemann, & Witten, 2009). WEKA includes a wide variety of 

machine learning algorithms and allows for data preprocessing, classification, clustering, 

regression, and feature selection operations. Prior to conducting random forest analysis in 

WEKA, I converted each of the mamane and naio 5-band 10-fold text files into comma 

separated value (csv) format, one of several data configurations that WEKA recognizes. I 

then imported the training and testing data into WEKA for each of the 10-folds. Finally, I 

selected the random forest classifier from the sixteen available decision tree classifiers in 

WEKA.  

One benefit of WEKA is the ability to easily alter data parameters prior to 

classification. WEKA allows alteration to the following parameters prior to random forest 
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classification: maxDepth (maximum tree depth), numFeatures (number of features for use 

in random selection), numTrees (the number of trees to be generated), and seed (the 

random number of seeds to be utilized). The default parameters in the random forest 

interface are as follows: maxDepth = 0 (designating unlimited depth), numFeatures = 3 

(automatically selected by WEKA), numTrees = 10, and seed = 1. The only parameter 

that I did not experiment on extensively was the seed parameter, largely because this is a 

randomization parameter and does not appear to significantly affect my data given the 

10-fold nature of the data set. 
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CHAPTER 4.  RESULTS 

 

4.1 Maximum Likelihood, Minimum Distance, Mahalanobis, and Parallelepiped 

 Classifiers 

MLC was the first of four supervised classifiers that I tested in ENVI. MLC via 

resubstitution validation returned an overall accuracy level of 77.83%. 10-fold cross-

validation yielded overall accuracies of 78.40%, 73.76%, 78.10%, 79.18%, 82.57%, 

70.81%, 77.56%, 87.14%, 82.43%, and 84.05% for folds 1-10.  I computed the overall 

mean classification accuracy as 79.40% (kappa = 0.53).  

Mahalanobis classification via resubstitution produced an overall accuracy level 

of 76.78%. 10-fold cross validation returned individual overall accuracy levels of 

78.09%, 74.16%, 82.17%, 78.03%, 76.68%, 64.42%, 72.37%, 85.19%, 84.91%, and 

80.95% for folds 1-10 with a mean overall accuracy level of 77.70%, and a mean overall 

kappa value of 0.50.  

Next I conducted parallelepiped classification with resubstitution validation and 

obtained an overall accuracy of 39.60%. Due to the extremely low classification accuracy 

that I achieved with this algorithm, I decided to move on to another algorithm without 

pursuing 10-fold cross-validation. The parallelepiped classification result – classification 

of nearly all of the pixels as mamane – likely indicates that mamane have a larger spectral 

range than naio. It also indicates that the range of naio is largely contained within the 

spectral range of mamane.  

Minimum distance classification of the masked IKONOS image via resubstitution 

returned an overall accuracy of 74.39%. 10-fold cross-validation of the image returned 
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individual fold accuracies of 82.47%, 79.92%, 71.33%, 81.80%, 70.07%, 66.15%, 

76.39%, 83.98%, 82.43%, and 80.95% for folds 1-10, with a mean overall accuracy of 

77.55% (kappa = 0.50). The masked images generated by each of the four supervised 

classification algorithms are included as Figures 6, 7, 8, and 9. 

In Figures 6 and 7 (the MLC and mahalanobis masked images, respectively), the 

classifier and mask appear to produce results that reflect the vegetative patterns that I 

observed on-the-ground. Particularly evident in the masked images is the sharp ecotone 

transition from a relatively dense mixed mamane and naio forest to a relatively open 

landscape overwhelmingly dominated by mamane. 

4.2 Vegetation Indices and Texture Analysis 

4.2.1  Vegetation Indices 

After testing all supervised classification algorithms available in ENVI, I 

attempted to improve upon my best result of 79.40% (via maximum likelihood 

classification) by investigating the utility of three vegetation indices and texture measures 

to improve classification accuracy. The three vegetation indices that I investigated were 

the Simple Ratio (SR) index, the normalized difference vegetation index (NDVI), and the 

soil-adjusted vegetation index (SAVI). 

Maximum likelihood classification of the four original bands (B, G, R, & NIR) 

plus a fifth band derived from the SR index equation resulted in a resubstitution value of 

77.96%. 10-fold cross-validation yielded individual fold accuracies of 77.78%, 72.76%, 

78.10%, 75.90%, 83.05%, 75.82%, 80.80%, 83.25%, 74.10%, and 80.24% (1-10) for a 

mean overall classification accuracy level of 78.18% (kappa = 0.51). 



 89 

The second index that I calculated was NDVI. After statistics computation, I 

added the resulting band and conducted MLC classification of all 5 bands via 

resubstitution. The resulting confusion matrix yielded an overall accuracy level of 

78.31%. 10-fold cross-validation returned individual fold accuracies of 80.59%, 71.37%, 

81.04%, 81.31%, 79.09%, 68.05%, 74.58%, 90.05%, 85.14%, and 75.00% (1-10) and a 

mean overall accuracy of 78.62% (kappa = 0.52).  

The final index that I utilized was the soil-adjusted vegetation index (SAVI). 

Utilizing Huete and Liu’s suggested L-factor (canopy adjustment factor) of 0.5, I 

conducted resubstitution validation with 5 stacked bands (blue, green, red, NIR, and 

SAVI). Resubstitution validation returned an overall classification accuracy of 79.56% - 

a higher value than that achieved by SR or NDVI-aided classification. Ensuing 10-fold 

cross-validation yielded individual fold accuracies of 79.66%, 70.88%, 78.10%, 83.61%, 

84.01%, 72.02%, 82.88%, 87.14%, 82.43% and 85.48% for folds 1-10, and an overall 

mean classification accuracy of 80.57% (kappa = 0.56). The addition of a 5th SAVI band 

also increased the J-M separability from 0.5671 (bands 1-4) to 0.8757 (bands 1-4 and 

SAVI). The confusion matrices for folds 1-10 are included in Appendix B as Tables B1-

B10.       

4.2.2 Texture Filters 

As the last step of the supervised classification process, I tested the ability of each 

of the nine texture filters generated by ENVI to individually and collectively increase 

overall classification accuracy. While some of the filters achieved resubstitution values 

close to that of the MLC 5-band SAVI result (80.57%), none of the filters increased the 

predictive ability of the MLC classifier. 5-band SAVI plus 5 bands of dissimilarity came 
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closest to the result obtained by SAVI, returning a 10-fold overall classification accuracy 

of 80.12%. 5-band SAVI plus 5 bands of homogeneity resulted in the second highest 

classification accuracy – a 10-fold value of 80.03%.  

While I did not attempt every possible combination of filters and bands (this 

would be too time and data intensive), I feel confident in stating that co-occurrence 

texture measures cannot significantly improve the classification accuracy of my image. It 

should be noted that texture bands take a significant amount of time to compute and 

digitally process. As a result, any classification result utilizing texture filters would need 

to significantly improve classification performance (by approximately 4-5%) for me to 

consider the computational cost worthwhile.   
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Figure 6.  Maximum likelihood classification map (with lidar mask) 
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Figure 7.  Mahalanobis classification map (with lidar mask)  
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Figure 8.  Parallelepiped classification map (with lidar mask) 
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Figure 9.  Minimum distance classification map (with lidar mask) 
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4.3 Classification and Regression Tree (CART) Analysis 

Without tree pruning, the Matlab-created CART code returned an overall 

accuracy level of 67.39% for the 10-fold data. With this relatively low classification 

result in mind, I altered the code to allow for tree pruning from level 15 to 31. Through 

pruning, I hoped to increase my overall accuracy by decreasing the degree of data overfit. 

I chose 15 as the minimum level of pruning because line graphs generated by Matlab 

indicated the predomination of data overfit under this level. I chose 31 as the maximum 

level because at this pruning level or lower, all generated trees indicated reduction to a 

single naio node. Pruning from levels 15-24 yielded 10-fold mean overall accuracies of 

69.0%, 69.3%, 70.4%, 72.2%, 72.3%, 72.9%, 73.0%, 74.1%, 72.3%, and 65.5%, 

respectively. As one can see, the best results for this particular data set (74.1%) are 

obtained by utilizing a pruning level of 22. CART classification results for all 10 folds 

and the mean for each pruning level are contained in Table 1.  
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PL F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 
Mean 
Avg. 

15 61.5 65.9 62.6 80.2 69.2 67.2 71.5 74.7 72.1 65.5 69.0 
16 63.0 65.9 63.7 81.7 70.5 67.2 68.6 74.7 72.1 65.5 69.3 
17 64.6 69.3 65.2 80.2 74.4 67.2 68.6 74.7 72.1 67.9 70.4 
18 77.3 69.3 65.2 81.7 75.7 68.7 67.2 74.7 74.1 67.9 72.2 
19 77.3 70.9 65.2 81.7 73.1 67.2 68.6 77.0 74.1 67.9 72.3 
20 77.3 70.9 65.2 79.0 74.3 68.7 68.6 81.5 75.9 67.9 72.9 
21 75.7 69.3 66.6 79.0 72.9 70.2 72.9 81.5 73.9 67.9 73.0 
22 78.9 78.6 66.6 75.9 74.2 70.2 72.9 81.5 73.9 67.9 74.1 
23 79.1 64.2 68.1 70.6 74.2 68.7 72.9 81.5 76.0 67.9 72.3 
24 75.9 17.2 68.1 57.7 75.5 68.7 66.9 83.7 74.1 67.9 65.5 
25 65.0 ------ 69.7 ------ 70.3 65.7 66.9 83.7 74.1 75.2  
26 ------ ------ 72.6 ------ 70.1 68.7 67.6 83.7 74.1 75.2  
27 ------ ------ 72.6 ------ 62.1 65.7 67.6 83.7 74.1 77.6  
28 ------ ------ 74.1 ------ ------ 49.7 67.6 84.3 72.1 75.2  
29 ------ ------ 72.6 ------ ------ ----- ------ 84.3 79.5 68.5  
30 ------ ------ 68.2 ------ ------ ----- ------ 79.8 64.3 -----  
31 ------ ------ 50.2 ------ ------ ----- ------ ----- 27.3 -----  

Table 1. Matlab-generated 10-fold and mean overall classification accuracies 
for CART at pruning levels 15-31 (Note: PL = CART pruning level; F1 etc. =  
folds 1-10; hyphens = a continuation of the last value entered and the point at 
which the tree is reduced to a single node (naio) 
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4.4 Random Forest Analysis 

NumTrees was the first of four WEKA random forest parameters that I 

experimented with via 10-fold cross validation. This parameter is set in WEKA to a 

default value of 10 and limits the number of trees that WEKA generates. Holding the 

other parameters steady (at their WEKA-designated default values – see Section 3.9.2), I 

iteratively altered this parameter, inputting values of 2 - 100 (2 being the minimum-

allowed input value, and 100 being the point at which the algorithm slowed considerably 

due to memory constraints). From 2 – 3 trees, the algorithm improved the overall 

accuracy by two percentage points from 63.09% to 65.02%. From 5 trees to 100 trees the 

overall accuracy only improved by 1%, vacillating between 66 and 67%. I chose 75 as 

the optimal tree level because it produced the best overall accuracy (67.72%), and was 

more computationally efficient than the second-highest producing tree value – 100. When 

testing the following parameters, I left the number of trees (NumTrees) at 75, although 

any value between 7 and 100 produced comparable results.    

 Next I chose to experiment with the maxDepth parameter. This parameter limits 

the depth (branch levels) of the trees constructed by WEKA. Of the three parameters that 

I altered, this parameter appeared to make the biggest difference on the level of overall 

accuracy. The default value that WEKA automatically sets for this option is “unlimited”. 

When left at unlimited, the algorithm appeared to heavily overfit my data – returning 

values in the mid and upper 60s (see the paragraph above). When I limited the tree depth 

to branch levels between 1 and 10, however, my results improved significantly. Of the 

ten values that I tested for depth the value that returned the best overall accuracy for the 

10-folds was 3 (returning an overall accuracy of 76.93%). A depth of only 1 returned an 
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accuracy level of 73.07 while values between 2 and 8 appeared to perform the best 

without overfitting the data. At a maximum branch depth of 9 and above, the accuracy 

level began to go down and to show signs of overfitting.   

 The last parameter that I altered was the numFeatures parameter – a parameter 

that controls the number of features that WEKA uses in random selection. By default, 

WEKA selected 3 random features for my data. I altered this in the Random Forest 

interface so that the algorithm evaluated overall accuracy with 1,2 and 4 random features. 

The selection of 3 random features (default) resulted in a 10-fold overall accuracy of 

76.93%. The alteration of the parameter to consider 2 and 4 features resulted in overall 

10-fold accuracies of 77.97% and 75.12%, respectively. The selection of 1 random 

feature increased the 10-fold overall accuracy to 77.97% - the highest rate of accuracy 

that I was able to obtain via random forest. The 10-fold classification results for random 

forest are rounded and included in Table 2. The fact that a tree depth of 3 and a random 

feature selection of 1 performed better than higher parameter values indicates that my 

dataset is not overly complex and can be evaluated best by simple parameter values. 
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numTrees 1F 2F 3F 4F 5F 6F 7F 8F 9F 10F Mean 
2 57.7 69.4 63.0 62.9 67.2 53.8 67.9 46.6 81.7 60.6 63.1 
3 60.3 64.7 62.6 71.0 66.3 55.3 65.4 62.4 72.0 70.3 65.0 
4 57.1 66.4 68.5 68.0 67.6 59.7 65.4 53.4 75.5 70.3 65.2 
5 64.2 63.1 69.9 70.6 67.6 56.2 65.4 70.8 73.6 63.0 66.4 
6 62.6 64.7 68.5 67.6 66.3 53.8 65.4 66.3 79.4 65.5 66.0 
7 63.4 64.7 68.5 70.2 66.3 52.3 68.3 75.3 75.5 60.6 66.5 
8 62.6 63.1 67.0 74.5 67.6 52.3 68.3 70.8 77.5 63.0 66.7 
9 62.6 61.4 67.0 73.2 68.9 53.8 66.8 77.5 73.6 63.0 66.8 
10 61.1 61.4 65.9 74.5 68.9 55.3 66.5 73.0 77.5 60.6 66.5 
11 64.2 59.7 68.5 73.0 71.4 55.3 68.3 70.8 70.0 63.0 66.4 
12 61.7 64.7 68.5 73.0 69.5 53.8 69.3 75.8 77.5 60.6 67.4 
13 63.0 61.4 67.0 74.4 69.5 56.8 70.8 73.0 73.6 63.0 67.3 
14 63.0 62.7 65.5 73.2 70.8 55.3 66.5 73.0 75.5 63.0 66.9 
15 61.5 59.7 65.5 73.2 70.1 59.7 67.9 73.0 71.6 63.0 66.5 
16 60.1 62.7 67.0 72.9 71.4 56.8 66.5 73.0 71.6 60.6 66.3 
17 61.5 62.7 67.0 74.0 71.4 56.8 67.9 73.0 71.6 65.5 67.1 
18 58.5 62.7 64.1 72.5 71.4 55.3 67.9 73.0 71.6 65.5 66.2 
19 60.1 62.7 65.5 74.0 71.4 53.8 67.9 73.0 71.6 67.9 66.8 
20 60.1 62.7 65.5 74.0 72.7 56.8 65.1 73.0 71.6 65.5 66.7 
30 61.7 57.6 69.9 73.6 72.7 58.2 66.8 73.0 73.6 60.6 66.8 
40 60.1 57.6 67.0 73.6 74.0 58.2 69.3 73.0 75.5 63.0 67.2 
50 58.5 57.6 68.1 73.6 74.0 59.2 69.3 73.0 75.9 65.5 67.5 
75 60.1 57.6 67.0 74.9 70.1 59.7 69.3 73.0 77.5 67.9 67.7 

100 63.2 56.0 66.6 74.9 72.7 56.8 69.3 70.8 79.4 65.5 67.5 
            

maxDepth 1F 2F 3F 4F 5F 6F 7F 8F 9F 10F Mean 
1 80.4 64.2 68.2 75.9 70.1 65.7 75.8 84.3 64.3 81.8 73.1 
2 82.0 68.8 72.6 77.1 75.2 67.2 75.8 84.3 70.2 79.4 75.3 
3 82.0 70.5 74.1 80.6 76.5 70.2 77.2 84.3 72.1 81.8 76.9 
4 77.3 69.2 74.1 80.6 75.2 71.7 75.8 84.3 72.1 79.4 76.0 
5 77.3 67.6 75.5 80.6 77.8 70.2 74.4 84.3 74.1 81.8 76.3 
6 77.3 67.6 74.1 80.6 75.2 68.7 72.9 84.3 78.0 77.6 75.6 
7 69.0 66.3 75.4 81.2 75.2 68.7 70.1 84.3 78.0 80.0 74.8 
8 72.1 66.3 75.4 81.7 76.5 70.2 72.2 84.3 76.0 77.6 75.2 
9 72.1 66.3 72.5 79.8 76.5 68.7 67.6 84.3 74.1 77.6 73.9 
10 70.9 61.3 72.5 77.9 72.1 65.7 70.4 84.3 72.0 77.6 72.5 

            
numFeatures 1F 2F 3F 4F 5F 6F 7F 8F 9F 10F Mean 

1 82.8 73.9 72.6 80.6 77.8 76.1 80.1 83.7 74.1 79.4 78.1 
2 82.8 70.5 74.1 80.6 75.2 77.6 77.2 88.2 74.1 79.4 78.0 
3 82.0 70.5 74.1 80.6 76.5 70.2 77.2 84.3 72.1 81.8 76.9 
4 82.0 67.6 72.6 81.7 73.9 68.7 78.6 72.1 72.1 81.8 75.1 

Table 2.  Random forest classification (overall accuracy) via 10-fold cross-validation  
(Note: numTrees = number of trees generated; maxDepth = designated maximum tree 
depth; numFeatures = designated number of features for use in random selection;  
1F etc. = folds 1-10. 
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CHAPTER 5.  CONCLUSION AND DISCUSSION 

 

5.1 Conclusion 

 Utilization of supervised classification techniques, vegetation indices, texture 

filters, and two forms of decision tree analysis (CART and random forest) yielded best 

overall classification accuracies of 79.40% (via MLC), 80.57% (MLC with SAVI), 

74.06% (CART pruned at level 22), and 77.97% (parameter-adjusted random forest). In 

this study, a computationally simple form of supervised classification (MLC) performed 

better than more complex decision tree algorithms.  

5.2 Classifier Performance 
 

At the beginning of the research process, I hypothesized that CART and random 

forest would perform better than supervised classifiers at differentiating mamane and 

naio. I believed that due to the flexibility of decision trees (permitting the use of different 

features and algorithms at different decision stages) and their noted ability to perform 

well with complex data sets, they would provide higher classification accuracy for 

mamane and naio. As the results indicate, this predication was inaccurate. While the 

random forest classifier performed better than the CART classifier, the MLC supervised 

classifier out-performed both decision tree methods. There are an abundance of articles 

that recommend MLC’s as a simple and effective algorithm for tree classification at the 

species level (McGraw, Warner, Key, and Lamar, 1998). My results add credence to 

those findings, and also suggest that in this instance and with this particular dataset, one 

of the simplest classifiers is also one of the best. 
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In regards to why random forest performed better than CART, Breiman and 

Cutler (2004) offer a possible explanation. They state that one of the strengths of the 

random forest algorithm is that unlike other decision tree algorithms (CART included), it 

does not overfit data. Segal (2004) challenges this contention, demonstrating that for 

some data distributions, fully grown unpruned trees do not perform as well as trees with a 

fewer number of data splits. Segal’s finding suggests that a complete understanding of 

random forest classifier parameters is necessary to optimally implement the algorithm.       

Breiman and Cutler also state that in instances where decision boundaries are 

linear, random forest is better equipped to approximate the boundaries. On their website 

Breiman and Cutler (2004) illustrate how other decision trees poorly approximate linear 

decision boundaries (at best, in a “stair-stepped” fashion), while random forest can better 

approximate straight linear boundaries. One way of testing this would be to model the 

decision boundaries of my data in either Matlab or R – a step that would likely provide 

insight into observed classifier performance.  

5.3 Accuracy and Applicability 

The accuracy levels obtained during classification were lower than I hoped for ( I 

hoped for a best result between 85-90%), however, they were within the range that I 

expected, given 1) the low spectral separability figures that I noted between the two 

species (as expressed by the J-M distance value of 0.5671 for bands 1-4), and 2) the 

relationship between mamane crown size and the spatial resolution of the IKONOS 

imagery. According to Seto et al. (2004), most land cover classifications have overall 

accuracies of 75% to 95% (p. 4311). With that in mind, it is important to note that the 
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classification accuracy that is needed for management purposes will depend upon the 

specific aims of the study. 

I anticipate that as high-spatial resolution imagery becomes more affordable and 

easier to procure, future analysts will be able to substantially improve upon my best result 

of 80.57%. Hyperspectral imagery will likely be of more use to scientists studying long-

term mamane and naio distribution than will multispectral imagery, due to the much 

greater potential of hyperspectral sensors to detect small wavelengths at which the two 

species are separable. At the very least, I hope that this study will be useful for informing 

future studies by providing a baseline for comparison – allowing researchers to compare 

and contrast results obtained by different levels of imaging technology. 

5.4 Spatial and Spectral Resolution Constraints 
 

In any remote sensing investigation attention must be given to scale and 

resolution. In instances where spatial resolution is too low, it becomes difficult to 

differentiate between classes; in instances where the resolution is too high, variability 

within classes rises and mixed pixels begin to predominate. The ratio of object size to 

spatial resolution thus becomes a determining factor in the separability of classes during 

the classification process.  

High spatial resolution imagery often contains pixels that include elements other 

than the canopy (e.g. undergrowth, soil, shadow, and etc.). There is much debate 

regarding the optimal spatial resolution for classification tasks. In instances of tree 

species identification, the optimal size will be dependent upon the size range of tree 

crowns as well as the size and distribution of stands (Nagendra 2001, 2378-2380). In their 

1996 study, O’Neill, Hunsaker, Timmins, Jackson, Jones, Riitters, and Wickham suggest 
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that for mapping, pixel size should be approximately 2-5 times smaller than the object(s) 

of study. 

Under the criteria set forth by O’Neill et al. (1996), this study’s ratio of pixel size 

to object size is less than ideal. Based on random sampling of 20 naio and 20 mamane 

trees from my dataset, I calculated average mamane crown diameter as approximately 7 

meters, and the average naio crown diameter as approximately 12 meters. The ratio of 

naio crown size is within the suggested range of 2-5 times larger than the original pixel 

size (4 meters before image-to-image registration), however, mamane crown size is less 

than double the pixel size of IKONOS, thereby increasing the predominance of mixed 

pixels. Spectral unmixing and object-oriented classification are two ways of dealing with 

mixed pixels. In my study I decided not to investigate either of them because of 1) the 

site-wide predominance of mixed mamane/naio trees, and 2) the difficulty of collecting 

pure spectral endmembers for mamane (as a result of their open canopy and small size in 

relation to pixel size) One should note that spectral unmixing does not perform as well 

with most multispectral datasets as it does with hyperspectral data, due to limited spectral 

differentiation with the small numbers of bands used. 

When I applied for data in 2009, IKONOS was the highest spatial resolution 

satellite imagery available that covered my entire study area. Today the GeoEye 

Foundation has 1.65-meter data available for my region. GeoEye-1 collected this data on 

November 23rd, 2009 with 0% cloud cover. Future studies would benefit by 

implementing this data and contrasting the classification performance of GeoEye-1 (1.65 

meters) against that of IKONOS (4 meters).    
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A problem that remains unresolved is the relatively low spectral separability of 

mamane and naio. I hypothesize that the low level of overall accuracy (as compared to 

the range of 75-95% given by Seto et al. (2004)), achieved by preliminary supervised 

classification is due, in part, to a high degree of within species spectral variation and a 

large degree of overlap in spectral range across the two species. Jeffries-Matusita 

distance calculations (Ferro & Warner, 2002) conducted in ENVI with the four initial 

bands confirmed low spectral separability between mamane and naio, returning a value of 

0.5761 (see Table B11 in Appendix B). The Jeffries-Matusita distance (J-M distance) 

equation provides insight on class separability for different combinations of spectral 

bands.  J-M distance is measured along a scale of 0.0 - 2.0 with 2.0 representing full 

spectral separability, and 0 representing no spectral separability.  

A concurrent study is investigating the utility of hyperspectral data to spectrally 

separate and map the two species. Preliminary results indicate that linear discriminant 

analysis, in conjunction with hyperspectral imagery, may prove useful for separating two 

species that have a high degree of overlap in the relatively wide (compared to 

hyperspectral) wavelengths of the IKONOS bands. 

5.5 CART and Random Forest Implementation 

One factor that must be considered when evaluating the classification results of 

this study is the author’s incomplete implementation of CART and random forest in 

Matlab and WEKA. There are optional parameters in Matlab’s Classregtree function that 

I did not implement that could very well have increased the overall classification 

accuracy. Additionally, I could attempt to further modify my overall cross-validation 
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dataset by subdividing my training data into a separate validation set to find the best 

parameters for the CART classifier (as opposed to only having a training and testing set).  

Another way to further refine my study would be to implement random forest in 

Matlab, R, or another programming environment. WEKA benefits the user by providing a 

relatively transparent and easy-to-use workspace, however, there are several features of 

the random forest algorithm that WEKA’s designers did not implement in the version that 

I utilized. Version 3.6 does not include parameters for variable importance, proximities, 

interactions, scaling, and detecting outliers. Each of these parameters could potentially 

improve the performance of the classifier or enable me to better understand the structure 

of my data (Livingston, 2005; Pater, 2005). After implementation, I discovered an 

extended version of the random forest application that can be downloaded and applied in 

WEKA. This extension has all of the functionality of WEKA’s basic random forest 

application, and also allows for the display of individual trees and the calculation and 

display of variable importance. This extension could potentially lead to improved 

classification accuracy by enabling me to better visualize the computational process in 

WEKA. 

5.6 Radiometric Correction Implementation 

ENVI’s FLAASH atmospheric correction modeling tool represents a final 

possibility for improving upon the observed classification results. I attempted FLAASH 

correction during the radiometric correction process in April 2010, however, I observed 

negative RGB (red, green, and blue band) values associated with many of the pixels. 

Since this occurred time and time again, I decided to only utilize the radiometric 

correction tool approved by ITTVIS without conducting absolute correction in FLAASH. 
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After completing classification procedures, I found a potential solution to this problem in 

ENVI’s online help forum. In response to another user that experienced the same 

problem, ITTVIS moderators suggested utilizing the IKONOS radiometric correction tool 

in association with FLAASH – first utilizing the tool to convert the data into radiance, 

then entering associated wavelengths in the specific stacked header file, and finally using 

a scale factor of 10 in FLAASH. While I completed the first two steps, I did not adjust 

the scale factor by 10. According to ITTVIS, FLAASH is very sensitive to the scale 

factor utilized with input data. 

5.7 Related Studies 

Related forestry studies are currently underway utilizing newly available 

hyperspectral imagery, airborne lidar, and ground-based lidar data to map the distribution 

and structural properties of mamane and naio. The lidar studies will attempt to draw 

correlations between three-dimensional tree structure (height, crown size, branch 

structure, etc.), species, and palila nesting preference. It is hoped that the hyperspectral 

imagery will aid in the definition of additional means of spectral separability (via the 

inclusion of hundreds of very narrow bands). Biologists also hope that hyperspectral 

imagery will prove useful for delineating the mountain-wide extent of alien grasses. As 

discussed in Section 2.3.1, alien grasses suppress mamane germination and increase the 

already high regional fire hazard. While my field data has aided these studies by 

providing mamane and naio training data, researchers will need to conduct further trips to 

the site to collect additional mamane and naio training samples.  
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Appendix A – Site Photographs 
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Figure A1. The view from Pu‘u La‘au looking south to Pu‘u Ahumoa (foreground) and 
Mauna Loa (background). Approx. photo coordinates = 19.834028 by -155.594639  

 

 
Figure A2. The view from Pu‘u La‘au looking upslope and to the NE in the direction of the 
summit. To the left is the fenced boundary between Mauna Kea Forest Reserve (on the 
right), and Parker Ranch (on the left). Photo coordinates = 19.834028 by -155.594639  
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Figure A3. The view from Pu‘u La‘au looking north towards Kohala volcano. In the 
foreground is unhealthy mamane forest damaged by decades of ungulate grazing. Approx. 
photo coordinates = 19.834028 by -155.594639  

 

 
Figure A4. The view from Pu‘u La‘au looking downslope to the southwest. At the center of 
the photograph is the fenced boundary between the Ka‘ohe Game Management Area (on the 
left) and Parker Ranch lands (on the right). Approx. photo coordinates = 19.834028 by -
155.594639  
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Figure A5. Looking upslope and to the east from the far SE boundary of the masked study 
site off of R-13. Approx. photo coordinates = 19.803222 by – 155.571167  

 

 
Figure A6: Looking upslope and to the east off of R-14 access road. Approx. coordinates 
= 19.809056 by -155.582278  
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Figure A7. Looking upslope and NE toward the Mauna Kea summit from Saddle Road. 
Pu‘u o Kauha is to the right within the mixed forest.  

 

 
Figure A8: A large naio tree in the lower elevations by the study site. Photo coordinates ~ 
19.805936 by -155.620939  
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Figure A9. A naio tree in the mid-elevations within the mixed mamane-naio forest. Photo 
coordinates ~ 19.832331 by -155.593272  

 

 
Figure A10. Inter-growth of mamane (right) and naio (left) in a single stand in the mixed 
mamane-naio forest. Photo coordinates ~ 19.803621 by -155.566145  
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Figure A11. Inter-growth of mamane (right) and naio (left) in a single stand in the lower 
elevations (naio dominated). Photo coordinates = 19.806139 by -155.620556  

 
 

 
Figure A12. Mamane (left) and naio (right) growing next to one another in the mixed 
forest. Photo coordinates ~ 19.825472 by -155. 588667  
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Figure A13. Mamane tree in relatively open forest. Photo coordinates ~ 19.827556 by -
155.604222  

 

 
Figure A14. Mamane tree in mixed mamane-naio forest of the middle elevations. Photo 
coordinates = 19.827222 by -155.589972  
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Figure A15. Damaged fencing at the boundary between the Ka‘ohe 
GMA and the Mauna Kea Forest Reserve (19.809639 by – 
155.577528) 

 

 
Figure A16. The distinctive yellow blooms of a flowering 
mamane tree. Photo coordinates = 19.827556 by -155.604222  
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Appendix B: Confusion Matrices and Spectral 
Separability Measures 
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Overall Accuracy = (509/639)  79.6557%   
Kappa Coefficient = 0.5614   
   
                 Ground Truth (Percent)   
      Class         Mamane_test      Naio_test        Total   
 Unclassified         0.00                 0.00              0.00   
Mamane_train      65.87               11.37            32.86   
Naio_train [G       34.13               88.63            67.14   
        Total            100.00             100.00          100.00   
   
         Class       Commission     Omission          Commission            Omission   
                            (Percent)        (Percent)              (Pixels)                 (Pixels)   
Mamane_train        20.95             34.13                  44/210                 86/252   
Naio_train [G         20.05             11.37                  86/429                 44/387   
   
   
        Class        Prod. Acc.    User Acc.          Prod. Acc.           User Acc.   
                          (Percent)      (Percent)           (Pixels)               (Pixels)   
Mamane_train       65.87        79.05               166/252               166/210   
Naio_train [G        88.63        79.95               343/387               343/429   
 

Table B1. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 1 Fold 

 
 
Overall Accuracy = (354/503)  70.3777%   
Kappa Coefficient = 0.3589   
   
                       Ground Truth (Percent)   
     Class             Mamane_test       Naio_test        Total   
 Unclassified             0.00                   0.00            0.00   
Mamane_train          68.15                22.50           57.26   
Naio_train [G           31.85                77.50           42.74   
        Total               100.00               100.00         100.00   
   
        Class           Commission     Omission          Commission            Omission   
                               (Percent)        (Percent)              (Pixels)                 (Pixels)   
Mamane_train           9.38               31.85                  27/288                 122/383   
Naio_train [G          56.74               22.50                122/215                   27/120   
   
        Class           Prod. Acc.      User Acc.          Prod. Acc.           User Acc.   
                             (Percent)       (Percent)             (Pixels)               (Pixels)   
Mamane_train         68.15            90.63               261/383               261/288   
Naio_train [G          77.50            43.26                93/120                 93/215   
Table B2. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 2 Fold 
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Overall Accuracy = (346/443)  78.1038%   
Kappa Coefficient = 0.5797   
   
                        Ground Truth (Percent)   
     Class           Mamane_test       Naio_test        Total   
 Unclassified           0.00                  0.00             0.00   
Mamane_train        61.66                 0.00            35.21   
Naio_train [G         38.34              100.00           64.79   
        Total             100.00              100.00         100.00   
   
      Class        Commission       Omission          Commission            Omission   
                         (Percent)           (Percent)              (Pixels)                 (Pixels)   
Mamane_train      0.00                38.34                   0/156                    97/253   
Naio_train [G       33.80               0.00                   97/287                    0/190   
   
      Class            Prod. Acc.     User Acc.          Prod. Acc.           User Acc.   
                           (Percent)       (Percent)             (Pixels)                (Pixels)   
Mamane_train      61.66            100.00              156/253                156/156   
Naio_train [G      100.00            66.20               190/190                190/287   
 
Table B3. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 3 Fold 
 
 
Overall Accuracy = (510/610)  83.6066%   
Kappa Coefficient = 0.6519   
   
                            Ground Truth (Percent)   
     Class             Mamane_test        Naio_test        Total   
 Unclassified             0.00                  0.00              0.00   
Mamane_train          70.92                 7.52             33.61   
Naio_train [G           29.08                92.48            66.39   
        Total                100.00              100.00          100.00   
   
     Class           Commission     Omission          Commission            Omission   
                            (Percent)        (Percent)              (Pixels)                 (Pixels)   
Mamane_train         13.17            29.08                  27/205                  73/251   
Naio_train [G          18.02              7.52                  73/405                  27/359   
   
     Class               Prod. Acc.    User Acc.          Prod. Acc.           User Acc.   
                              (Percent)     (Percent)             (Pixels)                (Pixels)   
Mamane_train         70.92           86.83                178/251                178/205   
Naio_train [G          92.48           81.98                332/359                332/405   
Table B4. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 4 Fold 
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Overall Accuracy = (699/832)  84.0144%   
Kappa Coefficient = 0.6203   
   
                          Ground Truth (Percent)   
     Class           Mamane_test        Naio_test        Total   
 Unclassified          0.00                    0.00              0.00   
Mamane_train       71.88                 10.59             29.45   
Naio_train [G        28.13                 89.41             70.55   
     Total               100.00                100.00          100.00   
   
     Class          Commission     Omission          Commission            Omission   
                           (Percent)        (Percent)             (Pixels)                  (Pixels)   
Mamane_train       24.90             28.13                 61/245                   72/256   
Naio_train [G        12.27             10.59                 72/587                   61/576   
   
     Class             Prod. Acc.    User Acc.          Prod. Acc.           User Acc.   
                           (Percent)       (Percent)             (Pixels)               (Pixels)   
Mamane_train       71.88            75.10               184/256               184/245   
Naio_train [G        89.41            87.73               515/576               515/587   
Table B5. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 5 Fold 

 
 
Overall Accuracy = (417/579)  72.0207%   
Kappa Coefficient = 0.3843   
   
                            Ground Truth (Percent)   
     Class            Mamane_test       Naio_test        Total   
 Unclassified            0.00                  0.00              0.00   
Mamane_train         49.35                12.93            27.46   
Naio_train [G          50.65                87.07            72.54   
     Total                  100.00              100.00          100.00   
   
     Class            Commission     Omission          Commission            Omission   
                            (Percent)         (Percent)              (Pixels)                 (Pixels)   
Mamane_train       28.30               50.65                  45/159                 117/231   
Naio_train [G        27.86               12.93                 117/420                 45/348   
   
     Class             Prod. Acc.    User Acc.          Prod. Acc.           User Acc.   
                            (Percent)      (Percent)             (Pixels)               (Pixels)   
Mamane_train       49.35            71.70                114/231              114/159   
Naio_train [G        87.07            72.14                303/348              303/420   
Table B6. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 6 Fold 
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Overall Accuracy = (639/771)  82.8794%   
Kappa Coefficient = 0.6001   
   
                           Ground Truth (Percent)   
     Class          Mamane_test      Naio_test        Total   
 Unclassified           0.00                 0.00             0.00   
Mamane_train       61.31                5.23            25.16   
Naio_train [G        38.69               94.77           74.84   
     Total               100.00              100.00         100.00   
   
     Class                Commission     Omission          Commission            Omission   
                                 (Percent)        (Percent)               (Pixels)                (Pixels)   
Mamane_train            13.40              38.69                  26/194                 106/274   
Naio_train [G             18.37               5.23                  106/577                  26/497   
   
     Class               Prod. Acc.     User Acc.          Prod. Acc.           User Acc.   
                              (Percent)       (Percent)             (Pixels)               (Pixels)   
Mamane_train          61.31            86.60                168/274              168/194   
Naio_train [G           94.77            81.63                471/497              471/577   

Table B7. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 7 Fold 

 
 
Overall Accuracy = (359/412)  87.1359%   
Kappa Coefficient = 0.5388   
   
                      Ground Truth (Percent)   
    Class             Mamane_test       Naio_test        Total   
 Unclassified           0.00                    0.00             0.00   
Mamane_train        46.59                   1.85            11.41   
Naio_train [G         53.41                  98.15           88.59   
    Total                  100.00               100.00         100.00   
   
    Class              Commission      Omission           Commission            Omission   
                              (Percent)         (Percent)               (Pixels)                  (Pixels)   
Mamane_train         12.77               53.41                     6/47                      47/88   
Naio_train [G          12.88                1.85                    47/365                    6/324   
   
    Class                Prod. Acc.    User Acc.          Prod. Acc.           User Acc.   
                              (Percent)      (Percent)             (Pixels)               (Pixels)   
Mamane_train         46.59            87.23                  41/88                  41/47   
Naio_train [G          98.15            87.12                318/324              318/365   
Table B8. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 8 Fold 
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Overall Accuracy = (366/444)  82.4324%   
Kappa Coefficient = 0.6283   
   
                           Ground Truth (Percent)   
     Class            Mamane_test       Naio_test        Total   
 Unclassified            0.00                  0.00              0.00   
Mamane_train         76.07                 0.00             55.86   
Naio_train [G          23.93              100.00            44.14   
        Total              100.00              100.00          100.00   
   
     Class             Commission     Omission          Commission            Omission   
                              (Percent)        (Percent)              (Pixels)                 (Pixels)   
Mamane_train          0.00               23.93                  0/248                    78/326   
Naio_train [G           39.80              0.00                  78/196                    0/118   
   
     Class              Prod. Acc.      User Acc.          Prod. Acc.           User Acc.   
                             (Percent)        (Percent)             (Pixels)               (Pixels)   
Mamane_train         76.07            100.00               248/326              248/248   
Naio_train [G        100.00              60.20               118/118              118/196   
Table B9. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 9 Fold 
 
 
Overall Accuracy = (359/420)  85.4762%   
Kappa Coefficient = 0.6485   
   
                           Ground Truth (Percent)   
     Class             Mamane_test        Naio_test        Total   
 Unclassified             0.00                   0.00              0.00   
Mamane_train         74.19                   9.80             28.81   
Naio_train [G          25.81                  90.20            71.19   
     Total                  100.00               100.00           100.00   
   
     Class              Commission     Omission           Commission            Omission   
                               (Percent)         (Percent)              (Pixels)                 (Pixels)   
Mamane_train          23.97               25.81                  29/121                   32/124   
Naio_train [G           10.70                9.80                   32/299                   29/296   
   
     Class               Prod. Acc.      User Acc.          Prod. Acc.           User Acc.   
                              (Percent)        (Percent)             (Pixels)               (Pixels)   
Mamane_train          74.19             76.03                92/124                 92/121   
Naio_train [G           90.20             89.30               267/296               267/299   
Table B10. 5-band (B,G,R,NIR,SAVI) Confusion Matrix ~ 10 Fold 
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Mamane [Red] 4833 points:   
Naio [Green] 5881 points: (0.56711156,   0.61118573)   
   
Naio [Green] 5881 points:   
Mamane [Red] 4833 points: (0.56711156 0.61118573)   
   
Pair Separation (least to most);   
   
Mamane [Red] 4833 points and Naio [Green] 5881 points - 0.56711156   
Table B11. 4-band (B,G,R, NIR) Jeffries-Matusita distance and Transformed Divergence 
results 
 
 
Mamane [Red] 4833 points:   
 Naio [Green] 5881 points: (0.87573893,   1.10100814)   
   
Naio [Green] 5881 points:   
    Mamane [Red] 4833 points: (0.87573893 1.10100814)   
   
Pair Separation (least to most);   
   
Mamane [Red] 4833 points and Naio' [Green] 5881 points - 0.87573893   
 
Table B12. 5-band (B,G,R,NIR,SAVI) Jeffries-Matusita distance and Transformed 
Divergence results 
 
 
 

 
 
 
 

 

 

 

 

          

Figure B1: Equations for NDVI, SAVI, and SR indices (Note: ρred and ρNIR are the 
reflectance measurements for the NIR and red bands and L is a canopy adjustment factor) 

           NIR 
SR =   Red 
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Department of Land and Natural Resources 
Division of Forestry and Wildlife 

1151 Punchbowl St., Room 325 
Honolulu, HI 96813 

(808) 587-0063, (808) 587-0064 (Fax) 

 

 

Application for Research/T&E Collection/Access/Activity Permit 
 
Application Date:  2/11/10 
 
Name and Title of Principal Investigator or Coordinator: 
Ryan N. Riddle, Master of Arts Candidate 
 
Agency/Organization Supporting Activity: 
University of Hawaii - Geography Department 
 
Mailing Address: 
445 Saunders Hall   2424 Maile Way    Honolulu, HI 96822  
 
Telephone Number  (808) 956-3976 (office)            FAX   N/A             
             
             (907) 764-3366 (cellular - preferred)                            
 
E-mail address : ryanneriddle@hotmail.com  Local Contact  Oahu contact: Qi Chen  956-3524            
      OR  rriddle@hawaii.edu                      Big Island Advisory Contacts: Paul Banko  
                  (pbanko@usgs.gov) Chris Farmer   
                  (cfarmer@usgs.gov), and Kevin Brinck 
                  (kbrinck@usgs.gov) 
 
Type of Permit(s): NARS      T&E Species      Research      Landing        Access X 
Commercial Activity____ 
 
Statement of Proposed Activity (Attach study/activity plans and supplementary material 
as necessary).   
 
1) How will study/activity results benefit the area, resource, or management in the 

future? 
This study will contribute to existing and future initiatives by enabling biologists and other researchers to 
more accurately distinguish mamane, naio, mixed mamane/naio, and the distribution of grasses within 
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high-density palila critical habitat. Accurate detailed vegetation maps are a necessary component in 
understanding the existing distribution and composition of Mauna Kea’s mamane and mamane/naio forest 
– one step toward better understanding the forest resources necessary for the survival of the endangered 
palila.  
 
2) Study/activity objectives. 
The overall study will involve the utilization of a computer-based remote sensing program to conduct 
image processing techniques (image enhancement, image classification) on an IKONOS satellite image. 
Following image processing, the applicant will create a vegetation map for the distribution of mamane and 
naio over the region of greatest palila density on Mauna Kea’s southwestern slope. Over the course of the 
study various processing techniques and classification algorithms will be tested for effectiveness and 
accuracy. Before beginning image classification, it will be necessary to travel to Mauna Kea to conduct 
verification of vegetation types identified preliminarily by referencing a pre-existing Landsat classification 
map produced in 2000 and the input of USGS biologists. During the site visit the applicant proposes to 
conduct GPS readings for distinct stands of naio and mamane throughout the region of greatest palila 
density on Mauna Kea. This will involve taking GPS points/readings for approximately 50-100 naio trees 
in the mixed mamane/naio forest, and approximately 50 distinct stands of mamane both at lower, mid, and 
higher elevations in order to ensure that the pixels analyzed will be representative of mamane tree spectral 
values at all elevations in the region of interest. 
 
3) Specific study/activity location(s). Attach map if needed. 
Please see the attached USGS map for the specific study area. 
 
4) Mode of travel to study/activity site. 
The applicant plans to travel to the study site in a 4-wheel drive vehicle. The applicant will be advised on 
the passability and condition of specific internal roads by their Big Island contacts (see above). 
 
5) Duration of study/activity: 
 a.  Overall 
 Duration of field work in the Mauna Kea Forest Reserve: 3-4 days 
 
 b.  Dates for this request:  Start date: as soon as possible  End date:  3-4 days  
                                                                         from the start date 
 
6) How is the study/activity to be accomplished?  What are the methods to be used? 

Be specific in listing study/survey techniques and include efforts that will be 
taken to minimize effects on the resource and/or area. 

 Over the course of approximately 3-4 days, the applicant proposes to take GPS points/readings of 
distinct mamane and naio stands throughout the region of interest indicated on the attached map. The 
GPS unit that will be utilized will be sub-meter in accuracy. The unit will be handheld and no 
instruments will be erected or left in the field. 

 
7) Justification: 
 
 Why is the proposed study/activity important? 

The proposed study is important because it will add to the existing knowledge base on the distribution 
and abundance of forest resources that are critical to the survival of the avian species palila. 
Additionally, the study and resulting vegetation maps will provide a foundation for upcoming remote 
sensing studies on forest structure utilizing LIDAR technology. 

 
If work is in a Natural Area Reserve, can it be done elsewhere?  If so, justify use 
of  NARS. 



 126 

No, the proposed field work is not within the Mauna Kea Ice Age Natural Area Reserve.  
 
 How will the information learned be applied? 

The GPS points collected during the 3-4 day site visit will be used as ground-truth data to “train” or 
inform the classification algorithms that will be performed on the satellite imagery.   

 
 How will study/activity results be disseminated? 

The results will be shared with other researchers working on palila conservation efforts on the Big 
Island. The results will also be submitted to a remote sensing journal in the form of a scholarly article. 

 
 Will any specimens be collected? 
 If yes, state kind, quantities, storage methods, and ultimate disposition. 
      No – no specimens will be collected or removed from Mauna Kea Forest Reserve. 
 
8) Have any studies (in the case of research proposals) been made that are similar 

to the one proposed?  If yes, please cite. 
 The last remote sensing study addressing this question was conducted on Landsat imagery from the 

year 2000. The Landsat-based vegetation classification product was produced utilizing imagery with a 
spatial resolution of 30 meters (multispectral) and 15 meters (panchromatic). The IKONOS satellite 
from which I have obtained imagery provides a spatial resolution of 4 meters (multispectral) and 1 
meter (panchromatic). The spatial resolution provided by the IKONOS satellite should greatly improve 
upon the classification accuracy of the map as well as provide an updated picture of vegetation 
distribution and abundance since the last study. 

 
9) Who will participate in the study/activity (in the case of groups, list the leaders 

and/or responsible parties, or the principal permit holder who will carry overall 
responsibility)? 

 
 The field study will only involve one researcher – the applicant. 
 
 Principal Coordinator   Ryan Nichole Riddle 
     (As appears on Drivers License) 
 
 Title:  Master of Arts Candidate, University of Hawaii - Geography Department 
  
      Background/Qualifications: 

The applicant has an academic background in the fields of remote sensing, geographic information 
systems, and physical geography. The applicant possesses a Bachelor of Arts degree in history with a 
minor in geology from the University of Alaska at Anchorage.  

 
 Assistant:    N/A     Assistant:      N/A 
   (As appears on Drivers License)   (As appears on Drivers License) 
 
 Title:      Title:   __________________ 
 
 Background/Qualifications:   Background/Qualifications: 
 
 Assistant:      N/A                 Assistant:       N/A_________ 
   (As appears on Drivers License)   (As appears on Drivers License) 
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 Title:      Title:   ___________________ 
 
 
       Background/Qualifications:   Background/Qualifications: 
 

[Please list all other personnel top be covered by this request on a separate sheet] 
 

10) Will your research/activity require camping or night work?  If yes, please 
describe specific locations, duration and dates. 

   No. 
 

11) Will your research/activity involve the use of aircraft in any way?  If yes, 
please describe specific locations, frequency of use and dates. 

       No. 
 

12) Will your research/activity involve the use of firearms?  If yes, describe 
locations, frequency of use, safeguard to be employed, etc. 

  No. 
 
 13) Will your research/activity require structures/equipment to be left in the 

field?  If so, when will they be removed? 
  No. 
 

13) Will permits from other agencies be required for your study/activity?  If yes, 
please list agencies. 

       No. 
  

14) What is the expected report date for your findings (in the case of research or 
commercial photographs)? 

  The expected report date for my findings is the summer of 2010. 
 

15) What information will be made available to the Department of Land & 
Natural Resources?                          
The applicant is willing to make their results available to DLNR if so desired. 

 
 16) Is this application part of graduate studies?  If so, please include the name 

and affiliation of your major professor/advisor and his/her signature. 
  Yes – the names, affiliations, and signatures are provided below. 
 
 

Ryan Riddle, Master of Arts Candidate, UH Geography Department 
            
                                                        ____________________ 

Applicant’s Signature 
 
 Qi Chen, Assistant Professor, UH Geography Department, Remote Sensing Specialist 
 
                                                        ____________________ 

Advisor’s Signature 
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Completed Research and Access Permit for DOFAW 
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Appendix D – Matlab CART Code
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clear all; close all; clc 
  
fidoutput=fopen('CrossValidationResult.txt','w'); 
fprintf(fidoutput,'%s,%s,%s,%s\n','folder_number','nTestingPixels','nAgreedPixels','Accu
racy(%)'); 
bestLevel_list=NaN(10,1); 
 
for num = 1:10 
    num = 2 
fid1=fopen(strcat('SAVI 10-
fold\',num2str(num),'fold\SAVI_Mamane_training_',num2str(num),'fold.csv'),'r'); 
fid2=fopen(strcat('SAVI 10-
fold\',num2str(num),'fold\SAVI_Naio_training_',num2str(num),'fold.csv'),'r'); 
fid3=fopen(strcat('SAVI 10-
fold\',num2str(num),'fold\SAVI_Mamane_testing_',num2str(num),'fold.csv'),'r'); 
fid4=fopen(strcat('SAVI 10-
fold\',num2str(num),'fold\SAVI_Naio_testing_',num2str(num),'fold.csv'),'r'); 
  
Mamane = 
textscan(fid1,'%d%d%d%d%d%f%f%f%f%f%f%f','headerlines',1,'delimiter',','); 
Naio = textscan(fid2,'%d%d%d%d%d%f%f%f%f%f%f%f','headerlines',1,'delimiter',','); 
Mamane_testing = 
textscan(fid3,'%d%d%d%d%d%f%f%f%f%f%f%f','headerlines',1,'delimiter',','); 
Naio_testing = 
textscan(fid4,'%d%d%d%d%d%f%f%f%f%f%f%f','headerlines',1,'delimiter',','); 
  
nMamanePixels=length(Mamane{1}); 
nNaioPixels=length(Naio{1}); 
 
nMamanePixels_testing=length(Mamane_testing{1}); 
nNaioPixels_testing=length(Naio_testing{1}); 
  
SAVI_Mamane=NaN(nMamanePixels,5); 
SAVI_Naio=NaN(nNaioPixels,5); 
  
SAVI_Mamane_testing=NaN(nMamanePixels_testing,5); 
SAVI_Naio_testing=NaN(nNaioPixels_testing,5); 
  
for i=1:5 
    SAVI_Mamane(:,i)=Mamane{i+7}; 
    SAVI_Naio(:,i)=Naio{i+7}; 
    SAVI_Mamane_testing(:,i)=Mamane_testing{i+7}; 
    SAVI_Naio_testing(:,i)=Naio_testing{i+7}; 
end 
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trainingPixels = [SAVI_Mamane;SAVI_Naio];  
testingPixels = [SAVI_Mamane_testing;SAVI_Naio_testing];  
 
nTrainingPixels = length(SAVI_Mamane) + length(SAVI_Naio); nTestingPixels = 
length(SAVI_Mamane_testing) + length(SAVI_Naio_testing);  
trainingClasses = cell(nTrainingPixels,1);  
testingClasses = cell(nTestingPixels,1);  
 
for i = 1:nMamanePixels  
    trainingClasses{i} = 'mamane'; 
end; 
for i = (nMamanePixels+1):(nTrainingPixels) 
    trainingClasses{i} = 'naio'; 
end 
for i = 1:nMamanePixels_testing  
    testingClasses{i} = 'mamane'; 
end; 
for i = (nMamanePixels_testing+1):(nTestingPixels) 
    testingClasses{i} = 'naio'; 
end 
  
t = classregtree(trainingPixels,trainingClasses,'names',{'b1' 'b2' 'b3' 'b4' 'b5'}); 
 
[cost,stdErrCost,nOfTerminalNodes,bestLevel] = test(t,'cross',... 
    trainingPixels,trainingClasses);  
 
[mincost,minloc] = min(cost); 
plot(nOfTerminalNodes,cost,'b-o',... 
     nOfTerminalNodes(bestLevel+1),cost(bestLevel+1),'bs',... 
     nOfTerminalNodes,(mincost+stdErrCost(minloc))*ones(size(nOfTerminalNodes)),'k--
') 
xlabel('Tree size (number of terminal nodes)') 
ylabel('Cost') 
  
for bestLevel = 20:30 
 
bestLevel 
bestLevel_list(num,1)=bestLevel;  
tmin = prune(t,'level',bestLevel);  
h=view(tmin);  
yfit = eval(tmin,testingPixels); 
sum(strcmp(yfit,testingClasses))/length(yfit) 
pause 
close(h) 
end 
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predicted_c=tmin(testingPixels); 
match_matrix=zeros(nTestingPixels,1); 
 
match_matrix(strcmp(testingClasses,predicted_c))=1; 
agreedPixels=0; 
for i=1:nTestingPixels 
    if match_matrix(i)>0 
        agreedPixels=agreedPixels+1; 
    end 
end 
  
accuracy=agreedPixels/nTestingPixels*100; 
  
fprintf(fidoutput,'%d,%d,%d,%f\n',num,nTestingPixels,agreedPixels,accuracy); 
  
end 
  
fclose(fid1); 
fclose(fid2); 
fclose(fid3); 
fclose(fid4); 
fclose(fidoutput); 
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