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ABSTRACT 

 

 

REMOTE SENSING OF TROPICAL FOREST TREE SPECIES 

COMPOSITION IN PAPUA NEW GUINEA USING 

MULTI-BAND SPECTRAL ANALYSIS 

by 

Jordan E. Stambaugh 

Master of Science in Environmental Science 

California State University, Chico 

Fall 2016 

 

 The rapid decline of rainforests due to human activities was the motivation for 

this study, which hopes to bring attention to a patch of rainforest in Papua New Guinea 

(home to some of the most pristine forests in the world). I utilized remote sensing to 

supplement previous field surveys in an attempt to classify parts of the caldera 

surrounding Lake Hargy (New Britain, Papua New Guinea) that were not surveyed. Five 

classification techniques were used, and spectral angle mapper (SAM) was found to be 

most effective due to the small size of the training samples, followed by ISODATA and 

decision trees (DTs). The other two classification techniques worked either improperly or 

not at all.  

Classification varied by image, which I attributed to seasonal changes in 

vegetation morphology in the area. In future studies, I hope to use higher resolution 



 ix 

imagery to do a more detailed and consistent classification, as well as more (and larger) 

sample sites to increase accuracy. This will allow me to use other techniques within 

ArcMap and ENVI that were discussed but never used. 
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CHAPTER I 

INTRODUCTION 

The loss of the tropical rainforests has accelerated greatly since the end of World 

War II due to the intensification of agriculture and other land use changes (Rudel et al., 

2009). This was initially done by small, independent operations, although they did have 

assistance from the government, who built roads into forests that were previously 

inaccessible). Since 1985, Deforestation has been predominantly done by large corporations, 

and this trend continues today. Using Geist and Lambin’s (2002) meta-analytic method, 268 

papers written between 1975 and 2002 were reviewed, and 227 of these papers found 

evidence of net deforestation, more than half of which (60.6%) has occurred in Brazil and 

Indonesia since the turn of the millennium. The Community Climate System Model (CCSM) 

revealed that what was once a combination of broadleaf evergreen and deciduous tropical 

trees in one of their surveyed patches had become a giant patch of grass over the course of 

five decades (Gotangco-Castillo et al., 2012).  

Remote sensing can do this because it is able to distinguish between species and 

map their distribution, thus producing a map of the entire area instead of mapping a small 

portion of an area. Compared to surveying on the ground, it is less expensive and labor-

intensive, and it can be carried out in a shorter time frame (Atkinson et al., 2007). In 

addition, Palmer et al. (2002) believed ground surveys to be unsuitable for analyses 

conducted at larger scales, so they used spectral imagery to measure species richness.  
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Remote sensing technology is able to measure across a spatial scale that would be impossible 

do with field surveys alone (Warren et al., 2014). They went on to discuss MacArthur and 

MacArthur’s (1961) habitat heterogeneity hypothesis (HHH) and spectral variation 

hypothesis (SVH) proposed by Palmer et al. (2000) -- the latter states that spectral 

heterogeneity means biodiversity. The only major difference is that their study was 

conducted in the Grafenwöhr Training Area, Germany, but otherwise it was quite similar. 

They used four bands from the IKONOS satellite, each of which corresponds to a different 

wavelength in the visible region (or just outside of it) of the electromagnetic spectrum. 2048 

band values were possible, and these authors assumed every individual band on the spectrum 

was a distinct species (if NDVI ≤ 0, then that area has no vegetation). Spectral diversity was 

the better predictor of plant species richness than habitat heterogeneity. 

Based on previous studies (Bartalev et al., 2003; Deng et al., 2003; Thomas et al., 

2003; Vieira et al., 2003), Aplin (2005) came to the conclusion that remote sensing can 

distinguish between habitats by distinguishing between individual vegetation types, as well 

as monitor how the habitat range and composition has changed (Garson and Lacaze, 2003; 

Lu et al., 2003; Symeonakis and Drake, 2004; Coppin et al., 2004). It can also be used to 

understand how an ecosystem functions and allows for us to analyze how human progress 

affects the natural world (Navalgund, 2007). For example, Junge et al. (2010) used remote 

sensing to measure how much cropland area had increased over the years in Nigeria and 

Benin (and which crops specifically), something that has become a major environmental 

issue in that part of the world. Having been previously applied to monitoring cropland, 

perhaps its use could be extended to tropical forests. 
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According to the Convention on Biological Diversity, remote sensing can show 

whether or not a protected area is truly being protected, although the spatial resolution may 

need to be higher and there may be spatial inaccuracies (Nagendra et al., 2013). The use of 

remote sensing in conservation, however, has been limited in tropical countries because of 

the technical knowledge required to use it. Nagendra and Gadgil, (1999) found that nearly 

every study up to the turn of the millennium that used remote sensing technology to study 

forests did so in the United States, Europe and Australia, whose tree species distribution is 

fairly homogenous (Ghiyamat and Shafri, 2010). Due to the high rate of deforestation in 

tropical rainforests, study is a necessity, but taking the same techniques and applying them to 

a rainforest will probably be more complicated, especially taking into account structural 

differences between temperate and tropical forests. The objective was to create a map of 

forest types surrounding Lake Hargy by creating a classification scheme was able to compare 

the results of each classification to conclude which remote sensing option is most suitable for 

a complex region like the rainforest. 
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CHAPTER II 

LITERATURE REVIEW 

Evidence for the existence of rapid deforestation is available, as well as evidence 

for consequences resulting from rapid deforestation. In addition to their own project, 

Gotangco-Castillo et al. (2012) cited previous studies (Schaeffer et al., 2006; Gibbard et al., 

2005; Govindasamy et al., 2001) that global warming results when plantations replace native 

rainforests. They then mention the CLM3.5-DGVM model put forth by Oleson et al. (2007) 

as having shown that deforestation reduces the rate of canopy transpiration (in W m
-2

). 

Additionally, these authors cited further studies (Bala et al., 2007; Gibbard et al., 2005; 

Snyder et al., 2004; Claussen et al., 2001; Zhang et al., 2001; Henderson-Sellers et al., 1993) 

that indicate surface temperatures will increase and less clouds will form, resulting in less 

precipitation. 

Biofuel has been proposed as an alternative to the excessive amount of climate-

altering carbon being released into the atmosphere, but in reality it is not carbon-neutral. A 

study by Danielsen et al., 2009 found that creating palm oil plantations (including the 

numerous plantations that have appeared in Indonesia and Malaysia in recent times) to 

produce it results in the destruction of more rainforests, which releases even more carbon 

dioxide into the atmosphere. Their analysis estimated it would take 75 – 93 years to 

neutralize the carbon that was released into the atmosphere by burning down rainforests and 

replacing them with palm oil plantations. Instead, rainforests should be left intact and a way  
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of monitoring them needs to be put into effect (that includes monitoring the rate of 

deforestation).  

We could only look at small portions of a landscape before with studies on the 

ground, but remote sensing allows us to learn how an ecosystem as a whole operates (Aplin, 

2005). As spatial resolution improves, so does the accuracy with which a landscape is 

monitored. Possible uses of this newfound knowledge are seeing whether or not a forest has 

gotten smaller and monitoring the spread of disease or harmful pollution. Remote sensing 

can be used for managing our planet as the demands of humanity increase. Among these uses 

are making agriculture more “sustainable” and gaining the ability to understand how an 

ecosystem functions. Current applications include figuring out how much rice is produced 

during the monsoon season, monitoring soil fertility, covering fields with more high yielding 

varieties (plants that produce more of whatever we eat off of them) and creating a map of 

crop coverage on the field. 

In the remote sensing study of Stabach et al. (2009), the term “forest type” 

referred to forests dominated by one of three species (Dacrydium nidulum, Caldcluvia 

nymanii or Northofagus starkenborghiorum), with plots not dominated by one of these three 

being classified as “other.” Difficulties listed by them when classifying mountain forests 

include cloud cover, rough terrain creating shadows and so many species that it becomes 

difficult to tell them apart with single bands (they may even occupy different portions of the 

canopy). Landsat 7 ETM+ and SPOT 4 were the satellites used (successfully) for the study, 

with classification accuracy being 69% for the former and 72.4% for the latter. According to 

Trichon et al. (1999), these satellites owe their successful application to the mid-infrared 

spectral bands at 1.58 – 1.75 mm (band 5) and 2.08 – 2.35 mm (band 7) aboard Landsat. 
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Sader et al. (1990) and Foody and Hill (1996) believe the Landsat imagery to not be as 

vulnerable to interference from the atmosphere and are therefore good for mapping 

rainforests. Using a combination of supervised and unsupervised classification (with 50 

classes) within ISODATA and area of interest (AOI) polygons, Stabach et al. (2009) found 

that 14.3% of the forest dominated by Dacrydium nidulum and 87.9% of the forest 

dominated by Northofagus starkenborghiorum reported correctly. Unsupervised 

classification revealed between 6 – 35 forests found within the patches dominated by one of 

the three species. They would have rather used hyperspectral QuickBird-2 or IKONOS 

imagery, and they found spatial heterogeneity to be a problem when using Landsat and 

SPOT imagery. Another issue with the Stabach et al. (2009) study is that they only used 

imagery from a single date (8 September 2000) with GRPs from July 1 – August 12, 2004.  

Remotely sensed data encompasses extent and grain, the former referring to the 

size of the study area and the latter to the size of an individual pixel on a digital map in 

relation to the study area. Clark et al. (2005) describes Landsat TM and SPOT as having 10 – 

30 m spatial resolution, meaning each pixel on an image (the grain) represents 10 – 30 m
2
, 

although instruments with higher resolution (1 – 4 m) than this have been developed (such as 

IKONOS, QuickBird and OrbView-3) (Nagendra et al., 2013). There exists multispectral (≤ 

10 bands) and hyperspectral (> 200 bands) remote sensing (Kozoderov and Dmitriev, 2011). 

Goodenough et al. (2003) believe that hyperspectral remote sensing (AVIRIS and Hyperion) 

can more accurately identify forest species, which Pearlman et al. (2003) finds especially 

true with a high signal-to-noise ratio (Ghiyamat and Shafri, 2010). Schowengerdt (1997) 

defined signal-to-noise ratio as a mathematical value of the variance (σ2
) in signal divided by 

the variance in noise (anything that could potentially interfere with the satellite reading, such 
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as soil or the atmosphere) (Ji et al., 2014). Price (1994) acknowledges the issue of 

confounding variables in multispectral remote sensing (Landsat ETM+), meaning that 

members of the same species can exhibit differences in spectral reading due to factors such 

as humidity and sunlight (Ghiyamat and Shafri, 2010). They claimed that species 

discrimination cannot be done with pine trees in multispectral sensing (like Landsat ETM+) 

because it scatters the incoming radiation. In addition to humidity and sunlight, branches, 

bark and soil can change the signal (Verbyla, 1995, Atkinson et al., 1997, Gong et al., 1997). 

The studies by Clark et al. (2005) and Zhang et al. (2006) were the first known uses of 

distinguishing between tree species using hyperspectral remote sensing, although there was 

difficulty in doing this because the leaves of the same tree species can give off several 

spectral readings based on factors that include herbivory and the amount of chlorophyll 

present. They corrected for this by looking at the crown-spectra scale, in which they took the 

spectral readings of tree crowns and took the first derivative of each to see if it would result 

in less variation. 

Active remote sensing (like that of the synthetic aperture radar (SAR) on the 

TerraSAR and Tandem-X satellites) removes the problem of topographic effects (Morel et 

al., 2011). In contrast to passive remote sensing, in which the sensor must rely on light 

emitted by the sun or other source of electromagnetic energy for illumination, active remote 

sensing is when the sensor has an energy source of its own (Li et al., 2016). SAR occurs 

between 1 – 150 cm, and its value is given as a unit-less scattering coefficient (µ
0
), which is 

created by horizontal (H) and vertical (V) transmissions from the ground. Hosseini et al. 

(2015) used SAR for determining leaf area index (LAI). Unlike C-band (~5.5 cm), the L-

band (~20 cm) wavelengths can, according to Ulaby et al., 1986, yield information from 

http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0034425715301255?np=y#bb0210
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under the crop canopy (Hosseini et al., 2015). RADARSAT-2 carried the C-band SAR and 

UAVSAR carried the L-band SAR. Each polarization (or combination thereof) yielded a 

different correlation coefficient for corn and soybeans (the polarizations were HH-VV, HH-

HV and HH-VV-HV). HH and VV are “like-polarized” transmissions and HV is a “cross-

polarized” transmission. Mitchell et al. (2014) combined various SAR bands together to 

successfully better their wetland classification, namely the L- (ALOS PALSAR) and X-band 

(TerraSAR-X), and a study by Hoekman (2012) before them combined the C- 

(RADARSAT-2 Wide Beam) and L-bands (ALOS PALSAR Fine Beam Dual polarization) 

for distinguishing biomass both between forests and within forests in Mawas, Indonesia. It 

has even been used before to track illegal logging in Indonesia (Hoekman et al., 2012). 

I did not have the opportunity to experiment with hyperspectral imagery because 

none was available for the study. Aslan et al. (2016) stated that hyperspectral imagery is not 

widely available and does not cover all areas of the planet. Instead, I used multispectral 

Landsat imagery. Nagendra et al. (2013) believe that neither the Moderate Resolution 

Imaging Spectroradiometer (MODIS) nor the high-resolution (4 m) IKONOS are efficient; 

the former because it has too coarse a spatial resolution to be useful in measuring 

biodiversity and the latter (which includes the GeoEye and QuickBird satellites) because it 

lacks the shortwave infrared (SWIR) and thermal infrared bands (which are crucial to forest 

mapping). This is likely the reason why Thenkabail et al. (2004) from Ghiyamat and Shafri’s 

(2010)  review paper do not believe that IKONOS works well with rainforest analysis, given 

the fact that that visible bands only cover a narrow portion of the electromagnetic spectrum 

(values courtesy of Warren et al., 2014): 

 

http://www.sciencedirect.com/science/article/pii/S0034425714001539#bb0085
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 Blue (0.45 – 0.53 µm) 

 Green (0.52 – 0.61 µm) 

 Red (0.64 – 0.72 µm) 

 NIR (0.77 – 0.88 µm) 

Landsat satellites were used successfully in studying African dry forests (Mayes et al., 2015) 

in an area that had previously used imagery from MODIS, which only has a 250 m spatial 

resolution and was found to have classified portions of the study area inaccurately. In 

response, Mayes et al. (2015) performed a second study with Landsat ETM+ (whose spatial 

resolution is much higher than that of MODIS, but still not as high as that of AVIRIS) in the 

Miombo Woodlands in Tanzania. The classes were established with the ISODATA classifier 

in ENVI 5.1 (Exelis), and landscape data was created based on the classification. Besides 

forest and non-forest, the other two land cover classes were agriculture and mbuga 

(grassland). The endmembers in this study were vegetation, substrate, non-photosynthetic 

vegetation (NPV), and an additional synthetic shade endmember was added at the advice of 

Adams and Gillespie (2006) for shading or burnt materials. Forested areas had higher 

vegetation fractions (by 0.10 – 0.15) and lower NPV fractions (by 0.07 – 0.14). Enhanced 

vegetation index (EVI) was different for forests between the dry and wet season. 

Potential classification techniques are the spectral angle mapper (SAM), 

maximum likelihood classification (MLC), support vector machine (SVM) and decision trees 

(DT). SVM was used by Pouteau (2011) to map an invasive species in Tahiti, and Castro-

Esau et al. (2004) used both DTs in combination with a technique called k-nearest neighbor 

(KNN) for mapping out lianas in Panama with the hyperspectral EO-1 Hyperion sensor. 
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According to Harris Geospatial Solutions, the basic purpose of SVM is to plot all pixel 

values on a grid with lines separating them into classes, and each pixel will be classified 

depending on the side of the vector on which they occur (and what class that side of the 

vector represents).  
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CHAPTER III 

METHODOLOGY 

Papua New Guinea borders Indonesia to the east, and it is home to some of the 

most pristine forests on the planet. There were over 25 million hectares of unlogged forest in 

the country in 2002 (Bryan et al., 2010). Saulei (1990) estimated the country to be about 

70% forested and attributes this relatively high percentage to the mountainous terrain making 

it difficult for infrastructure to be set up in that region, and Conway (1997) mentions that 

portions of the country can only be reached on foot or by small planes (Stabach et al., 2009). 

However, deforestation in Papua New Guinea is still occurring, despite these positive claims. 

In fact, Shearman et al. (2009) estimate the deforestation rate at the time their study was 

written to be approximately 1.4% per year, meaning that even these forests will be gone in 

less than 100 years (Bryan et al., 2010). Aslan et al. (2016) were unable to tell when the dry 

and wet season occur in the neighboring Indonesia, but they cite Pouwer (1970) as detecting 

a spike in rain between June and mid-September as a result of monsoons. The caldera that 

surrounds Lake Hargy is described as a “largely undisturbed montane, tropical forest 

ecosystem with significant biological conservation value of both flora and fauna” by the 

subpage on California State University, Chico’s website outlining our project, and this forest 

is being studied in order to have this area set aside as a special conservation area. Figure 1 

shows the complete process of how the experiment was conducted and will be detailed 

throughout. 
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Figure 1. A flowchart describing how the experiment was conducted, with the final 

three classifications being highlighted in blue. 

    Two other classifications were planned but did not work properly due to the small 

size of the study sites relative to the spatial scale. Also, combining the calibrated image 

in ENVI with the hillshade map created in ArcMap using the Raster Calculator in 

ArcToolbox would have been optimal, but it had to be abandoned because of the 

coarse spatial resolution of the hillshade map, which produced an output image with 

coarse spatial resolution. 

 

I used ArcMap (a product of Esri) and ENVI (a product of Exelis Inc.) for 

classification. I used Landsat imagery in the study, which is more convenient than higher 

resolution instruments such as GeoEye and QuickBird because its imagery is more easily 

accessible, and because Yu et al. (2015) believe it to be an optimal ratio of spatial resolution 
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to geographical coverage. However, they noted that 30 m spatial resolution is not as fine as 

some other available satellite technologies, which can lead to classification inaccuracies. 

They noted that some years are poorly represented due to technical issues at the time and 

that, according to an earlier study they cited from Tropek et al. (2014), a majority of images 

in the USGS Landsat archive are of the Americas and Australia. Fortunately, the neighboring 

country of Indonesia is in the archive and tropical forest ecoregions had a relatively high 

accuracy (80%), although it was compromised by cloud cover, so they suggested using 

multi-seasonal maps.  

I was originally going to use a single image taken from Landsat 7 ETM+, but the 

quality of its imagery has been compromised due to a malfunction aboard the satellite on 

September 5, 2003. Although Zhu and Liu (2014) mention an algorithm called the 

geostatistical neighborhood similar pixel interpolator (GNSPI) that can predict the pixel 

values in the empty black lines that appear in Landsat 7 ETM+ images taken after September 

5, 2003, I was not able to locate this algorithm online (the link provided by them was 

invalid), so I scrapped the Landsat 7 ETM+ image entirely. It was replaced by several 

images acquired from Landsat 8 (formerly known as the Landsat Data Continuity Mission). I 

collected such imagery from various days between 2014 and 2015, but (as would be 

expected given the weather patterns in the tropics) many images were unusable due to dense 

cloud cover. Five Landsat 8 images were used courtesy of USGS EarthExplorer: 

 September 6, 2013 

 July 7, 2014 

 March 20, 2015 
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 July 10, 2015 

 October 14, 2015 

The individual bands of imagery were transformed into a composite image, 

(Figure 2) but the sixth band was not included when creating each composite image because 

its spatial resolution is coarser (90 m vs. 30 m). The image was then clipped in order to 

reduce processing time and increase classification accuracy. The band combinations could be 

customized to natural color or infrared depending on the analysis. I performed ratio band 

combinations because they proved useful in a study by Trisurat et al. (2000) in their study of 

Khao Yai National Park by greatly improving their accuracy for both supervised and 

unsupervised classification, which was 65% for unsupervised classification and 79% for 

supervised (compared to 56% for both classifications when using only single bands for their 

band combination). They attributed the improved accuracy from using ratio bands to their 

ability to eliminate the effects of shadows. Among their vegetation classes were dry 

evergreen forest, tropical rainforest and old secondary growth or disturbed forest and 

grassland. They performed supervised and unsupervised classification, but the latter 

classified dry evergreen and old secondary as being the same. Bodart et al. (2011) discussed 

radiometric calibration and haze correction, which they believe is necessary before 

supervised classification can be done, so I used the former within ENVI, and it helped 

brighten up the images and corrected our vegetation index (VI) values for the images 

(especially the July 7, 2014 image).  

Zhu and Liu (2014) believed that the inclusion of topographic information would 

allow for better forest classification based on prior studies (Dorren et al., 2003 and Strahler 

et al., 1978), which can be obtained from a digital elevation model (DEM). I used one for  

http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0924271614001671#b0065
http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0924271614001671#b0290
http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0924271614001671#b0290
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Figure 2. The original “natural color” image from September 6, 2013. 

 

New Britain, which was pieced together with the Mosaic to New Raster function in 

ArcToolbox. This allowed me to finally obtain a map of aspect and hillshade for the study 

sites, which could potentially overcome confounding variables, such as shadows created by 

the rough terrain. When determining hillshade, the azimuth was 315, the altitude was 45 and 

I accepted a default Z-Factor of 1. I successfully used the Raster Calculator in ArcMap to 

combine the hillshade map with each individual spectral band, all of which were then 

combined into a single composite image whose band combinations could be altered like 

regular Landsat imagery. The hillshade map had a coarser spatial resolution than the imagery 

and generated an output map of the same coarse spatial resolution. Thus, topographic 
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correction was not used and the final image for classification was the one with only 

radiometric calibration performed. 

In the context of this study, the extent is the study site is the caldera that 

surrounds Lake Hargy in Papua New Guinea, specifically on the island of New Britain. 

Seven 20 m × 20 m point samples were collected (the grain is thus 20 m), and it is already 

known that one light green patch is a patch of sago palms (Cycas revoluta). The coordinates 

of these point samples were translated into ArcMap and separated into four different areas: 

 Cinder Cone (CCP1 and CCP2) 

 East Ridge (ERP1 and ERT2) 

 Lake Hargy (LHP1) 

 Northern Caldera (NLRP1 and NLRP2) 

As previously mentioned, the study site is the caldera that surrounds Lake Hargy in Papua 

New Guinea. Each species will give off a different spectral reading, and it is already known 

what species are found within the study sites. The next step was to create a map based on the 

study sites I currently have, and to determine what type of forest lies between the blanks to 

create a map of forest types around Lake Hargy. 

Using the contour lines as a tracing reference (see Figure 3), I used these plots to 

designate regions of the caldera (Figure 4), with the CCP1 and CCP2 plots belonging to the 

region we chose to call the “volcano flank.” The other four regions we designated were 

“volcano,” “east ridge,” “lake shore” and “north lake ridge.” The light green patch on the far 

right of the “north lake ridge” area is Cycas revoluta. The dominant species in the ground 

plots were as follows: 
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Figure 3. A contour map of the study site to display the mountainous 

topography of the region. 

 

 CCP1: Pometia pinnata and Pouteria (63.44%) 

 CCP2: Calophyllum soulattri (73.02%) 

 ERP1: Calophyllum soulattri and Calophyllum vexens (33.33%) 

 NLRP1: Pometia pinnata and Selaginella (32.73%) 

 NLRP2: Pometia pinnata, Procris and Trichomones (60.87%) 
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Figure 4. The locations of the ground surveys (which are displayed as red dots) and 

the designated regions of the caldera to which they belong. 

 

Classification Techniques 

Now that I had both our final image and translated the ground surveys into the 

map, the first challenge was to decide which classification index we would use to derive our 

forest type pixel values:  

 Decision Trees (DT) 

 Iterative Self-Organizing Data Analysis Technique (ISODATA) 

 Maximum Likelihood Classification (MLC) 
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 Spectral Angle Mapper (SAM) 

 Support Vector Machine (SVM) 

Classification can be supervised or unsupervised, meaning that classes are decided by the 

user in the case of the latter (Nagendra et al., 2013). I utilized the Training Sample Manager 

in ArcMap and the ROI Tool in ENVI for endmember collection in order to perform 

supervised classifications. The use of the infrared band combination (5, 4, 3) allowed for the 

plantation in the upper left portion of the images to be seen more clearly when selecting it as 

a region of interest (ROI). Training data was created, which basically means drawing 

polygons over the top of the image, and whatever other pixels in the image have similar 

values to the ones underneath the polygon are classified as such. A minimum of at least 5-10 

classes and a minimum of 100 pixels is recommended for best classification results 

(Campbell and Wynne, 2011). This study differs from previous land classification studies in 

that the training samples are the study sites, and I want to see if other parts of the caldera are 

likely to have similar species composition to our study sites. I obtained pixel values for each 

our plots (along with their coordinates) after performing radiometric calibration and wanted 

to determine if there was a major difference between these values in each plot (as well as if 

there are other pixels with similar values and thus similar species composition), and whether 

other parts of the caldera would yield similar spectral signatures to the study sites. 

Consistency of classification was verified by visual appearance in all five images.  

Iso Cluster (ISODATA): 

I began by employing the unsupervised ISODATA classification in ArcMap 

(where it is known as Iso Cluster). Jensen (1996) describes ISODATA as a “process whereby 

pixels are grouped together based on their similarity in spectral properties.” It is the only 
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unsupervised classification technique that was used. In this technique, the user requests a 

specified number of classes, and these are used for classifying the rest of the image based on 

minimum Euclidean distance from unspecified mean values (since this classification is 

unsupervised). 

Decision Trees 

For the classification based on DTs, I created classes by taking the raw digital 

number (DN) values (courtesy of Quick Stats in the Data Manager in ENVI) for each study 

site and considered every pixel that fell within the midpoints between one study site’s DN 

value and that of another to be in the same class as that study site (see Figures 5 and 6). 

Lower and higher DN values represented by one pixel were considered outliers and 

discarded from the training class to prevent that class from being overrepresented. The 

minimum value for the “plantations,” Lake Hargy and “clouds” training classes was the 

smallest DN value to be represented by at least five or six pixels. Each training sample was 

separated into its own DT (with the exception of the study sites, which were grouped into 

one DT) and then laid on top of one another once all of them had been executed. This was 

because the DN values of the study sites overlapped with those of either the “plantations” or 

“Cycas revoluta” training samples. 

Spectral Angle Mapper 

SAM was performed in ENVI through the Spectral Hourglass Wizard, which 

performs Minimum Noise Transform (MNF) and Pixel Purity Index (PPI) before SAM for 

better classification results. According to Harris Geospatial Solutions, the former eliminates 

noise from an image, and the latter inspects the image for spectral readings that correspond  
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Figure 5. Pixel value ranges used for classifying images with decision trees (DTs) in the 

September 6, 2013 image based on the ground surveys. The actual value for each 

study site lies between the colored bars, whose lower and upper boundaries are the 

midpoints between that study site and the one with the next highest value. 

 

to one specific material. For the second step, I utilized Quick Stats in the Data Manager to 

determine the percentage of forest classified as each respective forest type if classes that do 

not represent forest type are excluded. 

 

Vegetation Indices 

Finally, I used three vegetation indices (VI), namely the enhanced vegetation 

index (EVI), normalized difference vegetation index (NDVI) and the soil-adjusted vegetation 

index (SAVI). I compared the values across study sites to see if a statistical difference could 

be found between them as there had been in the study by Mayes et al. (2015).  
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Figure 6. Two of the pixel value ranges used for classifying images with decision 

trees (DTs) in the July 7, 2015 image. 
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CHAPTER IV 

RESULTS 

Of the five classification procedures attempted, three were found to be suitable 

for classifying the dense forests, namely Iso Cluster (ISODATA), SAM and DTs. When 

running Maximum Likelihood Classification (MLC), a 0.85 probability threshold was used. 

The small size of the study sites did not work well with the MLC. The Support Vector 

Machine (SVM) classified most of the caldera (with the exception of clouds, shadows and 

water) as plantations even though most of the study area is not comprised of plantations. For 

these reasons, they were considered unsuccessful.  

 

ISODATA (Iso Cluster) 

Figures 7 through 11 demonstrate that ISODATA was successful at 

distinguishing dense forests from the surrounding plantations in the village of Bialla. For 

each date, 20 classes were requested, but fewer than that were returned in all but one of those 

images (Table 1). 

 

Spectral Angle Mapper 

 For the September 6, 2013 image (Figure 12), it showed that 10.3% of the image 

was either unclassified or shadows, 4.34% was plantation, 6.85% was Lake Hargy, 

0.53% was Cycas revoluta and 0.682% was cloud cover, leaving 77.29% pixels 

representing forests.  
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Figure 7. Iso Cluster classification for the September 6, 2013 image, in which the 

“forest” pixels are displayed in different shades of green. The tan patch in the upper 

left corner represents palm oil plantations, and clouds are in the upper right. 

 

 For the July 7, 2014 image (Figure 13), it showed that 29.3% of the image was 

either unclassified or shadows, 0.27% was plantation (due to most of them being 

obscured by cloud cover), 6.9% was Lake Hargy, 2.81% was Cycas revoluta and 

20.39% was cloud cover, leaving only 40.33% pixels representing forests (the 

lowest percentage of the five images).  

 For the March 20, 2015 image (Figure 14), it showed that 5.42% of the image was 

either unclassified or shadows, 5.38% was plantations, 6.94% was Lake Hargy  
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Figure 8. Iso Cluster classification for the July 7, 2014 image, in which many of 

the classes returned represented clouds. 

 

 

(counting a gray spot in the middle, which I believe to be silt that washed into the 

lake during a recent storm at the time), 0.59% was Cycas revoluta and 0.87% was 

clouds, leaving 80.8% pixels representing forests.  

 For the July 10, 2015 image (Figure 15), it showed that 22.51% of the image was 

either unclassified or shadows, 4.06% was plantations, 6.52% was Lake Hargy, 

0.37% was Cycas revoluta and 9.72% was clouds, leaving 56.82% pixels 

representing forests.  
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Figure 9. Iso Cluster classification for the March 20, 2015 image. 

 

 For the October 14, 2015 image (Figure 16), it showed that 7.97% of the image 

was either unclassified or shadows, 8.59% was plantations, 6.27% was Lake 

Hargy, 0.95% was Cycas revoluta, 0.45% was bare ground, 4.04% was clouds and 

1.86% could be either clouds or bare ground, leaving 69.87% pixels representing 

forests.  

Once the percentages listed above were mathematically factored out, I now had values for 

what percentage of “forest” was classified as similar to each study site (Table 2). See also 

Figure 17. 
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Figure 10. Iso Cluster classification for the July 10, 2015 image. 

 

Decision Trees 

As shown in Figures 18 through 20, classification using decision trees (DTs) 

appeared to be slightly more uniform, with higher elevations being classified as being similar 

to the East Ridge plots. As previously stated, DN values for the study sites overlapped with 

those of nearby plantations and the Cycas revoluta patch near the North Lake Ridge plots, 

which caused them to be obscured by the study site classifications. 

 

 



28 

 

Figure 11. Iso Cluster classification for the October 14, 2015 image (with the dark 

brown patch representing a growing bare spot in the plantation). 

 

Vegetative Indices 

In three of the five images, the spectral signature for two of the plots were the 

same. The normalized difference vegetation index (NDVI) value for Lake Hargy was very 

low (since there is no photosynthesis there), but these values did not differ in the study sites 

between dates by the amount reported by Mayes et al. (2015). These results are detailed in 

Table 3. 
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TABLE 1. CLASSES FOR EACH ISODATA UNSUPERVISED CLASSIFICATION, AND 

HOW MANY OF THOSE CLASSES REPRESENT FOREST (AS OPPOSED TO 

CLOUDS, PLANTATIONS OR SHADOWS) 

 

Date Total # Classes # Forest Classes Forest Classes 

September 6, 2013 16 8 7 – 14 
July 7, 2014 20 8 4 – 11 
March 20, 2015 16 9 6 – 14 
July 10, 2015 12 3 5 – 7 
October 14, 2015 13 5 5 – 9 

 

Note: 20 classes were requested in each case, but fewer than that were returned in all 

but one of them. 

 

Digital Number (DN) Values 

The raw DN values (see Table 4) were later shown to display a pattern similar to 

what we measured with the UniSpec-SC (see Figure 21). In three of the five images, one plot 

(ERP1) had the lowest red and blue pixel values. In four of the five images, one plot (CCP2) 

had the highest green pixel values. In four of the five images, one plot (LHP1) had the 

highest blue pixel values (see Table 6). Results revealed that the ERP1 plot always had the 

highest value and the NLRP2 plot often had the lowest (see Table 7). The Cursor Value tool 

in ENVI was used to obtain these values for the seven study sites, which served as spectral 

endmembers. The DN values for the red, green and blue regions of the electromagnetic 

spectrum changed little between days and between study sites, whereas DN values in the 

infrared region were much more variable. This highlights their importance and their 

advantage over IKONOS imagery, despite the higher spatial resolution of the latter. During 

this period, I experimented with a new piece of equipment called the UniSpec-SC to measure 

reflectance values in individual leaves and see how it compares to a graph of pixel values for 

the seven bands that represent different portions of the electromagnetic spectrum (Figure 22).  
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Figure 12. SAM classification for the September 6, 2013 image. 

 

It exhibited a similar pattern to what I found when comparing DN values for the 

electromagnetic spectrum in ENVI for the imagery (Figure 21). When comparing highest 

and lowest DN values in each region, several plots consistently had the highest and lowest 

values in certain portions of the spectrum (Table 5). 

 

 

 

 



31 

 

Figure 13. SAM classification for the July 7, 2014 image. 
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Figure 14. SAM classification for the March 20, 2015 image (with an additional 

ROI for the gray patch that appeared on Lake Hargy). 
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Figure 15. SAM classification for the July 10, 2015 image. 
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Figure 16. SAM classification for the October 14, 2015 image. 
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TABLE 2. PERCENTAGE OF FOREST THAT WAS CLASSIFIED BY SAM AS 

BEING MOST SPECTRALLY SIMILAR TO EACH GROUND SURVEY (AFTER 

MATHEMATICALLY REMOVING CLOUDS, PLANTATIONS, SHADOWS AND 

LAKE HARGY FROM THE PIXEL COUNT, AND WITH THE STUDY SITES THAT 

RECEIVED THE HIGHEST REPRESENTATION HIGHLIGHTED). 

 

Plot 
Percentage 

September 6,  

2013 

July 7,  

2014 

March 20,  

2015 

July 10,  

2015 

October 14, 

2015 

CCP1 5.71 11.59 15.65 11.02 15.20 

CCP2 11.09 12.31 10.59 20.40 25.38 

ERP1 12.37 4.67 31.61 9.36 14.57 

ERT2 5.58  14.60 11.69 1.83 

LHP1 12.48 50.57 8.07 17.27 9.22 

NLRP1 42.10 15.48 7.14 12.76 12.14 

NLRP2 10.69 5.37 12.12 17.50 22.24 
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Figure 17: Line graphs representing the proportion of forest by date classified as 

being in the same spectral class as each of the study sites according to the SAM. 
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Figure 18. DT classification for the September 6, 2013 image, which showed less 

variation than SAM classification. 
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Figure 19. DT classification for the March 20, 2015 image. 
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Figure 20. DT classification for the July 10, 2015 image. 
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TABLE 3. CLASSIFICATION RESULTS WHEN RUNNING THE NORMALIZED 

DIFFERENCE VEGETATION INDEX (NDVI), SOIL-ADJUSTED VEGETATION 

INDEX (SAVI) AND ENHANCED VEGETATION INDEX (EVI)  

 

September 6, 2013* 

Plot 
Vegetation Index 

EVI NDVI SAVI 

CCP1 -1.217 0.699 1.043 

CCP2 -1.423 0.716 1.069 

ERP1 -1.457 0.734 1.095 

ERT2 -1.213 0.698 1.042 

LHP1 -1.233 0.699 1.043 

NLRP1 -1.117 0.698 1.042 

NLRP2 -1.321 0.717 1.070 

July 7, 2014 

Plot 
Vegetation Index 

EVI NDVI SAVI 

CCP1 -1.270 0.695 1.034 

CCP2 -1.573 0.727 1.085 

ERP1 -1.937 0.752 1.123 

ERT2    

LHP1 -1.000 0.691 1.029 

NLRP1 -1.185 0.713 1.063 

NLRP2 -1.197 0.718 1.071 

March 20, 2015 

Plot 
Vegetation Index 

EVI NDVI SAVI 

CCP1 -0.956 0.649 0.967 

CCP2 -1.165 0.656 0.979 

ERP1 -1.233 0.700 1.045 

ERT2 -1.053 0.679 1.013 

LHP1 -0.979 0.661 0.986 

NLRP1 -0.982 0.671 1.000 

NLRP2 -0.792 0.579 0.863 

July 10, 2015 

Plot 
Vegetation Index 

EVI NDVI SAVI 

CCP1 -1.071 0.679 1.013 

CCP2 -1.269 0.690 1.029 

ERP1 -1.736 0.727 1.085 

ERT2 -1.475 0.708 1.057 

LHP1 -0.923 0.666 0.993 

NLRP1 -1.079 0.690 1.028 

NLRP2 -0.879 0.653 0.973 
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TABLE 3. (CONTINUED) 

 

October 14, 2015 

Plot 
Vegetation Index 

EVI NDVI SAVI 

CCP1 -1.050 0.646 0.964 

CCP2 -1.230 0.658 0.982 

ERP1 -1.193 0.670 1.000 

ERT2 -1.152 0.656 0.980 

LHP1 -1.137 0.650 0.971 

NLRP1 -1.050 0.658 0.983 

NLRP2 -0.851 0.619 0.923 
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TABLE 4. SIX RAW DN VALUES (EACH REPRESENTING A DIFFERENT PORTION 

OF THE ELECTROMAGNETIC SPECTRUM) FOR EACH STUDY SITE ON EACH 

DATE 

 

September 6, 2013 

Plot 
Signature 

B G R NIR SWIR 1 SWIR 2 

CCP1 8276 7719 6488 18723 10298 6752 

CCP2 8302 7793 6520 20011 10582 6862 

ERP1 8194 7558 6398 19885 9966 6676 

ERT2 8205 7642 6457 18399 9499 6500 

LHP1 8351 7725 6530 19120 10552 6894 

NLRP1 8254 7582 6423 18097 10775 6966 

NLRP2 8305 7653 6470 19554 10873 6965 

July 7, 2014 

Plot 
Signature 

B G R NIR SWIR 1 SWIR 2 

CCP1 8207 7657 6500 18650 9855 6612 

CCP2 8145 7654 6457 20033 9789 6532 

ERP1 8044 7620 6400 21181 10177 6654 

ERT2       

LHP1 7978 7313 6266 16307 9163 6351 

NLRP1 8005 7352 6287 17557 9701 6526 

NLRP2 8050 7362 6290 17849 10223 6648 

March 20, 2015 

Plot 
Signature 

B G R NIR SWIR 1 SWIR 2 

CCP1 8265 7627 6544 16839 10120 6830 

CCP2 8286 7650 6663 18093 10745 7070 

ERP1 8126 7525 6423 18182 9583 6579 

ERT2 8185 7486 6438 17313 9155 6382 

LHP1 8301 7592 6524 17191 10154 6816 

NLRP1 8247 7546 6456 17083 10548 6979 

NLRP2 8294 7515 6720 15535 10849 7370 

July 10, 2015 

Plot 
Signature 

B G R NIR SWIR 1 SWIR 2 

CCP1 8061 7462 6394 16923 9373 6440 

CCP2 8094 7555 6472 18109 9837 6654 

ERP1 7984 7533 6436 19822 9478 6492 

ERT2 7985 7532 6429 18674 8590 6196 

LHP1 8099 7386 6368 16149 9233 6406 

NLRP1 7997 7350 6326 16794 9504 6521 

NLRP2 8025 7355 6356 15545 10181 6812 
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TABLE 4. (CONTINUED) 

 

October 14, 2015 

Plot 
Signature 

B G R NIR SWIR 1 SWIR 2 

CCP1 8744 8183 6866 19156 10863 7091 

CCP2 8810 8294 6966 20558 11057 7227 

ERP1 8616 8047 6779 19706 10384 6930 

ERT2 8636 8158 6832 19423 9570 6579 

LHP1 8880 8305 6976 20246 11083 7157 

NLRP1 8707 8069 6781 19130 11161 7213 

NLRP2 8736 7999 6819 17611 11340 7405 
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Figure 21. A comparison between digital number (DN) values for different portions 

of the electromagnetic spectrum in the September 6, 2013 image. 
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Figure 22. A comparison between reflectance values for the UniSpec-SC on a 

healthy leaf and the pixel values for different portions of the electromagnetic 

spectrum in the September 6, 2013 image, which displayed the same “spike” 

between the red and infrared regions. 

 



 

TABLE 5. A SUMMARY OF WHICH PLOTS HAD THE HIGHEST AND LOWEST DN VALUES IN EACH PLOT ACROSS ALL 

FIVE DATES AND ACROSS ALL SIX PORTIONS OF THE ELECTROMAGNETIC SPECTRUM 

 

 R G B NIR SWIR 1 SWIR 2 

 High Low High Low High Low High Low High Low High Low 

CCP1 1 0 2 0 1 0 0 1 0 0 0 0 

CCP2 5 0 5 0 3 0 4 0 3 0 3 0 

ERP1 3 1 0 2 0 4 4 0 0 3 1 2 

ERT2 0 1 1 1 0 4 1 1 0 4 0 4 

LHP1 2 1 2 1 0 3 1 2 0 2 0 3 

NLRP1 0 4 0 3 0 1 1 1 1 2 1 1 

NLRP2 1 1 0 3 2 0 0 3 5 0 4 0 
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CHAPTER V 

DISCUSSION 

With the sequence of imagery, the caldera can be monitored in time steps and the 

images can be connected to events that occurred shortly before the satellite image was taken. 

While ground surveys are still necessary, it would be impossible to collect enough to gain a 

clear understanding of a larger area, and this study demonstrates the ability to monitor the 

rainforests of Southeast Asia more effectively by combining ground surveys with 

technology. This particular area in the world is not extensively represented with remotely 

sensed imagery. The study by Warren et al. (2014) had 100 plots with which to work in their 

IKONOS imagery with 100 spectral classes for their ISODATA classification, whereas I 

only had seven plots and tried to train it for 20 classes, most of which were clouds with few 

classes left over that were actually useful.  

 

Classification Method Suitability 

MLC and SVM were not suitable due to the small size of our study sites in 

comparison to the spatial resolution, thus resulting in their failure to work. Though DTs 

allowed for more user control when classifying the image, the overlap in DN values caused 

classes to be obscured by others. SAM was thus the best tool for classifying tropical forests 

taken with Landsat imagery (especially when no vector data is available to aid with 

classification results). Iso Cluster could do this, but it was sometimes unable to distinguish 
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clouds from plantations, whereas SAM (when executed through the Spectral Hourglass 

Wizard) even separated the outer edges of the clouds from their center. Thus, I ranked the 

following classification schemes by usability: 

1. Spectral Angle Mapper (SAM) 

2. Iso Cluster (ISODATA) 

3. Decision Trees (DT) 

4. Support Vector Machines (SVM) 

5. Maximum Likelihood Classification (MLC) 

 

Species Identification 

Because the species composition of each site is already known, I speculate that 

the classifications could potentially serve as proxy data for species distribution as our study 

sites become more expansive (which should make our classifications more uniform) and 

species data for this region of the world increases. In the September 6, 2013 image (in the 

upper left corner of Figure 3), the plot with the highest representation in the SAM 

classification contained a high abundance of Pometia pinnata (commonly known as matoa) 

and a species in the genus Selaginella, which could be a sign of widespread distribution in 

the lowlands. One of the plots (ERP1) had high values in our vegetation indices, and its most 

abundant species were (in order) Calophyllum vexens, Calophyllum soulatrii, Pometia 

pinnata and Calophyllum papuana. On the other hand, another one of the plots (NLRP2) had 

the lowest values in several of the images, and it too had an abundance of Pometia pinnata 

and the Selaginella species, as well as a medium abundance of a species in the genus 

Trichomones and one in the genus Spathiphyllum. However, the highly varied classification 
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results between the five images suggests that the ground surveys need to be much larger, and 

this will hopefully be done in the future to make classifications more uniform.  

 

Ratio Bands 

The use of ratio bands (specifically band 2 to band 7) was my choice for 

performing classification with DTs due to its higher variability than normalized difference 

vegetation index (NDVI), whose difference was quite subtle among our study sites (and also 

between our study sites, the nearby plantations and the sago palm patch near our North Lake 

Ridge plot) (Table 3). 

 

DN Value Differences 

Also, the DN values exhibited a sharp spike between the red and infrared portions 

of the electromagnetic spectrum (Figure 21), and this is what I believe created larger values 

when using ratio bands. The more pronounced variation between the DN values of the study 

sites in the three infrared regions allows one to better distinguish between them. 

 

Classification Accuracy 

Now that the classifications have been run, I hope for the accuracy to be checked, 

and Ge et al. (2009) recommend the rough set theory that was defined by Pawlak (1982, 

1991). They prefer it to an error matrix because you do not need reference data. Trisurat et 

al. (2000) themselves checked their accuracy with reference pixels, as did Stabach et al. 

(2009) with 54 ground reference points (GRPs) for accuracy assessment, and this could be 

the only option.  
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Recommendations for Future Research 

There are other potential classification techniques that I hope to explore in the 

future, including kriging. This is a geostatistical analysis technique, which is named after 

Daniel Krige, is a means of fitting least squares values together. In the context of 

environmental science, the purpose of kriging is to predict what values occur between areas 

that were not surveyed (Oliver et al., 2014). ArcGIS is able to perform kriging in the Spatial 

Analyst window, but a large number of data points are required for a variogram to be 

created. Another potential technique is leaf area index (LAI), which Chen and Cihlar (1996) 

define this as the total area of leaves per square meter (m
2
 m

-2
) (Pu et al. 2004). According to 

Baret and Guyot (1991) in a study by Liu et al. (2012), the equation for leaf area index is 

LAI = - (1/k) · ln [a · (b · VI)], where k is the extinction coefficient. The technique is 

available for use within ENVI. Still another potential technique is linear spectral mixture 

analysis (LSMA) (also known as linear spectral unmixing). Performing this technique within 

ENVI will give you a decimal value indicating the percentage of a certain endmember within 

each pixel. It was mentioned in the study by Mayes et al. (2015), although Guan et al. (2008) 

mentions that factors like shade can hinder results because they potentially lead to similar or 

identical patches being classified differently. They used mathematical modeling to correct 

for it, including down-welling spectral irradiance, whose equation is I' = B + D (ideally) or I 

= B + D · [1 – f (x, f, w)] + (B + D) · rv · f (x, h, w). Quintano et al. (2013) conclude that 

linear spectral unmixing is more accurate than vegetation indices, though they acknowledge 

that endmembers must be selected carefully because Theseira et al. (2002) before them 

believed the accuracy of the analysis depends on it, and there can only be one spectrum per 

endmember. The last of these potential classification techniques is multiple endmember 

http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0034425704000811#BIB4
http://www.sciencedirect.com/science/article/pii/S0034425713001466#bb0420
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spectral mixture analysis (MESMA). First proposed by Roberts et al. (1998), Quintano et al. 

(2013) cite MESMA as an alternative to the limitations of linear spectral unmixing because it 

permits more than one pixel per endmember and thus “includes natural variability.” 

Fernández-Manso et al. (2012) warn not to select too many endmembers to decode the value 

of a pixel because Li et al. (2005) claim it “may overfit the data.” 

Most importantly, I hope for hyperspectral remote sensing at a much higher 

spatial resolution to be incorporated into the project, which will allow for more details to be 

captured when classification is performed. Thenkabail et al. (2004) preferred Hyperion 

imagery (Nagendra et al., 2013), which has the same spatial resolution as Landsat imagery 

but contains almost 200 bands, as opposed to six. In addition, there exists the possibility of 

using LiDAR data, which Dubayah and Drake (2000) believed would be helpful to forest 

mapping (Koch, 2010) because aerial imagery only captures the horizontal portion of the 

forest, but LiDAR gives us information on the top-to-bottom structure. The possibilities for 

further research are numerous and much remains to be known, but the purpose of research is 

to continue making new discoveries. 

http://www.sciencedirect.com/science/article/pii/S0034425713001466#bb0330
http://www.sciencedirect.com.mantis.csuchico.edu/science/article/pii/S0924271610000845#br000130
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