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Abstract

Vegetation maps of a selected area within the boreal forest surrounding Fairbanks, Alaska, have 

been generated for the nominal years of 1985, 1995, 2005, and 2015 using Landsat 4 and 5 

Thematic Mapper and Landsat 8 Operational Land Imager surface reflectance products at 30 

meter spatial resolution using a decision tree classification. The maps include 9 U.S. Geological 

Survey (USGS) vegetation classes, as well as barren land, open water, and ice/snow classes that 

are consistent with the classes identified in the 2001 National Land Cover Database (NLCD) map 

of Alaska generated by the USGS. Classification steps are based on USGS methodology, with 

refinements for the boreal forest, to ensure further comparison to the 2001 USGS NLCD map for 

Alaska. The overall weighted accuracies of first order estimates of data quality using cross 

validation are 93.2%, 88.4%, 93.3%, and 86.9% for the nominal years of 1985, 1995, 2005, and 

2015 maps, respectively, compared to 81.8% accuracy for the USGS NLCD 2001 product. This 

study demonstrates that the spatial and spectral resolution of Landsat data is the best available 

for mapping the vegetation of Alaska's boreal forest at 1:50,000 scale. It also shows that the 

boreal forests surrounding Fairbanks, Alaska have witnessed a decrease in the growth of 

evergreen forests, an expansion of shrub and an increase in wetland distribution, all of which 

have been reported as impacts of a warming climate in the Arctic and Sub-arctic.
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1. INTRODUCTION

1.1. Changes to the Boreal Forest and Their Implications

Surface air temperatures in the Arctic have shown a significant increase especially in the past 

few decades (Serreze and Barry, 2011). Arctic amplification, referring to more rapid increases in 

air temperatures in the Arctic compared to other parts of the globe, is causing widespread 

melting of snow and ice, sea-ice retreat and a rise in the global sea level (Arctic Council, 2013; 

Serreze and Barry, 2011). Reconstructions from proxy sources indicate that Arctic air 

temperatures in the 20th century were the highest in the last 400 years (Serreze et al., 2000), 

and paleoclimate analysis indicates that the warming of the 20th century is likely to have been 

the largest of any century within the last 1000 years (Follan et al., 2001). Over the past 50 years, 

the Arctic has seen warming approximately twice that of the global rate (Walsh 2014), with an 

increase in air temperature of 0.35°C per decade since 1970 (McGuire et al., 2009). This shift in 

the climate is known as climate change, and it acts as a disturbance to the boreal forest; 

evidence has already been found that climate change has affected the Alaskan boreal forest in 

the following ways: a decrease in the health and growth of white spruce trees, an increase in 

insect infestation on both the landscape and regional scale, and an increase in both the number 

of severe burning forest fires, and the amount of area burned by these fires (Soja et al., 2007).

The boreal forest covers a large portion of the Earth, approximately 22% of the land surface, and 

is susceptible to a variety of disturbances, such as climate change, forest fires, insect infestation, 

and human interference (Chapin et al., 2000; Ott et al., 2006). Over at least the past three 

decades, Arctic and boreal ecosystems in Alaska and Western Canada have shown evidence of 

"greening" (Jia et al., 2003, Xu et al., 2013), with about a 14% increase in peak vegetation (Bhatt 

et al., 2010). In particular, the expansion of the distribution of deciduous shrubs is contributing 

to the greening trend (Heskel et al., 2013; Myers-Smith et al., 2011; Sturm et al., 2001), and is 

related to warmer temperatures. In contrast, some areas of the boreal forest are "browning" 

from greater coniferous tree mortality due to warmer temperatures and drier conditions (Goetz 

et al., 2005; Beck et al., 2011; Verbyla, 2008). With greater frequency and intensity of wildfires,
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the boreal forest is shifting to more deciduous tree and shrub cover due to their higher drought 

tolerance and their ability to establish quickly after disturbance (Viereck, 1979; Suarez et al., 

1999; Lloyd, 2005; Xu et al., 2013). Further, the northern boundary of the forest-tundra 

transition zone is expanding, both in latitude and elevation, tree heights are increasing, and 

shrubs are becoming denser and taller (Tape et al., 2006; Myers-Smith et al., 2011).

Wildfire, the primary disturbance in the boreal forest, is driven by climate change and has 

several implications on the surrounding ecosystems and humans that depend on the forest. 

Forest fires have been increasing in frequency and extent in the North American boreal forests; 

since the 1960s the frequency of large fire years increased from an average of 5 times per 

decade to 7 times per decade in the 1980s and 8 times per decade in the 1990s, and the extent 

of the burned area doubled (Kasischke and Turetsky, 2006). Black spruce (Picea mariana), a 

coniferous species that serves as a good fuel source, is currently the most widespread forest 

type in the interior of Alaska (Johnstone et al., 2010b). Vegetation regrowth patterns after 

intense fire in interior Alaska show that severely burning forest fires promote the deciduous tree 

species (e.g. Johnstone et al., 2010a). If the pattern of more frequent fires continues, Alaska is 

predicted to have more deciduous dominated forests in the future (Beck et al., 2011). This 

successional transition from coniferous dominated forests to deciduous dominated forests 

would be a change in fuel type, as deciduous vegetation is less flammable, and this could 

ultimately alter the fire regime and the resilience of the forest (Johnstone et al., 2010b). 

Depending on the scale of change, this transition would also affect local and regional changes 

such as habitat availability for subsistence flora and fauna, hydrology (evapotranspiration), and 

permafrost distribution (Johnstone et al., 2010b; Beck et al., 2011).

Successional changes to the climate also follow forest fires. The boreal region is a carbon sink, 

containing more than 30% of all terrestrial carbon. When forest fires burn, they release the large 

amounts of carbon they store as greenhouse gases directly into the atmosphere, which have 

lasting effects on the climate (Kasischke and Stocks, 2012). The loss of vegetation after fires 

affect exchanges between the atmosphere and heat, water, and gases, which ultimately affect
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weather and climate. Smoke particles from fires interact directly with the scattering and 

absorption of atmospheric radiation, and can lead to changes in local cloud properties, air 

temperature, wind, and humidity (Liu et al., 2014). When forest fire smoke acts as Arctic air 

pollution, it reduces sea ice and snow albedo, which may be a contributing factor to thinning 

Arctic sea ice and glacial melting (Kim et al., 2005). The boreal forest is likely facing many 

changes, and these changes may have several serious implications, and need to be monitored.

1.2. Vegetation Maps of the Alaskan Boreal Forest

For changes to be recognized there needs to be a clear record of what the boreal forest has 

looked like in the past. There are only three land cover or vegetation map sources that cover the 

entirety of Alaska. These include the Vegetation Map and Classification: Northern, Western, and 

Interior Alaska (Boggs et al., 2012), the LANDFIRE Existing Vegetation Type (EVT) map (LANDFIRE 

2012a), and the USGS National Land Cover Database (NLCD) (Homer et al., 2004), which have all 

had at least one update in recent years. Both the LANDFIRE EVT and the NLCD maps were 

generated in 2001, with the Vegetation Map and Classification: Northern, Western, and Interior 

Alaska generated in 2012. This means there is no statewide record of what the boreal forest in 

Alaska was like before 2001. Other than these state-wide maps, there are only smaller regional 

maps, such as the one from 2001 provided by Ustin and Xiao. This is little coverage compared to 

the rest of the conterminous United States. For example, the USGS has produced NLCD maps 

for the conterminous United States for the years of 1992, 2001, 2006, and 2011, but only have 

maps for Alaska for 2001 and 2011. Additionally, there are only 18 regional maps covering areas 

in Alaska suitable enough for the standards for the Vegetation Map and Classification: Northern, 

Western, and Interior Alaska (including the USGS NLCD and LANDFIRE EVT maps). Many of these 

regional maps are not available to the public as they are held within government agencies.

The Vegetation Map and Classification: Northern, Western, and Interior Alaska map was created 

by combining several regional maps developed over the last 31 years. Eighteen of the most 

current regional maps derived from either satellite imagery or aerial photos were converted to
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raster datasets, resampled to 30 m pixel size, and mosaicked together. The classification legend 

consists of a two-tiered system; coarse scale classes are analogous to level III of the Alaska 

Vegetation Classification and contain 27 classes, and the fine scale classes are analogous to level 

IV of the Alaska Vegetation Classification and contain 374 classes (Viereck et al., 1992). The 

robust legend of this map makes it possible to study rarer vegetation habitats, the distribution 

of different plant communities, and to gain more detailed site descriptions for future studies 

(Boggs et al., 2012). Unfortunately, this vegetation map does not allow for change detection 

analysis as it was developed combining data from the last 31 years.

The LADFIRE EVT was generated with Landsat Thematic Mapper (TM) satellite imagery at 30 m 

spatial resolution, ground truth data from their LANDFIRE Public Reference Database (LPRD), 

various ancillary data such as DEM, slope, aspect, as well as biophysical gradient variables such 

as potential evapotranspiration, relative humidity, and soil water potential. A second set of 

biophysical gradients was used as well. This second set was a potential vegetation type map, 

which ensured the mapped vegetation types were constrained to geographic areas that were 

ecologically possible. A decision tree (DT) mapping algorithm, in this case See5 

(https://www.rulequest.com/see5-info.html), was trained with three different dates of Landsat 

images for each path and row which was used to ensure the vegetation dynamic of the growing 

season was captured, ground truth data, and two biophysical ancillary datasets to map the 

existing vegetation type. The classification legend for the EVT product is a combination of 

ecological systems (or aggregated ecological systems) described by Comer at al., 2003, and the 

US National Vegetation Classification described by Grossman et al., 1998. The legend for EVT is 

not quite as robust as the legend for the Vegetation Map and Classification: Northern, Western, 

and Interior Alaska map, but more in depth than the legend for the USGS NLCD maps. The EVT 

map was specifically designed to provide data and support for landscape level management 

planning for forest fires, not for change detection analysis (Rollins, 2009; Zhu et al. 2006).

The USGS NLCD 2001 product was developed using a combination of Landsat 5 TM and Landsat 

7 Enhanced Thematic Mapper plus (ETM+) at 30 m spatial resolution. Reference data used were
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a combination of aerial photos and field data with information gained from partnering with 

other Federal programs, such as the United States Forest Service's Forest Inventory Analysis 

program. DEM, slope, and aspect, and in some cases regionally available information such as 

wetland and soil inventory were added. Ancillary data, such as population density, buffered 

roads, and NOAA City lights were used for the urban areas. Like the LANDFIRE EVT product, three 

Landsat scenes per path and row, plus the ancillary data were used to train the DT algorithm in 

C5 developed by RuleQuest, the linux base classification software of See5. The classification 

legend is the broadest of the three statewide maps discussed here. It consists of 16 classes and 

was modified from the Anderson Land Cover Classification System (Anderson, 1976). The 

objective of the USGS NLCD project was to provide consistent landcover information at a 

national scale, which allows for change detection analysis. Although the legend may not be as 

in depth as the previously mentioned products, often the in-depth classification schemes 

become too narrow to be utilized for a wide range of applications. Keeping the classes more 

broad means the products can be used for projects ranging from national to regional scales 

(Homer et al., 2004).

1.3. Study Goal

The goal of this study is to increase the temporal resolution of mapped vegetation for a selected 

part of interior Alaska by generating vegetation maps for the nominal years of 1985, 1995, 2005, 

and 2015 that are comparable to the USGS NLCD products. To insure compatibility, Landsat 

products at 30 m spatial resolution and 9 vegetation classes (defined in section 1.4.3) from the 

USGS NLCD legend were used. The same classification methodology as the USGS NLCD 2001 

product (Homer et al., 2004) was refined for the study area. The products generated in this study 

are referred to as vegetation maps (as opposed to the USGS land cover products) because the 

majority of the land in the study area is covered by vegetation, and other categories such as 

urban, pasture, and cultivated crop areas were not classified.
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1.4. Study Area

1.4.1. Interior Alaska

The study area (Figure 1) is located in the boreal forest surrounding the Fairbanks area in Interior 

Alaska. Interior Alaska is characterized as the intermontane plateau bound by the Brooks Range 

to the north, and the Alaska Range to the south. Throughout the plateau are smaller isolated 

mountain ranges, areas of gently sloping uplands, meandering braided rivers with expansive 

floodplains, and extensive flat lowland plains populated with thaw lakes (Johnstone et al., 

2010b; van Cleve et al., 1983). In the lowlands of this region one can find large amounts of sand 

and gravel glacial outwash, carried by the Tanana River from glaciation in the Alaska Range. This 

glacial outwash has now been covered with finer alluvial sand and silt which have resulted in 

sandy soils near the main streams and silty soils further away from the streams. The uplands in 

this region are formed from a Precambrain formation of folded and jointed quartz-mica and 

quartzite schist, also known as Birch Creek schist. The uplands have been covered with 

micaceous loess originating from these glacial outwash plains of the Tanana River. The soils from 

the loess have migrated down ridges and come to rest on foot slopes or in narrow drainage 

ways. Soils on south facing slopes receive more heat and are generally better drained than soils 

on north facing slopes (Rieger et al., 1963). Soils throughout interior Alaska are relatively stunted 

in their morphological development, resulting in only three percent of the soils to have extensive 

profile development such as mollisols and spododols. Inceptisols, entisols and histols make up 

the other approximately 78%, 12%, and 7% respectively of the area (Rieger et al., 1963; van 

Cleve et al., 1983). Continuous and discontinuous permafrost varies throughout the region 

(Ustin and Xiao, 2001). The climate in Interior Alaska is continental, characterized by extremely 

cold winters with temperatures dropping to -50 °C in January, and warm dry summers with 

temperatures climbing to +33 degrees °C in July. There are drastic fluctuations in day length, 

with almost 22 hours on June 21st and less than 4 hours on December 21st. The short growing 

season is only 135 days, from May to mid-September (Hinzman et al., 2006).
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Figure 1. Study area location map. The study area lies just 
below the Arctic Circle and covers 93,610 km2.

1.4.2. Study Area Description

The study area spans from the Yukon River just south of Fort Yukon, to the southern border of 

the Alaska Range, covering a total of 93,610 km2. The boreal forest consists of primarily nine 

tree species, the following of which dominate the region: black spruce (Picea mariana), white 

spruce (Picea. glauca), alder (Alnus tenuifolia), paper birch (Betula neoalaskana), aspen (Populus 

tremuloides), and balsam poplar (Populus balsamifera). The forest has a simple structure with 

either a single layer closed canopy, or an open canopy stand. The understory usually consists of 

mosses (Sphagnum spp.) and shrubbery (Betula nana, Ledum palustre, Vacciniun spp.) (Ustin 

and Xiao, 2001). This area is of interest not only because it is located within the boreal forest, 

but also because the University of Alaska Fairbanks and the Bonanza Creek Long Term Ecological 

Research (BNZ-LTER) Network are located within it and they are both major hubs for Arctic/Sub

Arctic research.
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1.4.3. Vegetation Classes

In this study a total of 9 vegetation classes were defined using a modified classification system 

of the 2001 USGS NLCD classification system, which is modified from the Anderson Land Cover 

Classification System (Homer et al., 2007; Anderson, 1976). The vegetation classes used, shown 

below in Table 1, are consistent with USGS NLCD vegetation classes. In addition to the vegetation 

classes, barren land, open water, and ice/snow categories also consistent with the classes in the 

USGS NLCD products were classified.

Table 1. Vegetation Classes. Adapted from Homer et al., 2007.

Class\Value Vegetation Class

Forest

1 Deciduous Forest

2 Evergreen Forest

3 Mixed Forest

Shrubland

4 Dwarf Shrub

5 Shrub/Scrub

Herbaceous

6 Sedge

7 Grassland

Wetlands

8 Woody Wetlands

9 Emergent Herbaceous Wetlands

Barren Land

10 Barren Land (Rock/Sand/Clay)

Water

11 Open Water

12 Ice/Snow
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Deciduous Forest (Figure 2) is described as areas dominated by trees generally greater than 5 

meters tall, and greater than 20% of total vegetation cover. More than 75% of the tree species 

shed foliage simultaneously in response to seasonal change.

Figure 2. Example o f a deciduous forest (From Boggs et al., 2012).

Evergreen Forest (Figure 3) is described as areas dominated by trees generally greater than 5 

meters tall, and greater than 20% of total vegetation cover. More than 75% of the tree species 

maintain their leaves all year. Canopy is never without green foliage.

Figure 3. Examples o f evergreen forests. A) White spruce dominated forest. B) Black spruce 
dominated forest (From Boggs et al., 2012).

Mixed forest (Figure 4) is described as areas dominated by trees generally greater than 5 meters 

tall, and greater than 20% of total vegetation cover. Neither deciduous nor evergreen species 

are greater than 75% of total tree cover.

9



Figure 4. Example o f a mixed forest (From Boggs et al., 2012).

Dwarf Shrub (Figure 5) is described as areas dominated by shrubs less than 20 centimeters tall 

with shrub canopy typically greater than 20% of total vegetation. This type is often co-associated 

with grasses, sedges, herbs, and non-vascular vegetation.

Figure 5. Example o f a dwarf shrub dominated area (From Boggs et al., 2012).

Shrub (Figure 6) is described as areas dominated by shrubs; less than 5 meters tall with shrub 

canopy typically greater than 20% of total vegetation. This class includes true shrubs, young 

trees in an early successional stage or trees stunted from environmental conditions.
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Figure 6. Examples o f shrubland (From Boggs et al., 2012).

Sedge (Figure 7) is described as Alaska only areas dominated by sedges and forbs, generally 

greater than 80% of total vegetation. This type can occur with significant other grasses or other 

grass like plants, and includes sedge tundra, and sedge tussock tundra.

Figure 7. Example o f a sedge dominated landscape (From Boggs et al., 2012).

Grassland (figure 8) is described as areas dominated by graminoid or herbaceous vegetation, 

generally greater than 80% of total vegetation. These areas are not subject to intensive 

management such as tilling but can be utilized for grazing.
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Figure 8. Example o f grassland (Boggs et al., 2012).

Woody wetlands (Figure 9) are described as areas where forest or shrubland vegetation 

accounts for greater than 20% of vegetative cover and the soil or substrate is periodically 

saturated with or covered with water.

Figure 9. Example o f a woody wetland (Boggs et al., 2012).

Emergent Herbaceous Wetland (Figure 10) is described as areas where perennial herbaceous 

vegetation accounts for greater than 80% of vegetative cover and the soil or substrate is 

periodically saturated with or covered with water.

12



Figure 10. Example o f emergent herbaceous wetlands (From Boggs et al., 2012).

Barren Land (Figure 11) is described as areas of bedrock, desert pavement, scarps, talus, slides, 

volcanic material, glacial debris, sand dunes, strip mines, gravel pits and other accumulations 

of earthen material. Generally, vegetation accounts for less than 15% of total cover.

Figure 11. Example o f barren land (From Boggs et al., 2012).
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2. DATA

2.1. Remote Sensing and Ancillary Data

Level 1 surface reflectance Landsat images were selected to use in the making of the vegetation 

maps due to several factors such as: (1) comparability with the USGS NLCD products, (2) 

availability of images dating back to the 1980s, (3) suitability of the 30 meter spatial resolution 

for vegetation classification, and (4) free and easy accessibility of Landsat-4-5 Thematic Mapper 

(TM) and Landsat-8 Operational Land Imager (OLI) images, courtesy of the U.S. Geological Survey.

Landsat 1 was first launched in 1972, and aboard it was the Multispectral Scanner (MSS). Since 

then, there have been six more successful satellites launches. Landsat 2 launched in 1995 and 

Landsat 3 launched 1978, both of which also carried the MSS. The launch of Landsat 4 followed 

in 1982, and then Landsat 5 in 1984, both of which had an update to the TM as well as carrying 

the MSS. Landsat 7 launched in 1999 had an Enhance Thematic Mapper (ETM+). Lastly, Landsat 

8 was launched in 2013 carrying the Operational Land Imager (OLI). The suite of Landsat 

satellites provides the longest record of continuous satellite imagery, more than 40 years, for 

monitoring the Earth's land processes from space at medium resolution. It has been 

demonstrated through numerous studies that the combination of spatial and spectral 

resolutions of Landsat sensors (Table 2) make it a good source of remote sensing images for 

vegetation/land cover mapping (Basham May et al., 1997; Cingolani et al., 2004; Harvey and 

Hill, 2001; Kussul et al., 2015; Wolter et al., 1995; Zhao et al., 2015 and others), especially 

studies related to observing long term changes to the Earth's surface (Xie et al., 2008).
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Table 2. Landsat 4-5 TM and Landsat 8 OLI spectral and spatial resolution. *The 
thermal band was acquired at 120 m resolution but resampled to 30 m pixels

Satellite Bands Wavelength (pm) Spatial Resolution (m)

Landsat 4-5 TM Band 1 - Blue 0.45 - 0.52 30
Band 2 - Green 0.52 - 0.60 30
Band 3 - Red 0.63 - 0.69 30
Band 4 - Near Infrared 0.76 - 0.90 30
Band 5 - Shortwave Infrared (1) 1.55 - 1.75 30
Band 6 - Thermal 10.40 - 12.50 120*
Band 7 - Shortwave Infrared (2) 2.08 - 2.35 30

Landsat 8 OLI Band 1 - Ultra Blue 0.435 - 0.451 30
Band 2 - Blue 0.452 - 0.512 30
Band 3 - Green 0.533 - 0.590 30
Band 4 - Red 0.636 - 0.673 30
Band 5 - Near Infrared 0.851 - 0.879 30
Band 6 - Shortwave Infrared (1) 1.566 - 1.651 30
Band 7 - Shortwave Infrared (2) 2.107 - 2.249 30

Images used for the 1985, 1995, or 2005 vegetation classification maps were Landsat 4/5 TM 

surface reflectance products at 30 meter spatial resolution. All images used for the 2015 

vegetation classification map were Landsat 8 OLI surface reflectance products at 30 meter 

spatial resolution. Surface reflectance products were chosen because they are atmospherically 

corrected and can be directly compared to spectral curves collected either from ground 

measurements or other instruments (Masek et al., 2006). Individual images were selected 

based on the amount of cloud cover, with perfectly clear images being optimal. Images were 

then further narrowed down by the amount of greening in the images, classified as either leaf 

on or leaf off (with leaf on being preferred in the use of the final product, but leaf off used 

to distinguish between deciduous and evergreen during visual interpretation). The 

specifications of each scene used to generate the maps, including their World Reference 

System (WRS) path and row numbers, are displayed in Table 3 below.

A Digital Elevation Model (DEM) of the area was acquired from the USGS National Elevation 

Dataset (NED) (accessed at https://nationalmap.gov/elevation.html). The NED is a continuous
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raster elevation product for the conterminous United States, Alaska, Hawaii, and the island 

territories, and represents the best available elevation data for the large area coverage, with 

source data from both public and private entities. For the conterminous United States, the grid 

spacing is 1-arc-second, or approximately 30 meters. For the state of Alaska, lower resolution 

source data resulted in the use of 2-arc-second grid spacing, or 60 meter resolution (Gesch et 

al., 2002). The DEM was resampled to 30 meter resolution, and slope and aspect files were 

created in ArcGIS from the DEM and were also used as input into the classification procedure.

Table 3. Landsat Scene Specification. Each scene used was the least cloudy image fo r that path and 
row within the decade. Data acquired in mm/dd/yyyy format.

LansatScene ID Spacecraft ID Sensor ID WRS Path WRS Row Date Aquired Cloud Cover (%)
1985 Map
LT50680141985213XXX09 Landsa t 5 TM 68 14 8/1/1985 0
LT50680151987235XXX01 Landsat 5 TM 68 15 8/23/1987 9
LT50690141984266PAC02 Landsat 5 TM 69 14 9/22/1984 0
LT50690151984266PAC06 Landsat 5 TM 69 15 9/22/1984 3
1995 Map
LT40680141993195XXX01 Landsat 4 TM 68 14 7/14/1993 10
LT40680151993195XXX02 Landsat 4 TM 68 15 7/14/1993 0
LT50690141991173XXX02 Landsat 5 TM 69 14 6/22/1991 2
LT50690151991173XXX04 Landsat 5 TM 69 15 6/22/1991 9
2005 Map
LT50680142003199PAC03 Landsat 5 TM 68 14 7/18/2003 0
LT50680152003199PAC03 Landsat 5 TM 68 15 7/18/2003 1
LT50690142006246PAC01 Landsat 5 TM 69 14 9/3/2006 7
LT50690152003222PAC02 Landsat 5 TM 69 15 8/10/2003 2
2015 Map
LC80680142014261LGN01 Landsat 8 OLI_ TIRS 68 14 7/13/2013 1
LC80680152013194LGN01 Landsat 8 OLI_ TIRS 68 15 7/13/2013 3
LC80690142013169LGN01 Landsat 8 OLI_ TIRS 69 14 6/18/2013 7
LC80690152013169LGN01 Landsat 8 OLI_ TIRS 69 15 6/18/2013 5

Four Landsat scenes cover the study area (see Figure 12 and 13). Although the scenes can be 

identified by their WRS path and row, from this point on they may also be referred to as the 

northeast, northwest, southeast, or southwest scenes for ease of reference.
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Figure 12. Landsat scene locations. Scenes are displayed as a false natural color composite with 
shortwave medium infrared, near infrared, and red bands displayed as red, green, and blue,

respectively.
Northwest Scene: WRS 69-14 
Northeast Scene: WRS 68-14 
Southwest Scene: WRS 69-15 
Southeast Scene: WRS 68-15
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The geographic location of the study area and the orbiting paths of the Landsat satellites 

creates significant overlap between the scenes (Figure 13). The order of the overlap varies with 

each map, depending on the cloudiness of the individual scenes, with the clearest scenes being 

displayed in front.

150'0'0'W 148°0'0"W 146"0'0"W 144”0-0"W -mz'O'o-w

 I_______________ I_______________ I_______________ I_______________

150°0'0"W 148°0'0"W 146°0'0"W 144°0'0'W

Figure 13. Landsat scene overlap. Landsat scenes displayed in a false 
natural color composite. The displayed configuration is fo r the 2005 map, 

but the order o f overlap varies between each map, depending on
cloudiness.

2.2. Field Data

Field data was used from two different sources and was split into two parts a) as training data 

for the vegetation classification, and b) testing data for the model evaluation. The first was 

from the Bonanza Creek Long Term Ecological Research (BNZ-LTER) Network, which provided
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us with all their known vegetation plots. All the ground-truth information from the BNZ-LTER 

was collected through field observation (Hollingsworth, 2010). The second set of ground-truth 

training data came from the public LANDFIRE Reference Database (LFRDB) provided by the 

LANDFIRE Program (LANDFIRE, 2001). The LFRDB is a compiled dataset that includes all 

existing georeferenced field data available for the United States that has been made available 

to the public and is collected from both government and nongovernment sources. This 

information goes through a series of quality controls, such as satellite image overlay and 

comparison to digital photographs when available (Rollins, 2009). Both datasets included 

latitude and longitude locations of an area of known vegetation type, a description of the area, 

and the year the data was collected. Both datasets were clipped to the area of interest and 

projected into the default coordinate system of the Landsat scenes, UTM Zone 6 North with a 

WGS 84 datum. The ground truth data points were sorted into one of the 9 vegetation cover 

types by their site description. With both data sets combined, there were nearly 4,000 ground 

truth points. Figure 14 below shows the distribution of all available field data within the study 

area.
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Figure 14. Distribution o f all available field data shown in red. 
20% o f this field data will be withheld fo r model accuracy 

assessments.
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3. METHODS

The sequence for the pre-processing, classification processing and the post-processing is shown 

below in Figure 15. The field data required much more pre-processing work than the remote 

sensing imagery.

Figure 15. Methodology flow  chart: This flow  chart shows the process 
to complete one vegetation map. This process was repeated three more 

times to generate the four vegetation maps. Comparative analysis o f 
multitemporal vegetation maps occur after all vegetation maps are

generated.

23



3.1. Pre-processing

A large amount of preprocessing was required before scenes could be classified. Images that 

were acquired on the same day were mosaicked using ERDAS Mosiac Pro with the automatic 

weighted seamlines. Weighted seam lines are automatically generated by a weighted 

combination of color and gradient similarities to find the locations with high similarity (Yu et a l., 

2012). Once the ground truth data was clipped to the study area, all points that were lying under 

cloud cover or cloud shadow were removed. Cloud cover and cloud shadow were identified using 

visual interpretation, paying close attention to color, texture, and shape. Cloud shadows were 

easily identified due to their dark, almost black, color in a false natural color composite, where the 

first shortwave infrared band (SWIR-1) is displayed in red, near infrared (NIR) band is displayed in 

green and red band is displayed as blue. Clouds were more easily identified in a custom band 

combination where the blue band is displayed in red, the green band is displayed in green, and 

the SWIR-1 band is displayed in blue. A comparison of the false natural and false color composites 

is displayed in Figure 16. The clouds appear a much brighter white where the background appears 

a dark blue color compared to the false natural color composite. A broad cloud mask was manually 

digitized for each scene and used to remove the points.

148*200'W  113‘ 100"W  14S*OW V 148 *20 O 'A1 14a*100"7V U S ' C C iY

Figure 16. False natural and false color composite comparison. A) False natural color 
composite B) False color composite. Thinner, hazy clouds and clouds above the mountains 

are more easily identified in the false color composite in white.
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As Figure 17 shows, forest fire is the largest natural disturbance in the state of Alaska (LANDIRE, 

2012b). A subset of training points that were not located within any fire scars (fire boundaries 

provided by the Alaska Interagency Coordination Center and housed at the Alaska Fire Science 

Consortium) from 1980-2017 were used as the base training set for all images, because without 

fire disturbances, these areas were likely to go unchanged.

Figure 17. Vegetation disturbances fo r Alaska. Fire is represented in red, and is by fa r the 
largest disturbance agent fo r vegetation in interior Alaska (From LANDFIRE, 2012b).

These points were buffered with a radius distance of 150 meters and then converted to polygons 

to increase the number of training pixels in each scene. This specific buffering distance was 

reached through a series of trial and error where a smaller buffering distance did not provide 

enough training pixels, and a larger buffering distance had too many points of different classes 

overlapping. Any polygons overlapping bodies of water were removed. To further increase the 

amount of training information in each scene, large polygons of the following classes were 

manually digitized and used as training data: open water, ice/snow, deciduous forest, evergreen
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forest, and barren land. These polygons were created using visual interpretation. Open water, 

ice/snow, and barren land polygons were digitized by looking at the original imagery as these 

classes are easily identified in the imagery by their color, texture, and shape. Deciduous and 

evergreen polygons were created while comparing a leaf-off scene to the original. Up until this 

point, all information was a combination of tabular and vector data. The last step before 

classification was conversion to a raster training dataset. If an overlap of classes occurred within 

the same raster cell, the class with the most instances determined the value for that cell.

The first map to be completed was the 2005 map, as the USGS NLCD 2001 map could be used as 

a good comparative baseline. A set of training data was completed for each Landsat scene for the 

2005 map following the methods described above. The base set of training data for each scene 

was then adjusted for all the following scenes in the 1985, 1995, and 2015 maps. Because maps 

still needed to be completed for time windows before and after the base map, the base sets of 

training data needed to be adjusted. For the 1985 and 1995 classified images, there were points 

in the training set that were removed because of fires scars that were present in the 2005 

classified image but occurred after the acquisition date of the new Landsat imagery (i.e. points 

that were located in burn scars in the 1990s needed to be removed for the 2005 time period but 

could still be used for the 1985 time period). These points were buffered and supplemented back 

into the scene. Conversely, there were points that were located in fire scars occurring after the 

acquisition data of the Landsat imagery for the 2005 classified image, but before the acquisition 

date of the new 2015 Landsat imagery (i.e. any points within fires scars before 2013 were no long 

suitable for the 2015 classified image). These points were removed. The larger digitized polygons 

of open water, ice/snow, deciduous forest, evergreen forest, and barren land were visually 

checked to see if they still fit the scenes and were removed or adjusted to reflect the changes 

between the scenes. For example, the two braided rivers throughout the study area were 

continually changing throughout the years, with channels changing width and shape. Digitized 

polygons of open water along the river channels needed to be adjusted for each scene to account 

for the changing shape of the braided channels.
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3.2. Classification Process

A decision tree (DT) software, See5 (the Windows version of the Linux C5 software), was used to 

run the classification process (Quinlan 1993). DT is a supervised prediction method that partitions 

data values into predefined sets of classes by their attribute values. DTs rely on training sets for 

their machine learning, and a positive correlation exists between training sets and predictive 

performance (Rokach and Maimon, 2008). DTs are composed of nodes and branches. There are 

three different types of nodes; the root node which contains the decision that will further 

subdivide all records into a minimum of two mutually exclusive subsets, the internal nodes which 

split the data into one of the remaining available choices at that location in the tree, and the leaf 

nodes which represent the final outcome after the combination of prior decisions. The branches 

represent the outcomes that originate from the previous node. The branches follow a hierarchy 

and can be represented by if-then rules (Song and Ying, 2015).

See5 uses an adapted form of the gain criterion, Equation 1, known as the information gain ratio, 

Equation 2, which adjusts for the bias of test results with many outcomes resulting from the gain 

criterion.
n

Z
Tt
— x log2
Tt

T
i= i

Equation 1.The potential information generated by dividing training classes, T, into subsets n. The 
information relevant to classification that comes from this same division is known as the information

gain (From Quinlan 1993).

g a in  r a t io (X )  = s ain(x^
sp lit info(X )

Equation 2.The gain ratio conveys the useful information fo r the classification generated by the split
(From Quinlan 1993).

This maximizes the proportion of information that appears helpful for the classification (Homer et 

al., 2004; Quinlan 1993). See5 also offers a pruning algorithm, reduced error, to ensure overfitting 

of the training data does not happen. First, the decision tree is grown so that all training samples
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are classified correctly. Then, error rates of the tree on a set of unseen separate cases are 

assessed. The tree is 'pruned' by removing leaf nodes that are fit to noise in the training data and 

are predicted to have high error rates. This is done by working from the bottom of the tree up, 

replacing internal nodes with the most frequent class if accuracy is not reduced (Friedl and 

Brodley, 1997; Homer et al., 2004; Quinlan 1993; Rokach and Miamon, 2008). Adaptive boosting 

is an advanced feature that See5 is equipped with based on the work of Freund and Schapire 

(1996). Several decision trees are generated, and each consecutive tree pays close attention to 

the mistakes regarding certain classes in order to correct them. Each class is initially weighted 

equally, but after the first iteration, comparison of the classification output and the labels for each 

class uncover classes that have been classified incorrectly. These weaker classes are given an 

increased weight and the algorithm is run again. The iterations continue until the trials reach very 

good or very poor results, or until the set number of iterations is complete (Pal and Mather, 2003; 

Quinlan, 1996). In this study, a 10-classifier boosting (10 iterations) was used, which on average 

results in a reduction between 10-19% of the classification error (Quinlan, 1996). Another 

advanced feature See5 contains is cross validation. For this study the training data set is divided 

into 10 subsets of equal size to conduct a 10-fold cross validation. The model is run 10 times, each 

time an accuracy assessment is derived one subset is used to evaluate the accuracy assessment 

derived from the other 9 subsets. Although cross validation is used to describe estimates of model 

prediction accuracy, this type of validation is only a first order estimate of data quality, not a 

formal accuracy assessment. The logic behind this is addressed in more detail in section 4.2 

(Homer et al., 2007).

Other types of classifiers were considered for the classification, such as spectral clustering or 

artificial neural networks, but ultimately the decision tree algorithm was preferred over the other 

methods of classification. Decision tree has the following advantages over other types of classifiers 

(Homer et al., 2007): its independence of the distribution of class signatures from its non- 

parametric nature, its ability to work with nominal and continuous data, its generation of readable 

and interpretable classification rules, its speed in training, and its performance (often slightly more 

accurate compared to the previously mentioned classifiers).
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ERDAS Imagine, along with a See5 plug in and an interface designed to generate classified pixels 

from DT models generated by USGS was used for the classification process and ran on a Windows 

10 operating system (Homer et al., 2001). In this study, 80% of ground truth data was used for 

classification, and 20% was withheld for the model evaluation. The sample method for all training 

data was stratified random. Independent inputs into the software were always the image (or 

mosaicked image) and the DEM and/or slope/aspect file, and the training raster was always the 

dependent variable. Several iterations through the software, along with adjustments to the 

training data (increasing or decreasing the number or sizes of digitized areas of classes), were 

needed to improve classification accuracy for each scene.

3.3. Post-processing

Four different types of post-processing procedures were needed after the classification process. 

This first type was a "smart eliminate aggregation algorithm" generated by the USGS. This 

algorithm aggregated to a one acre (five pixel) minimum mapping unit using eight corner 

connectivity from a central pixel and made a "smart" decision on a dissolve protocol based upon 

a weighting table. This particular algorithm allows corner and square (queen and rook), or 8 pixels 

connectivity to count giving equal weight to both. This allows for nonlinear features, such as 

streams, to remain intact. The smart eliminate algorithm is designed to remove only noise, such 

as the salt and pepper effect, and retain the exact look and feel, as where these features could 

be dissolved out by traditional clump and sieve filters. For example, a braided stream running 

northwest to southeast undergoing this algorithm will remain touching only the corners (Homer 

et al., 2001).

The second type is manual editing due to the long shadows introduced throughout the 

mountainous region of the Alaska Range near the bottom of southwest and southeast scenes. 

These shadows are often classified as open water or evergreen vegetation classes, although they
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were clearly mapped over the glaciated areas in the Alaska Range, and should have been 

classified as ice/snow. These pixels were manually recoded to their correct ice/snow class.

The third post-processing procedure was in the form of a mask. Two different masks were applied 

to the final vegetation map products. The first was the no data mask (i.e. areas with insufficient 

data to be classified were masked). Although training data was removed in areas of clouds or 

cloud shadows with a manually digitized broad cloud mask, these features remained present in 

the image while the classification was being processed. For this reason, a cleaner and tighter 

fitting mask was generated where clouds and cloud shadows completely covered the ground 

surface from view, or interfered with the classification process, resulting in incorrect or no data 

for the classification. These tighter masks were created with an algorithm called Fmask when 

possible (Zhu et al., 2015; Zhu and Woodcock, 2012). The USGS uses a derivative (conversion to 

C code) of this software called CFMask in creating their Landsat Level 1 Collection 1 quality 

assessment band (Foga et al., 2017). The version used in this study is newer (4.0 vs 3.3) and runs 

on a Windows 10 operating system (download and more information available at 

https://github.com/prs021/fmask). The masks created for the southwest and southeast scenes 

were manually adjusted when ice/snow was picked up as cloud and when the shadows created 

by the Alaska Range were confused for shadow. In the case of thin clouds, visual interpretation 

was used to check if the translucent or hazy clouds interfered with the classification or not and 

were masked if they did.

The fourth post-processing step was applying the second mask, an urban mask, to the final 

vegetation products. Although the following maps are vegetation maps, there is one heavily 

populated area within the study area. The urban impervious surfaces mask was created by 

clipping the image to the extent of the urban area and running a separate supervised 

classification (much simpler than the detailed vegetation classification) in ERDAS Imagine with 

the following broad classes: urban, water, and vegetation. Since the study area has only one 

significant urban area, the urban mask covers all impervious surfaces and is not separated into 

the amount of development like the USGS NLCD maps.
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4. RESULTS

This chapter contains the results from the classification methodology work flow of the four 

vegetation maps for the study area for the nominal years of 1985, 1995, 2005, and 2015. The 

error matrix and user's and producer's accuracies for each scene or mosaicked scenes are also 

presented. The overall accuracy for each scene, as well as an overall weighted accuracy for each 

map has been generated. The distribution of the 9 vegetation classes (plus open water, ice/snow 

and barren land) for each map is also displayed. Lastly, cross tabulation tables were generated 

between the years of 1985-2015, and 1995-2015.

4 .1 . Vegetation Classification Maps

4.1.1. 1985 Vegetation Classification Map

For the 1985 vegetation map, the northwest and southwest scenes were mosaicked together 

because they were acquired on the same day of the same year. These two scenes had the latest 

acquisition date in the season out of all the images for all the maps, September 22nd. By this time 

in Alaska, it is likely that the deciduous trees had lost a good amount of their foliage. This is 

further discussed in Chapter 5. The northeast and southeast scenes were also mosaicked 

together, even though they were not acquired on the same day or even the same year, because 

they were similar enough in their phenology.
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Figure 18. 1985 Vegetation Map. Because o f the later acquisition date fo r the 
southwest scene, this map has the most extensive snow cover.
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4.1.2. 1995 Vegetation Classification Map

For the 1995 map, the northwest and southwest scenes mosaicked, as well as the northeast and 

southeast scenes. The decade of the 1990's was the most difficult to find cloud free imagery, 

resulting in this map having the most cloud coverage of all the maps, even though the clearest 

images for each WRS path and row from this decade were selected.
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Figure 19. 1995 Vegetation Map. The m ost cloud covered map from this study.
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The northeast and southeast scenes were mosaicked together for the 2005 vegetation cover 

map. This was the first vegetation map to be completed and served as the base map for this 

study. Several iterations through the classification process were required for each scene in this 

map to get a good base training set for each scene.

4.1 .3 . 2 005  Vegetation Classification M a p
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Figure 20. 2005 Vegetation Map. The base map fo r this study.
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The northwest and southwest scenes, as well as the northeast and southeast scenes were 

mosaicked together to generate this map. This decade had the most cloud free images available 

compared to the other three but finding perfectly clear images for the area of study was still a 

challenge.

4.1 .4 . 2 015  Vegetation Classification M a p
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4.2. Classification Model Perform ance

An accuracy assessment has not been carried out for these classification maps, because of the 

unavailability of a separately collected set of ground truth data. What is presented here is a 

model evaluation using 20% of separately withheld unseen instances of the training data. The 

model evaluations were carried out before post-processing pixel edits and the placement of the 

masks. These should only be used to reflect the accuracy of the model, not the classification itself. 

For a true accuracy assessment of a classified map to be carried out, the training data used to 

generate the map should be compared to a set of fairly accurate reference data collected 

separately in the field. The inability to find separately collected ground truth data has prevented 

us from performing a true accuracy assessment. If an accuracy assessment is carried out using 

the same training data, any inherent biases would also be extrapolated to the accuracy 

assessment allowing for potential errors to remain unrecognized and not quantified. For this 

reason, the statistics provided below only represent how the model itself is preforming in 

classifying each class, not the actual accuracy of the classes (Congalton, 1991).

The overall model accuracy is calculated by dividing the total number of correctly classified points 

(diagonal in the error matrix) by the total number of points within the error matrix. As it is named, 

the overall accuracy gives a general idea of the model's performance, but more detailed 

calculations are needed to assess each class separately. The producer's accuracy is calculated by 

dividing the number of correct pixels for each class by the total number of pixels in that class. 

This accuracy represents the probability of a reference point of that class being classified 

correctly. It gives the producer of the map an idea about how accurately each class can be 

classified. The user's accuracy is calculated by dividing the number of correctly classified points 

by the total number of points classified as that class. This accuracy provides the reliability to the 

user of the map that each class on the map actually represents that class on the ground. The 

kappa analysis is computed by running the KHAT statistic (Equation 3). The kappa analysis can be 

used to determine how much better the results are from the error matrix than random results. 

A kappa value of 0 means that our results are no better than a random result, while a kappa value
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closer to 1 indicates that our results are significantly better than a random result (Congalton, 

1991).

_  N I f =1 x u -  'Zri=1( x i+ * X+j)

N 2 -  Sr=iCxj+ * x+j)

Equation 3. KHAT statistic. N is the total number o f observations, r is the number o f 
rows in the matrix, xa is the number o f observations in row i and column i, x+ and x+i 
are the marginal totals o f row i and column i, respectively (From Congalton 1991).
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4.2 .1 . 1985  Classification M o d e l P erform ance

Table 4. 1985 map northwest and southwest scenes classification model performance in number o f pixels

P69 R14 & 15 - September 22nd 1984 a b c d e f g h i j k l Total P69 R14&15 - September 22nd 1984 User's Producer's

Deciduous Forest (a) 14212 213 94 0 55 11 0 46 32 6 0 0 14669 Deciduous Forest 96.9% 94.7%

Evergreen Forest (b) 262 28141 138 10 95 4 2 145 47 14 6 0 28864 Evergreen Forest 97.5% 95.0%

Mixed Forest (c) 251 447 3635 6 46 3 0 114 33 4 0 0 4539 Mixed Forest 80.1% 89.8%

Dwarf Shrub (d) 4 25 8 783 41 5 2 5 54 4 0 0 931 Dwarf Shrub 84.1% 89.4%

Shrub/Scrub (e) 141 187 56 28 7097 21 11 49 318 16 10 0 7934 Shrub/Scrub 89.5% 90.7%

Sedge/Herbaceous (f) 12 21 4 5 59 667 3 5 40 5 1 0 822 Sedge/Herbaceous 81.1% 89.8%

Grassland/Herbaceous (g) 4 6 2 7 26 5 350 2 32 0 0 0 434 Grassland/Herbaceous 80.6% 92.1%

Woody Wetlands (h) 42 399 66 3 46 3 3 4832 80 2 6 0 5482 Woody Wetlands 88.1% 90.0%

Emergent Herbaceous Wetlands (i) 52 142 39 31 298 21 6 160 5701 7 3 0 6460 Emergent Herbaceous Wetlands 88.3% 89.6%

Barren Land (j) 20 22 3 3 43 3 3 5 14 816 4 1 937 Barren Land 87.1% 93.0%

Open Water (k) 4 9 3 0 16 0 0 6 10 0 6203 0 6251 Open Water 99.2% 99.5%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 3 0 6425 6428 Ice/Snow 100.0% 100.0%

Total 15004 29612 4048 876 7822 743 380 5369 6361 877 6233 6426 83751

Table 5. 1985 map northeast and southeast scenes classification model performance in number o f pixels

P68 R14 & 15 - August 1st & 3rd 1985 & 1987 a b c d e f g h i j k l Total P68 R14 & 15 - August 1st & 3rd 1985 & 1987 User's Producer's

Deciduous Forest (a) 18251 283 81 5 63 1 0 50 28 0 2 0 18764 Deciduous Forest 97.3% 93.5%

Evergreen Forest (b) 449 24646 146 23 170 7 3 232 112 0 5 0 25793 Evergreen Forest 95.6% 92.3%

Mixed Forest (c) 392 484 1818 11 70 1 1 101 36 0 2 0 2916 Mixed Forest 62.3% 82.7%

Dwarf Shrub (d) 27 54 5 670 110 5 3 18 84 4 1 1 982 Dwarf Shrub 68.2% 81.1%

Shrub/Scrub (e) 236 336 44 66 4263 33 15 101 641 6 4 2 5747 Shrub/Scrub 74.2% 77.5%

Sedge/Herbaceous (f) 7 29 5 7 88 255 5 8 115 0 0 0 519 Sedge/Herbaceous 49.1% 72.9%

Grassland/Herbaceous (g) 1 22 2 3 28 4 172 10 39 2 1 0 284 Grassland/Herbaceous 60.6% 77.5%

Woody Wetlands (h) 81 646 65 9 139 4 9 2411 93 2 5 1 3465 Woody Wetlands 69.6% 79.4%

Emergent Herbaceous Wetlands (i) 73 186 26 27 548 39 14 97 3236 2 2 2 4252 Emergent Herbaceous Wetlands 76.1% 73.4%

Barren Land (j) 6 16 1 5 17 1 0 1 20 444 6 0 517 Barren Land 85.9% 96.5%

Open Water (k) 1 11 4 0 6 0 0 4 7 0 5194 0 5227 Open Water 99.4% 99.5%

Ice/Snow (l) 0 0 0 0 1 0 0 2 0 0 0 9700 9703 Ice/Snow 100.0% 99.9%

Total 19524 26713 2197 826 5503 350 222 3035 4411 460 5222 9706 78169
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The northwest and southwest scenes had an overall accuracy of 94.2% and a kappa index of 0.93. The northeast and southeast scenes 

had an overall accuracy of 90.9% and a kappa index of 0.89. Some classes are consistent over each scene, and others differed in 

accuracy. Deciduous and evergreen classified very well with accuracies at or above 92.3%. Mixed forest, dwarf shrub, shrub, woody 

wetlands and emergent herbaceous wetlands all performed well having accuracies ranging between 80.1-90.7% for the northwest 

and southwest scenes but performed moderately in the northeast and southeast scenes having ranges between 62.4-82.8%. Grassland 

and sedge had the fewest ground truth points out of all the classes resulting in wide ranges of accuracy. For the northwest and 

southwest scenes, the accuracies were between 80.7-92.1%, and ranges of 49.1-77.5% for the northeast and southeast scenes. 

Grassland and sedge accounted for the least percentage of training data throughout all scenes, and is most likely the reasoning behind 

the wide ranges of accuracies. Open water and ice/snow performed very well with 99.2% accuracy or above, and barren land also 

performed well, between 85.9-96.5%.



43

4.2 .2 . 1995  Classification M o d e l P erform ance

Table 6. 1995 map northwest and southwest scenes classification model performance in number of pixels

P69 R14 & 15 - June 22nd 1991 a b c d e f g h i j k l Total P69 R14 & 15 - June 22nd 1991 User's Producer's

Deciduous Forest (a) 12914 350 194 2 94 1 2 113 42 6 0 0 13718 Deciduous Forest 94.1% 90.6%

Evergreen Forest (b) 410 23147 302 21 254 12 8 443 192 12 2 0 24803 Evergreen Forest 93.3% 86.6%

Mixed Forest (c) 448 810 2194 12 91 4 2 220 97 6 4 0 3888 Mixed Forest 56.4% 72.2%

Dwarf Shrub (d) 7 53 9 438 79 6 2 22 41 10 4 0 671 Dwarf Shrub 65.3% 76.2%

Shrub/Scrub (e) 250 691 82 42 3767 42 29 235 424 21 11 0 5594 Shrub/Scrub 67.3% 73.9%

Sedge/Herbaceous (f) 19 83 11 2 91 278 5 27 52 1 0 0 569 Sedge/Herbaceous 48.9% 73.0%

Grassland/Herbaceous (g) 15 33 4 3 66 7 195 10 24 2 0 0 359 Grassland/Herbaceous 54.3% 73.6%

Woody Wetlands (h) 71 921 144 14 132 4 8 3087 166 0 4 0 4551 Woody Wetlands 67.8% 69.5%

Emergent Herbaceous Wetlands (i) 100 552 86 24 459 27 11 271 2834 15 12 0 4391 Emergent Herbaceous Wetlands 64.5% 72.3%

Barren Land (j) 17 67 11 17 54 0 3 6 29 248 6 0 458 Barren Land 54.1% 76.1%

Open Water (k) 8 31 3 0 13 0 0 5 18 5 6888 0 6971 Open Water 98.8% 99.4%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 2600 2600 Ice/Snow 100.0% 100.0%

Total 14259 26738 3040 575 5100 381 265 4439 3919 326 6931 2600 68573

Table 7. 1995 map northeast and southeast scenes classification model performance in number o f pixels

P68 R14 & 15 - July 14th 1993 a b c d e f g h i j k l Total

Deciduous Forest (a) 17481 219 97 6 42 2 1 52 22 0 1 0 17923 P68 R14 & 15 - July 14th 1993 User's Producer's

Evergreen Forest (b) 362 23210 145 9 146 8 4 265 97 2 1 0 24249 Deciduous Forest 97.5% 94.1%

Mixed Forest (c) 420 513 1332 6 49 0 0 140 26 1 1 0 2488 Evergreen Forest 95.7% 92.1%

Dwarf Shrub (d) 22 41 8 497 49 2 0 4 27 3 0 0 653 Mixed Forest 53.5% 77.4%

Shrub/Scrub (e) 161 344 35 48 3079 16 13 86 349 7 0 2 4140 Dwarf Shrub 76.1% 82.4%

Sedge/Herbaceous (f) 2 35 2 4 46 197 4 8 62 1 1 0 362 Shrub/Scrub 74.4% 78.9%

Grassland/Herbaceous (g) 5 14 1 8 19 0 81 2 30 0 0 0 160 Sedge/Herbaceous 54.4% 77.9%

Woody Wetlands (h) 85 597 76 4 106 1 3 2116 105 5 4 1 3103 Grassland/Herbaceous 50.6% 69.2%

Emergent Herbaceous Wetlands (i) 40 203 19 14 349 25 11 189 2283 2 10 0 3145 Woody Wetlands 68.2% 73.9%

Barren Land (j) 7 21 3 7 12 2 0 1 7 302 1 0 363 Emergent Herbaceous Wetlands 72.6% 75.6%

Open Water (k) 0 13 4 0 4 0 0 2 10 2 4986 1 5022 Barren Land 83.2% 92.9%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 8144 8144 Open Water 99.3% 99.6%

Total 18585 25210 1722 603 3901 253 117 2865 3018 325 5005 8148 69752 Ice/Snow 100.0% 100.0%
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The northwest and southwest scenes had an overall accuracy of 85.4% and a kappa index of 0.82. The northeast and southeast scenes 

had an overall accuracy of 91.3% and a kappa index of 0.89. The scenes in this map were the closest in their phenology compared to 

the other years and resulted around the same ranges of accuracies for each class. Deciduous and evergreen forests had accuracies at 

or above 86.5%, while mixed forest displayed a wide range between 53.5-77.4%. Dwarf shrub and shrub performed moderately, with 

ranges between 65.3%-82.4%. Woody wetlands and emergent herbaceous wetlands had similar ranges, between 50.6-75.7%; the 

difficulties of classifying wetlands is further discussed in section 5.2. Sedge and grassland were the two classes that had accuracies 

that were less than satisfactory, with ranges between 48.9-77.9%. Open water and ice/snow did very well having all accuracies at 

98.8% or above. Barren land was close behind, with accuracies between 78.1-91.7%.
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4 .2 .3  2 0 0 5  Classification M o d e l Perform ance

Table 8. 2005 map northwest scene classification model performance in number o f pixels
P69 R14 - September 3rd 2006 a b c d e f g h i j k l Total P69 R14 - September 3rd 2006 User's Producer's

Deciduous Forest (a) 13696 193 95 2 56 2 1 68 29 2 0 0 14144 Deciduous Forest 96.8% 94.7%

Evergreen Forest (b) 288 26046 169 4 99 5 2 163 127 7 3 0 26913 Evergreen Forest 96.8% 93.8%

Mixed Forest (c) 248 486 3053 2 48 4 0 93 34 3 1 0 3972 Mixed Forest 76.9% 87.7%

Dwarf Shrub (d) 6 25 6 472 27 3 0 7 35 3 3 0 587 Dwarf Shrub 80.4% 89.6%

Shrub/Scrub (e) 115 274 41 24 4098 4 7 66 187 28 2 0 4846 Shrub/Scrub 84.6% 89.2%

Sedge/Herbaceous (f) 7 31 6 0 16 314 2 4 19 2 0 0 401 Sedge/Herbaceous 78.3% 91.3%

Grassland/Herbaceous (g) 1 3 0 0 18 1 181 0 26 0 1 0 231 Grassland/Herbaceous 78.4% 88.7%

W oody Wetlands (h) 40 399 73 4 45 4 2 4253 91 1 4 0 4916 Woody Wetlands 86.5% 88.5%

Emergent Herbaceous Wetlands (i) 38 268 32 19 158 6 9 147 3533 10 7 0 4227 Emergent Herbaceous Wetlands 83.6% 86.2%

Barren Land (j) 19 20 5 0 25 1 0 2 13 652 6 1 744 Barren Land 87.6% 92.1%

Open Water (k) 0 18 1 0 4 0 0 2 4 0 6987 0 7016 Open Water 99.6% 99.6%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 6111 6111 Ice/Snow 100.0% 100.0%

Total 14458 27763 3481 527 4594 344 204 4805 4098 708 7014 6112 74108

Table 9. 2005 map northeast and southeast scenes classification model performance in number o f pixels

P68 R14&15 - July 18th 2003 a b c d e f g h i j k l Total P68 R14&15 - July 18th 2003 User's Producer's

Deciduous Forest (a) 18143 120 59 0 20 1 0 24 12 1 0 0 18380 Deciduous Forest 98.7% 96.8%

Evergreen Forest (b) 192 24665 79 7 39 3 4 49 40 1 1 0 25080 Evergreen Forest 98.3% 96.4%

Mixed Forest (c) 272 216 1795 2 11 0 0 24 13 0 0 0 2333 Mixed Forest 76.9% 90.0%

Dwarf Shrub (d) 5 19 0 713 23 6 1 2 28 1 0 0 798 Dwarf Shrub 89.3% 92.6%

Shrub/Scrub (e) 63 153 15 22 3525 5 4 21 181 8 1 0 3998 Shrub/Scrub 88.2% 92.1%

Sedge/Herbaceous (f) 0 28 2 3 18 283 3 6 36 0 0 0 379 Sedge/Herbaceous 74.7% 89.3%

Grassland/Herbaceous (g) 0 4 0 4 4 1 120 0 7 1 0 0 141 Grassland/Herbaceous 85.1% 82.2%

Woody Wetlands (h) 30 248 26 0 27 2 2 2329 34 0 0 0 2698 Woody Wetlands 86.3% 93.7%

Emergent Herbaceous Wetlands (i) 35 106 19 19 146 14 10 24 3176 4 1 0 3554 Emergent Herbaceous Wetlands 89.4% 89.9%

Barren Land (j) 3 14 0 0 12 2 2 2 4 395 0 4 438 Barren Land 90.2% 95.6%

Open Water (k) 0 5 0 0 2 0 0 4 3 0 5766 0 5780 Open Water 99.8% 99.9%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 2 0 12309 12311 Ice/Snow 100.0% 100.0%

Total 18743 25578 1995 770 3827 317 146 2485 3534 413 5769 12313 75890
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Table 10. 2005 map southwest scene classification model performance in number o f pixels

P69 R15 - August 10th 2003 a b c d e f g h i j k l Total P69 R15 - August 10th 2003 User's Producer's

Deciduous Forest (a) 10851 270 156 4 48 0 2 139 27 7 1 0 11505 Deciduous Forest 94.3% 92.0%

Evergreen Forest (b) 298 20345 277 8 100 0 0 481 74 15 2 0 21600 Evergreen Forest 94.2% 89.0%

Mixed Forest (c) 310 804 1804 5 50 4 0 318 38 4 3 0 3340 Mixed Forest 54.0% 69.1%

Dwarf Shrub (d) 8 18 6 205 22 0 0 5 0 4 0 0 268 Dwarf Shrub 76.5% 83.3%

Shrub/Scrub (e) 111 186 55 17 2701 1 0 171 29 7 1 0 3279 Shrub/Scrub 82.4% 88.3%

Sedge/Herbaceous (f) 8 21 15 0 8 51 6 20 0 0 0 0 129 Sedge/Herbaceous 39.5% 82.3%

Grassland/Herbaceous (g) 4 9 1 0 2 0 42 4 3 0 0 0 65 Grassland/Herbaceous 64.6% 72.4%

Woody Wetlands (h) 123 889 215 1 91 1 5 3407 156 6 22 0 4916 Woody Wetlands 69.3% 69.4%

Emergent Herbaceous Wetlands (i) 61 269 71 2 29 4 3 341 643 1 5 0 1429 Emergent Herbaceous Wetlands 45.0% 65.3%

Barren Land (j) 18 25 10 4 8 0 0 13 1 781 2 0 862 Barren Land 90.6% 94.2%

Open Water (k) 1 15 2 0 0 1 0 13 14 4 4411 0 4461 Open Water 98.9% 99.2%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 8198 8198 Ice/Snow 100.0% 100.0%

Total 11793 22851 2612 246 3059 62 58 4912 985 829 4447 8198 60052

The northwest scene had an overall accuracy of 93.6% and a kappa index of 0.92. The northeast and southeast scenes had an overall 

accuracy of 96.5% and a kappa index of 0.96. The southwest scene had an overall accuracy of 89.0% and a kappa index of 0.86 

Deciduous and evergreen performed well throughout all the scenes with having accuracies at 89.0% or above. Mixed forest classified 

well in the northwest, northeast, and southeast scenes with accuracies ranging from 76.9-90.0%, but the accuracy dropped in the 

southwest scene with a user's accuracy of 54.0% and producer's accuracy of 69.1%. The two shrub classes performed moderately with 

accuracies ranging between 76.5-92.6%. Like the mixed forest classes, sedge and grassland had accuracies of between 74.7-91.3% in 

scenes the northwest, northeast, and southeast scenes but ranged from 39.5% (the lowest accuracy of any class in any scene of this 

map) to 82.3% in the southwest scene. Wetlands also performed more poorly in the southwest scene, 45.0-69.4%, than in the other 

scenes, 83.6-93.7%. In all the scenes both the user's and producer's accuracies were at or above 98.9% for open water and ice/snow, 

and at or above 87.6% for barren land.
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4.2 .4 . 2 015  Classification M o d e l Perform ance

Table 11. 2015 northwest and southwest scenes classification model performance in number o f pixels

P69 R14&15 - July 13th 2013 a b c d e f g h i j k l Total P69 R14&15 - July 13th 2013 User's Producer's

Deciduous Forest (a) 9908 276 204 6 83 0 2 121 60 1 0 0 10661 Deciduous Forest 92.9% 89.9%

Evergreen Forest (b) 393 13803 414 26 311 9 7 559 235 5 7 0 15769 Evergreen Forest 87.5% 81.6%

Mixed Forest (c) 386 809 2282 6 129 3 4 254 97 9 0 0 3979 Mixed Forest 57.4% 67.7%

Dwarf Shrub (d) 9 50 11 549 94 1 1 16 50 13 3 0 797 Dwarf Shrub 68.9% 77.1%

Shrub/Scrub (e) 150 525 144 65 3345 26 6 258 362 26 7 0 4914 Shrub/Scrub 68.1% 72.0%

Sedge/Herbaceous (f) 3 68 9 2 70 164 1 33 40 1 0 0 391 Sedge/Herbaceous 41.9% 75.2%

Grassland/Herbaceous (g) 1 5 3 0 1 0 24 3 2 0 0 0 39 Grassland/Herbaceous 61.5% 38.1%

W oody W etlands (h) 84 857 179 9 190 6 2 2818 176 0 6 0 4327 W oody W etlands 65.1% 64.9%

Emergent Herbaceous W etlands (i) 68 453 110 31 350 7 16 259 2093 21 16 0 3424 Emergent Herbaceous W etlands 61.1% 65.7%

Barren Land (j) 10 64 12 16 50 0 0 8 44 397 4 1 606 Barren Land 65.5% 83.6%

Open W ater (k) 4 12 3 2 25 2 0 13 27 2 5210 0 5300 Open Water 98.3% 99.2%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 6157 6157 Ice/Snow 100.0% 100.0%

Total 11016 16922 3371 712 4648 218 63 4342 3186 475 5253 6158 56364

Table 12. 2015 map northeast and southeast scenes classification model performance in number o f pixels
P68 R14&15 - June 18th 2013 a b c d e f g h i j k l Total P68 R14&15 - June 18th 2013 User's Producer's

Deciduous Forest (a) 14917 126 62 2 17 2 0 24 9 6 0 0 15165 Deciduous Forest 98.4% 96.7%

Evergreen Forest (b) 149 17442 113 8 50 1 0 64 29 1 2 0 17859 Evergreen Forest 97.7% 95.8%

Mixed Forest (c) 262 266 1985 0 14 0 0 29 12 0 0 0 2568 Mixed Forest 77.3% 89.3%

Dwarf Shrub (d) 1 4 1 988 27 1 0 3 21 1 0 0 1047 Dwarf Shrub 94.4% 94.7%

Shrub/Scrub (e) 51 95 10 29 2813 0 1 34 101 4 3 0 3141 Shrub/Scrub 89.6% 92.6%

Sedge/Herbaceous (f) 0 5 0 0 0 38 0 0 2 0 0 0 45 Se dge/He rbaceous 84.4% 84.4%

Grassland/Herbaceous (g) 2 5 0 0 0 0 120 3 3 0 0 0 133 Grassland/Herbaceous 90.2% 96.8%

W oody W etlands (h) 23 206 41 4 27 0 0 2504 26 1 9 0 2841 W oody W etlands 88.1% 92.4%

Emergent Herbaceous W etlands (i) 17 59 9 7 81 3 3 37 1842 4 4 0 2066 Emergent Herbaceous W etlands 89.2% 90.0%

Barren Land (j) 5 7 2 5 7 0 0 3 2 500 3 0 534 Barren Land 93.6% 96.5%

Open Water (k) 0 1 0 0 1 0 0 8 0 1 5583 0 5594 Open Water 99.8% 99.6%

Ice/Snow (l) 0 0 0 0 0 0 0 0 0 0 0 4912 4912 Ice/Snow 100.0% 100.0%

Total 15427 18216 2223 1043 3037 45 124 2709 2047 518 5604 4912 55905



The northwest and southwest scenes had an overall accuracy of 82.9% and a kappa index of 0.80. 

The northeast and southeast scenes had an overall accuracy of 96.0% and a kappa index of 0.95. 

Classes in the northwest and southwest scenes had an overall lower accuracy compared to the 

same classes in the northeast and southeast scenes. Deciduous and evergreen performed well 

with accuracies at 81.6% or above. Dwarf shrub and shrub followed, with accuracies ranging 

between 68.1-77.1% in the northwest and southwest scenes, and ranges of 89.6-94.7% in the 

northeast and southeast scenes. Classes mixed forest, woody wetlands, and emergent 

herbaceous wetlands all performed moderately, with accuracy ranges between 57.4-67.7% for 

the northwest and southwest scenes, and 77.3-92.4% in the northeast and southeast scenes. 

Sedge and grassland, once again, had the lowest and widest spread of accuracy results, ranging 

between 38.1-96.8%. Open water and ice snow continued to perform very well, at or above 

98.3%, and barren land ranging between 65.5-96.5%.

4 .3 . Vegetation Classification Map Overall Weighted Accuracy

An overall weighted accuracy is displayed below for each map. This accuracy was calculated by 

weighting the overall accuracy for each scene by the percentage of area each scene contributed 

to the entire map, dictated by the amount of cloud cover in each scene, with least cloudy scenes 

being displayed in front.

Table 13. Overall weighted accuracy fo r 1985 vegetation map

1985 Map

Scenes Area Percentage (%) Overall Accuracy (%) Weighted Accuracy (%)

WRS P69 R14 & 15 69.4 94.2 93.2

WRS P68 R14 & 15 30.6 90.9
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Table 14. Overall weighted accuracy fo r 1995 vegetation map

1995 Map

Scenes Area Percentage (%) Overall Accuracy (%) Weighted Accuracy (%)

WRS P69 R14 & 15 47.5 85.4

88.4WRS P68 R14 14.5 91.3

WRS P68 R15 37.9 91.3

Table 15. Overall weighted accuracy fo r 2005 vegetation map

2005 Map

Scenes Area Percentage (%) Overall Accuracy (%) Weighted Accuracy (%)

WRS P69 R14 12.2 93.6

93.3WRS P68 R14 & 15 50.5 96.5

WRS P69 R15 37.3 89.0

Table 16. Overall weighted accuracy fo r 2015 vegetation map

2015 Map

Scenes Percent Area (%) Overall Accuracy (%) Weighted Accuracy (%)

WRS P69 R14 & 15 69.6 82.9 86.9

WRS P68 R14 & 15 30.4 96.0

4.4 . Distribution of Vegetation by Class

The following graphs display the percentage of pixels for each vegetation class. The pixels from 

the masked areas were extracted and subtracted from the total pixels in the raster. Therefore, 

pixels from the urban and no data mask have been removed and are not accounted for in the 

percentage.
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Vegetation Class Distribution 1985 Map
Percentage of Pixels 
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Ice/Snow 7.2%

Figure 22. Vegetation class distribution fo r 1985

Vegetation Class Distribution 1995 Map

Percentage of Pixels 
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Barren Land 4.1%
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Ice/Snow 2.9%

Figure 23. Vegetation class distribution fo r 1995
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Vegetation Class Distribution 2005 Map

Percentage of Pixels 
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Figure 24. Vegetation class distribution fo r 2005

Vegetation Class Distribution 2015 Map

Percentage of Pixels 
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Woody Wetlands 10.7%

Emergent Herbaceous Wetlands 7.8%
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Open Water 2.0%

Ice/Snow 3.1%

Figure 25. Vegetation class distribution fo r 2015

51



4.5 . Vegetation Cross-tabulation

The following tables are post classification cross-tabulated area tables, with pixels from the urban 

and no data mask, and in some tables pixels from fire scars, not accounted for in the percentage. 

Areas of no change are along the diagonal, while the total percentage of the area of each 

vegetation class can be found in the last column and along the last row for the two different 

years. Tables 17, 18, and 19 show the vegetation change between years 1985-1995, 1995-2005, 

and 2005-2015, respectively. Table 20 shows the vegetation change between the years 1985 and 

2015, and table 21 shows the vegetation change between 1995 and 2015. Table 22 shows the 

vegetation change between the years of 1985 and 2015 but only the southeast and southwest 

scenes. Tables 23 and 24 show the vegetation change for the same periods of time, but along 

with the clouds being masked, the fire scars from the years 1980-2018 were also masked.

Table 17. Cross-tabulation between 1985-1995 vegetation maps in percent area.

TO:
Area in % Vegetation map 1995
FROM: a b c d e f g h i j k l 1985 Total
Deciduous (a) 4.8 2.2 0.5 0.4 1.0 0.0 0.0 0.2 0.1 0.1 0.1 0.1 9.5
Evergreen (b) 2.2 19.1 1.2 0.3 1.8 0.0 0.0 1.5 0.6 0.2 0.2 0.2 27.3
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19

85 Mixed Forest (c) 0.6 1.6 0.5 0.1 0.4 0.0 0.0 0.4 0.1 0.1 0.0 0.0 3.8
Dwarf Shrub (d) 0.3 0.6 0.1 0.7 1.1 0.0 0.0 0.1 0.1 0.3 0.0 0.1 3.4
Shrub (e) 1.3 7.5 0.4 1.0 6.7 0.1 0.0 0.9 3.1 0.5 0.2 0.1 21.7
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.4
Grassland (g) 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Woody Wetlands (h) 0.2 2.7 0.3 0.0 0.7 0.0 0.0 2.5 0.3 0.1 0.2 0.1 7.2
Emergent Herbaceous Wetlands (i) 0.6 4.9 0.3 0.2 3.1 0.1 0.0 0.9 3.0 0.1 0.2 0.0 13.4
Barren Land (j) 0.2 0.5 0.1 0.5 0.9 0.0 0.0 0.2 0.0 1.5 0.1 0.2 4.2
Open Water (k) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.1 1.2 0.0 1.7
Ice/snow (l) 0.1 0.4 0.0 0.5 1.1 0.0 0.0 0.0 0.0 2.0 0.0 3.0 7.3

1995 Total: 10.3 39.8 3.4 3.8 16.9 0.3 0.2 6.9 7.5 5.0 2.3 3.8
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Table 18. Cross-tabulation between 1995-2005 vegetation maps in percent area.

TO:
Area in % Vegetation map 2005
FROM: a b c d e f g h i j k l 1995 Total
Deciduous (a) 5.3 2.4 0.7 0.6 0.9 0.0 0.0 0.4 0.3 0.1 0.0 0.0 10.7
Evergreen (b) 2.1 26.2 1.5 0.9 3.6 0.2 0.1 3.6 2.0 0.3 0.1 0.0 40.6
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95 Mixed Forest (c) 0.5 1.4 0.5 0.1 0.3 0.0 0.0 0.4 0.1 0.0 0.0 0.0 3.4
Dwarf Shrub (d) 0.2 0.5 0.1 1.3 1.1 0.0 0.0 0.1 0.1 0.4 0.0 0.0 3.8
Shrub ( e) 0.9 4.0 0.5 1.5 5.6 0.1 0.1 1.1 2.0 0.5 0.1 0.1 16.3
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.3
Grassland (g) 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Woody Wetlands (h) 0.2 2.3 0.3 0.1 0.6 0.0 0.0 2.5 0.5 0.1 0.1 0.0 6.6
Emergent Herbaceous Wetlands (i) 0.2 1.8 0.2 0.1 1.8 0.1 0.1 0.5 2.2 0.0 0.1 0.0 7.1
Barren Land (j) 0.1 0.4 0.0 0.5 0.5 0.0 0.0 0.1 0.1 2.4 0.1 0.4 4.6
Open Water (k) 0.0 0.3 0.0 0.1 0.1 0.0 0.0 0.2 0.1 0.1 1.3 0.0 2.4
Ice/snow (l) 0.1 0.4 0.0 0.3 0.2 0.0 0.0 0.1 0.0 0.5 0.0 2.3 3.9

2005 Total: 9.6 40.0 3.9 5.5 14.8 0.5 0.3 9.0 7.5 4.5 1.7 2.9

Table 19. Cross-tabulation between 2005-2015 vegetation maps in percent area.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 2005 Total
Deciduous (a) 4.2 2.2 1.0 0.3 1.2 0.0 0.0 0.3 0.3 0.0 0.0 0.0 9.6
Evergreen (b) 2.0 24.8 2.3 0.8 3.3 0.0 0.0 4.7 1.5 0.2 0.1 0.0 39.9

Ve
ge

ta
tio

n 
ma

p 
20

05 Mixed Forest (c) 0.4 1.5 0.7 0.1 0.4 0.0 0.0 0.4 0.2 0.0 0.0 0.0 3.8
Dwarf Shrub (d) 0.0 0.5 0.1 2.5 1.6 0.0 0.0 0.1 0.2 0.4 0.0 0.1 5.4
Shrub (e) 0.4 3.4 0.4 1.5 5.5 0.0 0.0 1.1 1.8 0.4 0.1 0.1 14.9
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.0 0.0 0.0 0.5
Grassland (g) 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.3
Woody Wetlands (h) 0.3 2.9 0.4 0.2 1.1 0.0 0.0 3.3 0.6 0.1 0.1 0.0 9.1
Emergent Herbaceous Wetlands (i) 0.2 2.1 0.2 0.1 1.4 0.0 0.1 0.8 2.6 0.0 0.1 0.0 7.7
Barren Land (j) 0.0 0.2 0.0 0.5 0.5 0.0 0.0 0.0 0.1 2.3 0.1 0.6 4.3
Open Water (k) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.0 1.3 0.0 1.7
Ice/snow (l) 0.0 0.0 0.0 0.1 0.2 0.0 0.0 0.0 0.0 0.4 0.0 2.2 2.8

2015 Total: 7.6 37.9 5.3 6.1 15.5 0.2 0.2 10.9 7.4 3.9 1.9 3.0
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Table 20. Cross-tabulation between 1985-2015 vegetation maps in percent area.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 1985 Total
Deciduous (a) 3.5 2.5 0.9 0.6 1.4 0.0 0.0 0.4 0.2 0.1 0.0 0.0 9.6
Evergreen (b) 1.6 17.0 1.9 0.7 2.0 0.0 0.0 3.2 0.7 0.1 0.1 0.0 27.5

Ve
ge

ta
tio

n 
m

ap
 

19
85 Mixed Forest (c) 0.4 1.6 0.6 0.1 0.4 0.0 0.0 0.5 0.1 0.0 0.0 0.0 3.8

Dwarf Shrub (d) 0.1 0.5 0.1 1.0 1.1 0.0 0.0 0.1 0.1 0.3 0.0 0.0 3.3
Shrub (e) 0.9 7.7 0.8 1.3 5.6 0.1 0.1 1.7 3.1 0.3 0.1 0.0 21.7
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.4
Grassland (g) 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Woody Wetlands (h) 0.3 2.2 0.3 0.1 0.9 0.0 0.0 2.8 0.5 0.1 0.1 0.0 7.3
Emergent Herbaceous Wetlands (i) 0.5 5.1 0.5 0.2 2.6 0.1 0.1 1.5 2.8 0.1 0.2 0.0 13.5
Barren Land (j) 0.1 0.5 0.1 0.7 0.9 0.0 0.0 0.1 0.1 1.4 0.2 0.1 4.1
Open Water (k) 0.0 0.2 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.1 1.2 0.0 1.8
Ice/snow (l) 0.0 0.2 0.0 0.9 0.7 0.0 0.0 0.1 0.1 1.8 0.0 3.1 7.0

2015 Total: 7.3 37.6 5.2 5.6 15.8 0.2 0.2 10.6 7.9 4.3 2.0 3.3

Table 21. Cross-tabulation between 1995-2015 vegetation maps in percent area.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 1995 Total
Deciduous (a) 4.5 2.7 1.2 0.6 1.7 0.0 0.0 0.5 0.3 0.1 0.0 0.0 11.6
Evergreen (b) 1.9 25.2 2.3 1.0 3.8 0.1 0.0 4.9 1.7 0.3 0.1 0.0 41.5

Ve
ge

ta
tio

n 
m

ap
 

19
95 Mixed Forest (c) 0.4 1.3 0.7 0.1 0.3 0.0 0.0 0.3 0.2 0.0 0.0 0.0 3.4

Dwarf Shrub (d) 0.0 0.3 0.0 1.4 1.1 0.0 0.0 0.1 0.1 0.3 0.0 0.0 3.3
Shrub (e) 0.5 4.0 0.6 2.0 5.7 0.1 0.0 1.3 2.1 0.3 0.1 0.0 16.7
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.3
Grassland (g) 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Woody Wetlands (h) 0.2 2.0 0.3 0.1 0.9 0.0 0.0 2.7 0.5 0.1 0.1 0.0 7.0
Emergent Herbaceous Wetlands (i) 0.2 2.1 0.2 0.1 1.4 0.0 0.0 0.8 2.1 0.0 0.1 0.0 7.1
Barren Land (j) 0.0 0.1 0.0 0.3 0.3 0.0 0.0 0.0 0.1 2.4 0.1 0.6 4.0
Open Water (k) 0.0 0.2 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.1 1.4 0.0 2.0
Ice/snow (l) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 2.5 2.9

2015 Total: 7.8 38.0 5.3 5.7 15.5 0.2 0.2 10.9 7.4 3.9 1.9 3.2
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Table 22. Cross-tabulation in percent area between the southeast and southwest corners o f the 1985
2015 vegetation maps.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 1985 Total
Deciduous (a) 5.2 3.0 1.2 0.5 1.6 0.0 0.0 0.7 0.1 0.1 0.0 0.0 12.4
Evergreen (b) 2.4 23.0 2.6 0.7 2.3 0.0 0.0 4.8 0.8 0.2 0.1 0.0 36.8

Ve
ge

ta
tio

n 
m

ap
 

19
85 Mixed Forest (c) 0.5 2.0 0.8 0.1 0.4 0.0 0.0 0.9 0.2 0.0 0.0 0.0 5.0

Dwarf Shrub (d) 0.1 0.6 0.1 1.1 1.5 0.0 0.0 0.2 0.0 0.4 0.0 0.0 4.1
Shrub (e) 0.4 1.5 0.4 0.7 2.8 0.0 0.0 0.9 0.2 0.2 0.0 0.0 7.2
Sedge (f) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Grassland (g) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1
Woody Wetlands (h) 0.4 3.3 0.5 0.2 1.4 0.0 0.0 4.7 0.7 0.2 0.2 0.0 11.6
Emergent Herbaceous Wetlands (i) 0.1 0.7 0.2 0.0 0.4 0.0 0.0 0.8 0.3 0.0 0.1 0.0 2.6
Barren Land (j) 0.1 0.7 0.1 1.0 1.4 0.0 0.0 0.2 0.2 2.3 0.3 0.2 6.4
Open Water (k) 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.1 0.9 0.0 1.3
Ice/snow (l) 0.0 0.3 0.0 1.5 1.3 0.0 0.0 0.1 0.2 3.3 0.0 5.5 12.3

2015 Total: 9.4 35.5 5.9 5.9 13.0 0.1 0.1 13.2 2.8 6.7 1.6 5.9

Table 23. Cross-tabulation in percent area between 1985-2015 vegetation maps, with fire scars masked.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 1985 Total
Deciduous (a) 4.2 2.6 1.0 0.6 1.7 0.0 0.0 0.5 0.1 0.1 0.0 0.0 10.9
Evergreen (b) 1.7 17.2 2.2 0.6 1.7 0.0 0.0 3.1 0.6 0.1 0.1 0.0 27.5

Ve
ge

ta
tio

n 
m

ap
 

19
85 Mixed Forest (c) 0.4 1.7 0.7 0.1 0.4 0.0 0.0 0.4 0.1 0.0 0.0 0.0 4.0

Dwarf Shrub (d) 0.1 0.6 0.1 1.3 1.5 0.0 0.0 0.1 0.1 0.4 0.0 0.0 4.3
Shrub (e) 0.6 5.6 0.8 1.4 5.2 0.1 0.0 1.2 2.6 0.3 0.2 0.0 18.0
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3
Grassland (g) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1
Woody Wetlands (h) 0.3 2.1 0.3 0.1 0.6 0.0 0.0 2.4 0.4 0.1 0.2 0.0 6.6
Emergent Herbaceous Wetlands (i) 0.3 3.6 0.4 0.2 2.0 0.1 0.0 1.0 2.6 0.1 0.2 0.0 10.4
Barren Land (j) 0.1 0.6 0.1 0.9 1.2 0.0 0.0 0.1 0.2 2.0 0.2 0.2 5.7
Open Water (k) 0.0 0.2 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.1 1.6 0.0 2.2
Ice/snow (l) 0.0 0.3 0.0 1.3 1.0 0.0 0.0 0.1 0.2 2.7 0.0 4.5 10.0

2015 Total: 7.7 34.7 5.7 6.5 15.6 0.2 0.2 9.2 7.1 6.0 2.5 4.8
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Table 24. Cross-tabulation in percent area between 1995-2015 vegetation maps, with fire scars
masked.

TO:
Area in % Vegetation map 2015
FROM: a b c d e f g h i j k l 1995 Total
Deciduous (a) 5.4 2.8 1.4 0.7 2.0 0.0 0.0 0.5 0.3 0.1 0.0 0.0 13.2
Evergreen (b) 1.6 23.7 2.4 0.9 2.8 0.0 0.0 4.4 1.4 0.3 0.2 0.0 37.8

Ve
ge

ta
tio

n 
m

ap
 

19
95 Mixed Forest (c) 0.4 1.3 0.8 0.1 0.3 0.0 0.0 0.3 0.2 0.0 0.0 0.0 3.5

Dwarf Shrub (d) 0.0 0.3 0.1 1.9 1.4 0.0 0.0 0.1 0.1 0.4 0.0 0.0 4.3
Shrub (e) 0.3 3.3 0.6 2.5 6.2 0.0 0.0 1.1 1.8 0.5 0.1 0.0 16.5
Sedge (f) 0.0 0.1 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Grassland (g) 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2
Woody Wetlands (h) 0.2 1.8 0.3 0.1 0.6 0.0 0.0 2.2 0.4 0.1 0.2 0.0 5.9
Emergent Herbaceous Wetlands (i) 0.1 1.4 0.2 0.1 1.2 0.0 0.0 0.5 2.1 0.0 0.1 0.0 5.9
Barren Land (j) 0.0 0.2 0.0 0.5 0.5 0.0 0.0 0.0 0.1 3.6 0.1 0.9 5.8
Open Water (k) 0.0 0.2 0.0 0.0 0.1 0.0 0.0 0.1 0.1 0.1 1.8 0.0 2.5
Ice/snow (l) 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.4 0.0 3.7 4.2

2015 Total: 8.2 35.2 5.8 6.9 15.2 0.2 0.2 9.4 6.5 5.4 2.5 4.7
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5. DISCUSSION

This chapter briefly discusses the advantages in using remote sensing imagery for vegetation 

classification, the challenges and uncertainties in using multitemporal images for remote sensing 

vegetation classification, a more in-depth analysis of how the classification model performed for 

each vegetation class, and a cross tabulated area analysis for investigating changes in vegetation 

over time.

5.1. Limitations in Using Multitemporal Datasets for Vegetation Classification

Before the use of remote sensing, field surveys, map interpretation, literature reviews, and 

ancillary data analysis were used to map vegetation. These methods are expensive, date 

restrictive, and time consuming compared to the practicality and economical means remote 

sensing techniques introduce. The availability of free Landsat data has made it significantly less 

difficult to conduct repeatable and cost-efficient vegetation studies, especially covering large or 

more remote areas. Using remote sensing imagery, one can continually go back and study how 

the land cover looked in the past and use this information to study how the land cover has been 

changing and investigate what possible changes may lie ahead (Song and Woodcock, 2003; Xie 

et al., 2008). Although remote sensing has opened many doors for mapping and detecting 

vegetation change, errors in mapping vegetation using multitemporal data sets can be 

introduced from a variety of different aspects and are described in more detail below. Any one, 

or a combination of, these aspects can introduce differences between scenes collected on 

different days, months, and years, and possibly cause differences in the classification accuracy 

between different scenes used in this study.

One of largest obstacles for optical remote sensing is the noise produced by the atmosphere. 

Satellites collect electromagnetic radiation signals in the solar spectrum where gases (water 

vapor and ozone) and aerosols cause scattering and absorption and interfere with the
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electromagnetic radiation when traveling through Earth's atmosphere from the Earth's surface 

back to the sensor on the satellite. In some cases, atmospheric corrections are not necessary for 

vegetation classification; for instance, classification using a single image, or in cases where the 

training data is derived directly from the image being classified (Song et al., 2001). In this study, 

not only are multitemporal images being used, but also combinations of training data sets 

collected over several years, so atmospheric calibration was necessary. The Landsat Surface 

Reflectance products used in this study underwent atmospheric calibration (carried out by the 

U.S. Geological Survey Earth Resources Observation and Science Center) to correct for these 

modifications. A radiative transfer code, 6S (Vermote et al., 1997), was used to correct for 

scattering/absorption from water vapor and ozone. Total Ozone Mapping Spectrometer aboard 

Earth Probe platforms or NOAA's Tiros Operational Vertical Sounder was used to get ozone data 

and column water vapor data was collected from NOAA National Centers for Environmental 

Prediction to correct to ground truth surface reflectance. (Masek et al., 2006; Song and 

Woodcock 2003). The dark, dense vegetation method (Kaufman et al., 1997) is used to correct 

for aerosols (Masek et al., 2006). These correction methods are called full absolute correction, 

and although one would think images would be more spectrally similar after they have all 

individually undergone this atmospheric correction, it has been found by Schroeder et al. (2006) 

and Song et al. (2001) that absolute correction methods make images less spectrally similar to 

one another. Schroeder et al. (2006) suggested a method referred to as absolute-normalization, 

in which one image is atmospherically corrected, and then all other images are normalized to this 

reference image to increase the surface reflectance among images. This normalization processes 

yields an improved temporal common scale (Schroeder et al., 2006). In addition to this, the USGS 

reported that in areas with snow covered regions, extensive cloud contamination, low sun angles, 

and/or areas above 65° latitude (all of which are found in this study) the efficacy of the surface 

reflectance corrections are likely to be reduced due to adverse atmospheric conditions (USGS, 

2018).

Another possible source of error is topography. When correcting for atmospheric noise, it is 

generally assumed that the landscape is flat. When the topography is flat, sensors aboard
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satellites measure the radiances from the vegetation, which is presumed to have a uniform 

effect. When there are mountainous regions, the geometry between the sun, target orientation, 

and sensor varies from pixel to pixel (Proy et al., 1989). This alters the viewing angle geometry 

and introduces a change of direct solar radiation between pixels on slopes, meaning pixels on 

slopes may appear brighter as they have sent more information back to the satellite compared 

to pixels in valleys which appear darker, even if they are of the same vegetation type (Riano et 

al., 2003). In this study, topographic normalization of the data was not carried out. However, we 

used DEM and DEM derivatives in our classification models that accounted for some of the 

topographic influences. But, it has been shown that applying radiometric correction (both 

atmospheric and topographic) will enhance the final reflectance values resulting in better 

classification results (Gens and Cristobal, 2016; Pons et al., 2014).

Phenology can introduce error when using multitemporal remote sensing images. Angles of 

illumination change throughout the year with solar zenith decreasing before the summer solstice 

and increasing afterwards. Vegetation reacts to these changes with many plants growing and 

flowering at distinct seasonal peaks, and this therefore affects the spectral reflectance observed 

at that time (Hobbs, 1990). If used correctly (i.e. images with the same phenology are compared, 

or images are acquired at certain times that specifically highlight certain traits of vegetation), 

phenology can be used to increase vegetation classification accuracy (Dymond et al., 2002; Son 

et al., 2013; Xie et al., 2008); but this can be difficult if an area is more often than not under cloud 

cover and clear images are scarce, preventing from finding images within the same phenology. If 

cloud free images are not available within the same season, and one is comparing or detecting 

change from images from different years and months, phenology can become a source of noise 

and confusion (Coppin et al., 2002; Sexton et al., 2013; Song and Woodcock 2003).

5.2. Classification Model Evaluation by Vegetation Class

Deciduous had the consistently highest accuracies of any vegetation class. The lowest reported 

accuracy throughout all scenes was 89.9% and the highest was 98.4%. Possible reasons for such
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high accuracy for this class could be that this class occurs in large, relatively homogenous 

stretches throughout the scene, and this class had additional training data in the form of the 

digitized polygons. For the deciduous class the lower accuracies were producer's accuracy and 

the highest were user's accuracy. This means the error of omission is higher than the error of 

commission and the classifier is leaving out or misclassifying the reference deciduous ground 

truth points (Congalton, 1991), often confusing deciduous for mixed forest, evergreen, and then 

shrub/scrub.

Evergreen forest also performed very well throughout all the scenes with the lowest accuracy 

reported at 81.6% and the highest at 97.7%. Like the deciduous class, this class also occurred in 

large swatches of area throughout the scene, and had additional training polygons, resulting in 

the high accuracies. Evergreen was the dominant vegetation class throughout all the maps, 

although the percentage of pixels varied throughout the years. In the 1985 map, evergreen only 

accounted for 27.2% of the pixels. The amount of shrub was very high, 21.7%, in the 1985 map 

in comparison to other years. The northwest scene specifically was classified as almost entirely 

shrub and emergent herbaceous wetlands, where in the other years a significant amount of those 

pixels were classified as evergreen. This is believed to be an error and is further discussed in 

section 5.3. As with the deciduous class, the user's accuracy was higher than the producer's 

accuracy and was often confused with woody wetlands, mixed forest, and deciduous forest.

Mixed forest was one of the lower performing classes, having a wide range of accuracies between 

53.5-90.0%. The user's accuracy accounts for the lower end of the values, ranging from 53.5

80.1%, with producer's accuracy ranging between 67.7-90.0%. Having a high producer's accuracy, 

but a low user's accuracy means the classifier is correctly classifying the training data as the 

correct class (in this case mixed forest), but it is also misclassifying other classes into the class, 

especially evergreen and deciduous (Congalton, 1991). This leaves us to believe that mixed forest 

is likely hard to differentiate spectrally from the other two forest classes as it was often 

misclassifying evergreen or deciduous training points as mixed forest.
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The dwarf shrub class performed moderately throughout the maps, having wide ranges between 

65.3-94.7%. User's accuracies were lower with range between 65.3-94.4% and producer's 

accuracies were higher with ranges between 76.2-94.7%. One cause of these ranges could be 

that most of the time, dwarf shrub is growing in areas where there is also barren land. When 

points of dwarf shrub are buffered, it is likely that some of these polygons overlapped into areas 

of barren land, confusing the spectral signature.

Shrub performed moderately throughout the years, with accuracies between 67.3-92.6%. Shrub 

was the second most widespread vegetation cover type in all the maps, accounting for 21.7%, 

16.9%, 14.9%, and 16.0% of pixels for the 1985, 1995, 2005, and 2015 maps, respectively. As 

mentioned above, the percentage of pixels for the 1985 map are very high, mostly likely being 

an error introduced by the two late acquisition dates for two of the scenes.

Sedge and grassland were the two rarest classes of all the maps, only making up between 0 .2

0.5% and 0.2-0.3% of pixels, respectively and had very little change to or from any of the other 

classes. Sedge and grassland also had some of the lowest accuracy rates. Sedge had wide ranges 

of accuracy from 39.5-91.3%. Sedge performed better in the northwest and southwest scenes 

where there were more training data. Sedge also had higher producer's accuracies than user's 

accuracies, consistently being confused with shrub and emergent herbaceous wetlands. 

Grassland had ranges of accuracies between 38.1-96.8%. Like sedge, grassland also had low 

user's accuracy and high producer's accuracy, consistently misclassifying shrub and emergent 

herbaceous wetlands into its class. Both sedge and grassland has very low numbers of training 

points, which could mean they are under sampled in the training data or just do not represent a 

large percentage of the study area. An increase in the number of training points tends to increase 

the accuracy (Rokach and Maimon, 2008). The low values and wide ranges of accuracies are most 

likely resulting from the fact that sedge and grassland do not populate large homogenous areas 

and are often found in association with other classes (Selkowitz and Stehman, 2011), and have a 

low number of training points within these classes.
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Woody wetlands and emergent herbaceous performed moderately, having similar ranges for 

both user's and producer's accuracies from 64.9-93.7%, and 45.0-90.0%, respectively. These wide 

ranges of accuracies likely result from the fact that wetlands are notoriously hard to map using 

remote sensing data, as the spectral reflectance of wetlands not only contain the vegetation 

spectra, but are also combined with spectra from the soil, hydrology of the area, and the 

atmospheric vapor present in the environment (Adam et al., 2010; Lin, 2006; Zomer et al., 2009). 

Woody wetlands were most often misclassified as emergent herbaceous wetlands, evergreen 

forest, or shrub. Emergent herbaceous wetlands were most often classified as shrub, woody 

wetlands, or evergreen forest.

Barren land performed well with accuracies between 54.1-96.5% and was most often 

misclassified as dwarf shrub, shrub, and evergreen. As mentioned above, a likely cause for the 

wide ranges of accuracies is the buffered areas of dwarf shrub overlapping onto barren land and 

confusing the spectral signature. Barren land also had the fewest amount of training pixels, right 

behind sedge and grassland, even with the digitized polygons. Barren land experienced few 

changes throughout the decades and generally represented around 4% of pixels for each map.

Open water and ice/snow consistently had the highest accuracies, both user's and producer's at 

or above 98.3%, despite their scarcity in the scene. Open water was stable throughout all the 

maps, making up only around 1.7-2.0% of the pixels in each map. Ice/snow made up around 3% 

of pixels in each map, except the 1985 map that had a late acquisition date, which resulted in a 

much larger snowpack in the scene making up 7.2% of pixels. Neither class had significant change 

to or from any other class. Even though they contribute very few pixels to the overall map, their 

high accuracy rates result from their spectral signatures being very distinguishable from the 

vegetation (Selkowitz and Stehman, 2001).
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5.3. Cross Tabulated Area Analysis

The cross tabulated area tables show the changes in vegetation in percent of area. Many classes 

experienced little to no change, such as emergent herbaceous wetlands, sedge, grassland, open 

water, and barren land. Changes in the ice/snow class correlate with the visual changes seen in 

the amount of snowpack for the images. The evergreen forest class has shown a steady decrease 

of the percentage of pixels declining from 41.3%, 39.7%, and 37.0% throughout 1995, 2005, and 

2015, respectively. This trend may suggest a decrease in the growth and health of evergreen 

trees, which has been reported as a reaction to warming climate in the Arctic and Sub-arctic 

(Goetz et al., 2005; Beck et al., 2011; Verbyla, 2008; Soja et al., 2007). The cross tabulated area 

tables show evergreen pixels changing to two different classes, shrub and woody wetlands. From 

1985-2015, the area of evergreen changing to shrub was 1.8%, 3.6%, and 3.3%. These areas 

where evergreen is transitioning to shrub could represent areas recovering from fires and could 

support the idea that deciduous shrub cover is increasing and is establishing quickly after 

disturbances (Viereck, 1979; Suarez et al., 1999; Lloyd, 2005; Xu et al., 2013). For the same time 

period, the percent area of evergreen changing to woody wetlands was 1.5%, 2.3%, and 4.7%. 

This increase in amount of area changing from evergreen to woody wetlands complements the 

fact that the percentage of woody wetland pixels have been steadily increasing from 6.9%, 8.9% 

and 10.7% from 1995 to 2015. This trend is in agreement with studies suggesting an increase in 

permafrost degradation is contributing to wetland distribution (Payette and Delwaide, 2004; 

Rowland et al., 2010; Smith et al., 2005).

As mentioned above, difficulties were encountered in mapping the northwest and northeast 

scenes in the 1985 map. For the 1985 map, the percentage of pixels for the evergreen class was 

relatively low at 27.2% compared to between 41.3-37.0% for all of the following years. The 1985 

map also showed unusually high percentages of shrub at 27.1% compared to between 16.9

14.9% for the following years and emergent herbaceous wetlands at 13.7% compared to between 

7.2-7.8% for the following years. This is believed to be an error. One possible reason could be 

that training data from future years, that has experienced successional changes, is overlaying
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areas that have not experienced these changes yet, and the algorithm is confusing the spectral 

signature and what the training data is presenting. The belief that this section of the classified 

image is an error is further strengthened by the fact that (1) 7.5% area of shrub pixels changed 

to evergreen pixels between the years 1985-1995, and (2) when only considering the southwest 

and southeast scenes for the 1985 map, the percentage of area of evergreen pixels drops to 

36.8%.

Throughout this study, ground truth points intersecting fire scars have been removed, as these 

areas are most likely to experience vegetation change from the fire disturbance. To investigate 

how much change is occurring outside the influence of fire disturbance, cross tabulated area 

charts were generated between the years of 1985-2015 (table 21) and 1995-2015 (table 22) with 

all fire scars masked. Looking at these tables, one can see that change is still happening in the 

areas outside of fire scars, but the amount of change is less significant. When looking at table 22, 

areas of evergreen are still changing to shrub, but the percentage of change through the 20-year 

difference is less than the change found between both the two 10-year periods. For example, the 

percentage of area changed from evergreen to shrub between 1995-2015 (20-year difference) is 

only 2.8%, less than the changes seen from 1995-2005 (3.6%), and 2005-2015 (3.3%). It could 

also be that other disturbances are the cause of some of these changes. Although forest fire is 

the major disturbance for the state of Alaska, the boreal forest throughout Alaska is also affected 

by insect infestation and plant disease, drought, and permafrost degradation. Bark beetle 

infestations cause widespread tree mortality, alter the structure of the forest, and in turn can 

lead to changes in forest composition that follow outbreak for several decades (Allen et al., 2006; 

Raffa et al., 2008). Drought has been shown to have a negative effect on the growth and health 

of coniferous species in the Alaskan boreal forest (Barber et al., 2000; Beck et al., 2011; Goetz et 

al., 2005; Verbyla, 2008). Permafrost influences soil temperature and moisture, subsurface 

hydrology, rooting zones, and nutrient cycling, all of which affect the productivity of vegetation. 

Permafrost degradation can convert terrestrial ecosystems to aquatic or wetland ecosystems 

throughout boreal forests on ice-rich permafrost (Jorgenson and Osterkamp, 2005; Jorgenson et 

al., 2001).
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5.4. Comparative Analysis of Vegetation Classification Maps

The 1985 map had an overall weighted accuracy of 93.2%, followed by 88.4%, 93.3%, and 86.9% 

for the 1995, 2005, and 2015 maps, respectively. The 2015 map had the least number of training 

points available, as this map contained the most fire scars, and points from all fire scars were 

removed, resulting in the least accurate map. The 1995 map had the second least amount of 

training data, because many points needed to be removed due to the extent of the cloud cover. 

These accuracies found in this study are comparable or better than those found in the USGS NLCD 

2001 Alaska mapping zone 70, which included all four scenes used in this study, resulting in an 

81.8% accuracy value (this information is located within the metadata for the USGS NLCD 2001 

map). This increase in accuracy most likely results from the increase in ground truth data in this 

study compared to the amount of ground truth data used in the USGS products, strengthening 

the idea that classification accuracy has a positive correlation with training data when using 

decision trees. It has to be kept in mind that the area from which the accuracy result is coming 

from for the USGS product is made up of several more paths and rows and is a much larger area.
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6. CONCLUSION AND FUTURE IMPROVEMENTS

Within this study, four vegetation maps of a selected area within the boreal forest surrounding 

Fairbanks, Alaska have been generated using Landsat 4 and 5 TM and Landsat 8 OLI surface 

reflectance products at 30 meter spatial resolution using a decision tree classification. These 

maps include 9 vegetation classes, as well as barren land, open water, and ice/snow classes that 

are consistent with the classes identified in the 2001 USGS NLCD map of Alaska. This study has 

further demonstrated that it is possible to map the vegetation of the Alaskan boreal forest 

surrounding Fairbanks, Alaska with the combination of spectral and spatial resolution Landsat 

satellites provide.

These maps were created to the best of our ability to be comparable to the USGS NLCD products 

following the methodologies laid out in Homer et al. (2004) for the generation of the USGS NLCD 

2001 map of Alaska. Certain challenges regarding the location of the study area were faced with 

the following adaptations to the methodology: reducing the number of Landsat scenes to just 

one for each path and row due to the scarcity of cloud-free images and the shortened length of 

seasons and buffering the ground truth data points to increase the amount of training data in 

each scene as well as introducing digitizing larger training polygons of certain classes. Overall 

weighted accuracies of 93.2%, 88.4%, 93.3%, and 86.9% were reached for the 1985, 1995, 2005, 

and 2015 maps, respectively, compared to 81.8% accuracy for the USGS product. Although these 

changes to the methodology were necessary, the four vegetation maps generated in this study 

are comparable or better than the first order of data quality using cross validation as the USGS 

NLCD 2001 product for Alaska, suggesting that the NLCD methodology for the boreal forest in 

interior Alaska will benefit from the presented refinements.

Trends found in this study may suggest the following changes to the boreal forest surrounding 

Fairbanks, Alaska: a decrease in the growth of evergreen forests, an expansion of shrubland, and 

an increase in wetland distribution, all of which have been reported as reactions to a warming 

climate in the Arctic and Sub-arctic (Heskel et al., 2013; Myers-Smith et al., 2011; Payette and
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Delwaide, 2004; Rowland et al., 2010; Smith et al., 2005; Soja et al., 2007; Sturm et al., 2001; 

Tape et al., 2006).

Throughout this process, several suggestions for the future have been found. As mentioned 

above, completing a full radiometric correction, correcting for both topography and atmospheric 

effect, may enhance the final classification. In this case, a DEM would not be needed. Although, 

the greatest chances to improve this process would be to personally collect a set of training data. 

For the case of Alaska, researchers face the following challenges that often prevent this: the 

expansiveness of the state, lack of road systems that make most of the state inaccessible, short 

summer season in which to collect vegetation data, and the inability to collect vegetation data in 

the winter due to the extreme climate. Alaska also lacks coverage of ancillary data, such as 

accurate inventories of wetlands, soils, and other environmental characteristics. The same 

challenges apply to collecting ancillary data and this restricts the buildup of statewide databases 

of ecological inventories like some states have. For these reasons, incorporating different types 

of remote sensing data to supplement the Landsat imagery might improve the generating of 

vegetation maps. High resolution imagery, such as from IKONOS (4 m spatial resolution), SPOT 

(2.5 m spatial resolution), or QuickBird (2.6 m spatial resolution) would assist in increasing the 

amount of training data (digitized polygons) for classes by aiding visual interpretation. Mapping 

a large area using only high resolution satellite imagery might be difficult due to the smaller scene 

dimension (IKONOS -  11 x 11 km, SPOT -  60 x 60 km, and Quickbird 16.5 x 16.5 km, compared to 

Landsat 4-5, 8 -  185 x 185 km scene dimensions) but would be useful to aid in areas of confusion 

or difficulty. Hyperspectral imagery such as from AVIRIS or Hyperion would also be useful in 

identifying especially complex vegetation classes, such as wetlands (Adam, et al., 2010), or classes 

that often overlap or are located in association with one another, such as barren land and dwarf 

shrub. Challenges also come with hyperspectral imaging. The amount of information that needs 

to be stored and processed (for example, 1 Hyperion scene is over 1 GB of data) can be difficult, 

and the fact that the swaths are small means more pieces to mosaic and opportunities for clouds, 

phenology, etc. become an increasing problem. Using this data for specific areas instead of trying 

to cover an entire large area of study would be more ideal. Information on how high resolution
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imagery and hyperspectral imagery has been used in mapping vegetation can be found in the 

review paper by Xie et al. (2008). A third type of remote sensing data that would be helpful is 

light detection and ranging (LiDAR). LiDAR sensors measure the 3-dimensional distribution of 

plant canopies and the topography underneath the canopies, and although they have no spectral 

component they can make highly accurate estimations of vegetation height and canopy structure 

(Genc et al., 2004). Knowing the height of vegetation would aid in distinguishing areas of shrub 

and dwarf shrub and could also help distinguish between woody wetlands and emergent 

herbaceous wetlands (Genc et al., 2004; Greaves et al., 2016; Lin and Liquan, 2006; Luo et al., 

2015). As mentioned above, Alaska is unique in its large size and remoteness in combination with 

its abnormal climate and amount of cloud cover; for these reasons it would be beneficial to 

incorporate more multisensor and multiresolution data to improve the classification 

methodology.
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