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ABSTRACT

Vegetation on the Seward Peninsula, Alaska, which is characterized by transitions 

from tundra to boreal forest, may be sensitive to the influences of climate change on 

disturbance and species composition. To determine the ability to detect decadal-scale 

structural changes in vegetation, Change Vector Analysis (CVA) techniques were 

evaluated for Landsat TM imagery of the Seward Peninsula. Scenes were geographically 

corrected to sub-pixel accuracy and then radiometrically rectified. The CVA results 

suggest that shrubbiness is increasing on the Seward Peninsula. The CVA detected 

vegetation change on more than 50% of the burned region on TM imagery for up to nine 

years following fire. The use of both CVA and unsupervised classification together 

provided a more powerful interpretation of change than either method alone. This study 

indicates that CVA may be a valuable tool for the detection of land-cover change in 

transitional regions between tundra and boreal forest.
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INTRODUCTION

In 1996, the Intergovernmental Panel on Climate Change (IPCC) projected that 

increasing concentrations of greenhouse gases in the atmosphere are likely to lead to 

global mean annual temperature increases of between 1.0 and 3.0°C by 2100 (IPCC,

1996). Climate warming has occurring in high-latitude areas and the average surface air 

temperature has increased 0.3°C per decade during the 20th century in arctic and subarctic 

regions of northwestern North America (Chapin et al., 2000; Cwynar and Spear, 1991). 

Furthermore, arctic and boreal ecosystems of western North America are sensitive to 

subtle changes in climate (Chapin et al., 2000; Rowntree, 1997), and, as a result of 

increased warming, ecosystem function and structure may be altered (Serreze et al., 2000; 

Li et al., 1997; Sveinbjomsson, 1992). Functional changes are changes in ecosystem 

processes, such as nutrient cycling, photosynthesis, and decomposition. These changes 

may have large effects on the atmosphere (Chapin et a l, 2000), because warmer soils 

could promote the release of carbon from soil through enhanced decomposition. Also, 

increased nutrient availability with enhanced decomposition may result in greater 

productivity, which would tend to store more carbon in the vegetation. Because 40% of 

the world’s reactive soil carbon is stored in arctic and boreal ecosystems (McGuire et al., 

1995), releasing carbon from the ecosystem to the atmosphere has the potential to further 

accelerate the rise in atmospheric CO2, which may enhance the rate and magnitude of 

climate change. Ecosystem structural changes include changes in the physical character 

or genetic configuration of the populations that comprise ecosystems. Structural changes, 

such as treeline movement, may alter global carbon storage patterns (Smith and Shugart,
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1993; French et al., 1999) and physical properties of the land surface, such as albedo 

(Chapin et al., 1997), surface roughness, and the partitioning of energy between sensible 

and latent heat fluxes, which may affect regional climate (Chapin et al., 2000). These 

structural changes are of particular concern, because the potential effects of ecosystem 

structural changes in high latitudes have consequences that are global in scope (Walker et 

al., 1997).

Climatic Change and Structural Changes in High Latitudes

Arctic and subarctic regions have experienced warmer conditions since 1900, and 

treeline advances have been documented in Russia, Finland, Sweden, and Norway 

(Lavoie and Payette, 1994). In addition to treeline advance, some vegetation responses to 

warming have resulted in an increased density of pre-existing tree populations, rather 

than treeline and forest advances (Morin and Payette, 1984). Treeline advance, which 

responds over time to variations in climate (Lloyd and Graumlich, 1997), would occur 

following long time lags (Starfield and Chapin, 1996) and is an example of gradual 

change (Smith and Shugart, 1993). In contrast, some of these responses to regional 

warming, such as increased fire frequency, would occur rapidly and have the potential to 

cause catastrophic change (Smith and Shugart, 1993). The area of the North American 

boreal forest burned annually has doubled in the last 2 0  years, in parallel with the recent 

warming trend (Kasischke and French, 1995). Climate change can also affect vegetation 

composition through changes in the disturbance regime (Bonan et al., 1992). Disturbance 

events, specifically fire, strongly influence many North American forest communities, by



altering vegetation and making growing space available (Frelich and Graumlich, 1994; 

Abrams and Nowacki, 1992; Oliver and Larson, 1990; Oliver, 1980). Some disturbance 

events lead to catastrophic change, such as an intense fire, which can reduce canopy 

cover and create gaps in which recruitment may subsequently occur (Moritz, 1997). For 

example, spruce may invade tundra if tundra fires provide suitable habitat and conditions, 

such as exposed mineral soil, for seedling establishment. Also, some disturbance events 

may lead to an abrupt change in species composition (Peart et al., 1992) as a result of 

warming. For example, if shrubs expand into upland tundra as a result of fire associated 

with warming, then fire may facilitate a directional vegetation change. In boreal forest, a 

warming-induced increase in fire frequency has the potential to increase the proportion of 

broadleaf forests on the landscape, which would tend to act as a negative feedback to 

regional warming (Chapin et al., 2000) because of higher albedo and lower sensible heat 

flux. It is not clear if structural changes are occurring in high-latitudes and, if they are 

occurring, what types of changes are occurring. The Seward Peninsula of Alaska has 

important vegetation transitions from boreal forest to tundra (Fig. 1), both of which may 

be particularly sensitive to disturbances and climatic influences. Thus, this part of Alaska 

is an appropriate region to evaluate whether structural changes have been occurring in 

recent decades.
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Figure 1. Extent of white spruce in Alaska (Rupp and Macander, 
unpublished data).

If these structural changes in vegetation are occurring, I expect that they are 

detectable on the Seward Peninsula. The 47,000 km2 Seward Peninsula encompasses a 

diversity of land features and climatic zones, with vegetation types ranging from high 

elevation alpine meadows to tidal-influenced marshlands (Swanson et al., 1985). The 

predominant vegetative cover is composed of herbaceous and shrub species, which 

occupy extensive areas (Gallant et al., 1995). While the Seward Peninsula is 

predominantly treeless, forest types also occur there. These forest types include mixed 

forest, black spruce (Picea mariana), white spruce ), aspen (

tremuloides) and burned forested areas. In general, the Seward Peninsula is an area of 

relatively low relief, so small changes in temperature have the potential to cause 

substantial increases in forested area; a rise in temperature of 1 °C may cause
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approximately 50% of the Seward Peninsula to become climatically suitable for tree 

establishment (Rupp et al., 2000). The Seward Peninsula contains populations of white 

and black spruce, which may invade tundra if tundra fires provide suitable habitat for 

seedling establishment. Tundra wildfires are common and have recently increased on the 

Seward Peninsula (Oechel and Vourlitis, 1994), often occurring between June and 

August. Moss and lichen dry out during the summer, allowing fire to spread readily 

through the tundra (Gallant et al., 1995).

Satellite Imagery

The ability to project the future dynamics of the communities on the Seward 

Peninsula is uncertain because knowledge of historical vegetation dynamics at the 

landscape scale is limited. Satellite imagery has the potential to improve our 

understanding of vegetation dynamics (Duguay et al., 1999). If arctic and subarctic 

vegetation communities are particularly sensitive to changes in temperature and 

precipitation, I hypothesize that this sensitivity to climate change may allow for 

vegetation change detection over decadal time scales. Analysis of historic satellite data 

offers a practical method for determining what changes have occurred and when they 

have occurred (Koutsias and Karteris, 1998). Most of the consistent information 

describing large areas of forest vegetation has been produced from satellite imagery 

because it is a cost-effective method to inventory large areas (Congalton et al., 1993). 

Because Landsat Multi-spectral Scanner (MSS) and Thematic Mapper (TM) sensor 

satellite data are available from 1972 (MSS) and 1982 (TM) to present for almost the
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entire globe, multi-temporal images can be used to detect vegetation change rates over 

annual to decadal time scales. The variable spatial and spectral resolutions of satellite 

imagery allow for a myriad of change detection analyses at the regional scale, because 

when land-cover experiences a change or disturbance, its spectral appearance may change 

(Lunetta and Elvidge, 1999).

Change Vector Analysis

Change Vector Analysis (CVA) is a change detection technique that provides 

more detailed results than simpler methods, such as image differencing (Johnson and 

Kasischke, 1998), and it is flexible enough to be effective when using diverse types of 

sensor data and radiometric change approaches (Johnson and Kasischke, 1998).

Although no single approach can be considered optimal or applicable in all cases, CVA is 

one of the change detection methods that generally exhibits superior performance (Singh, 

1986; Coppin and Bauer, 1996). The CVA is an example of a multi-temporal linear data 

transformation. The primary advantage of CVA over other methods of digital change 

detection is that it has the capability to detect changes both in land-cover (class) and 

condition (quantity) (Johnson and Kasischke, 1998). Generally, two dates of imagery 

are sufficient to document land-cover changes (Lunetta and Elvidge, 1999). If two 

spectral variables are measured for an area both before and after changes occur and are 

plotted on the same graph, the resulting spectral change vector describes the direction and 

magnitude of change from the first to the second date. Change magnitude reflects the
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amount of change, and the areas that exhibit the highest magnitude of change are most 

likely to be real change.

Objective

In this study, I evaluated the use of CVA for detecting temporal vegetation 

differences on the Seward Peninsula from 1986 to 1999. Specifically, I evaluated 

differences associated with both disturbance by fire and gradual land-cover change. 

Warming is occurring on the Seward Peninsula (Fig. 2), and treeline advances and the 

rapid recovery of vascular plants following fire (Whelan, 1995) suggest that land-cover 

on the Seward Peninsula may have changed within the past few decades. While an 

expansion of the boreal forest into shrub tundra and shrub tundra into sedge tundra is 

likely under warming scenarios, the rate and pattern of change are not clearly understood. 

I hypothesized that Landsat TM data may be radiometrically corrected and analyzed to 

detect these changes on a decadal time scale. If changes are detectable, I expected that 

the information on patterns of change from the analyses may provide insight regarding 

the processes of vegetation change on the Seward Peninsula.
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AVERAGED PERIOD (YEARS)

Figure 2. Thirty-year running mean annual temperatures for Nome, Alaska (Alaska 
Climate Research Center).

METHODS

Imagery for the Seward Peninsula

Seven satellite images for the Seward Peninsula were used in this study (Table 1). 

Because the approximately 33,000 km2 areas covered by the two 1992 and two 1986 

scenes are almost identical, the land-cover change analysis is focused primarily on these 

images. The Path 79 Row 14 scenes from 1992 and 1986 cover 82.3% of the 33,000 km2 

area, and the 1986 and 1992 Path 79 Row 15 scenes cover 17.7% of the 33,000 km2 area. 

The Path 87 Row 14 scenes from 1975 and 1977 are north and west of the primary scenes



and overlap by 53% of the 33,000 km2 area. The Path 78 Row 14 scene from 1999 is 

north and east of the primary scenes and covers 54% of the 33,000 km area. As a result, 

the inclusion of 1975, 1977, and 1999 images in the analyses is limited to specific areas 

that overlap with the 1986 and 1992 primary images (Fig. 3).

9

Table 1. Summary of the satellite scenes for the Seward Peninsula that were used in this 

study.

Sensor Year Path Row Date of Acquisition
MSS 1975 87 14 1 July
MSS 1977 87 14 24 June
TM 1986 79 14 29 June
TM 1986 79 15 29 June
TM 1992 79 14 6 June
TM 1992 79 15 6 June

ETM+ 1999 78 14 5 July

RASMUS0N LIBRARY
ONIVFRSITY OF ALASKA FAIRSammY
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Figure 3. Location of all acquired Landsat TM and MSS scenes for the Seward Peninsula

1975
Path 87/Row 14 
Landsat MSS

MSS/TM Overlap region

1986, 1992 
Path 79 /Row 15 
Landsat TM

1999
Path 78/Row 14 
Landsat ETM +

1986, 1992 
Path 79/ Row 14 
Landsat TM

1977
Path 87/Row 14 
Landsat MSS
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Overview of Image Processing

In this study, I used digital methods to compare the sets of Seward Peninsula 

imagery to identify changes in land-cover. To work with multiple Landsat TM and MSS 

satellite images, the digital image analysis requires two basic preliminary steps: 

geometric registration and radiometric rectification of the image (Johnson and Kasischke, 

1998). Image geometric and co-registration quality is critical, because misregistration 

will cause false change. Following geometric registration of the images, the data need to 

be radiometrically corrected for atmospheric scatter and absorption, and sensor 

calibration drift (Hall et al., 1991; Cihlar et al., 1997). After radiometric correction of the 

scenes, the change vector analysis for land-cover change detection was conducted. To 

strengthen the results, I then compared the change detected by the CVA to change 

detected by an unsupervised classification of the images, and then I also compared the 

areas detected as change from the CVA and unsupervised classification to changes that 

were visually interpreted from aerial photography.

Geometric Rectification

To geographically correct the 1992 Row 14 reference scene, image pixels that 

correspond to the ground control points’ coordinates were identified to create links 

between the 1:63,630 scale series of topographic maps and the satellite imagery. The 

1992 TM scene was rectified to the Universal Transverse Mercator (UTM) projection



using an affine transformation based on 40 well-distributed ground control points 

(GCPs). The GCPs were located on 1:63,360 topographic maps, and the rectification 

model had a root mean square (RMS) error of less than 1 pixel (< 6  m). A sub-pixel 

RMS error is important so that the image will be correctly oriented and the difference 

between the calculated (x,y) coordinate value and the true (x,y) coordinate value will be 

minimized. A sub-pixel RMS error is needed to avoid misregistration errors; if the 

misregistration is greater than 1 pixel, this may result in the identification of spurious 

areas of change between the two data sets (Lunetta and Elvidge, 1999). The GCPs had to 

exist on both USGS topographic maps and the TM images; GCPs consisted of human 

constructs such as airstrips and roads, and landscape features like river junctions and 

lakes bordered by steep topography. After the 1992 reference scene was rectified, the 

remaining TM and MSS scenes were co-registered to the 1992 scene, with a RMS error 

of less than 0.6 pixels. Once each scene was correctly oriented and positioned, the image 

was then fit, or warped, onto an empty map grid. Since the raw image cells did not 

perfectly match up with the map grid cells, the nearest neighbor method of pixel 

resampling was employed.

In addition to GCPs from topographic maps, 33 points were collected from the 

Nome-Council Highway, Seward Peninsula in July 1999. Field sites were accessed by 

helicopter and a Precision Lightweight Global Positioning System (GPS) Receiver 

PLGR+96 and the Federal Precise Positioning Service (PPS) were used to obtain ground 

control points along the Nome-Council Road to help rectify the 1992 Row 15 scene. 

Topographic features such as road intersections, marked changes in roadside vegetation,

12



large culverts, river intersections, lakes, and large gravel deposits were used as control 

points. Scenes from Row 15 (south of the reference scene) were georeferenced from the 

GCPs obtained along the Nome-Council Highway. Positional accuracy has been 

estimated to be approximately less than 5 m; all GCP’s taken during July 1999 had a 

positional error of between 4 and 6  m, as indicated by the receiver.

Radiometric Rectification

To reliably detect spectral changes due to changes in land-cover, images must be 

accurately radiometrically corrected, which is an adjustment of pixel brightness values 

for errors due to atmospheric scatter and/or absorption, sun sensor geometry changes, 

faulty detectors, and sensor calibration drift. Radiometric correction attempts to remove 

the effects created by atmospheric differences among images of the same area (Hall et al., 

1991). It is important to correct for these factors in a multi-temporal application; left 

uncorrected, spectral changes could be due to changes in land-cover and/or changes in 

atmospheric effects.

Radiometric control sets were identified and a linear rectification model was 

created. Radiometric control sets are unvegetated regions of landscape elements with a 

mean reflectance that is expected to change little with time, such as the center of deep 

clear lakes, cement parking lots, or gravel landing strips. Values of these control sets are 

then used to calculate linear transforms to relate digital count values between images.

The brightest and darkest pixels must be carefully selected so that they are non-cloud and 

non-shadow pixels in both images. Once a linear relationship is calculated, the formula is

13



applied to the scene’s pixel values. Areas of clouds, snow, and ice were masked from 

each image prior to radiometric correction to ensure that only vegetated pixels were 

included in the analysis. For each TM image, TM Band 4 values were analyzed to 

differentiate vegetated/non-vegetated pixels, and then used as a threshold to mask out the 

non-vegetated pixels. For example, in the 1992 Row 14 image, TM Band 4 values less 

than 18 and values over 175 were eliminated. TM Band 6 values were used for each TM 

image as a threshold to eliminate clouds, snow, and ice. For example, in the 1992 Row 

14 image, TM Band 6 values lower than 96 were eliminated. However, a few areas in the 

scenes had a small amount of thin, hazy clouds, which have a very similar reflectance to 

some vegetated pixels. As a result of the inability to distinguish vegetation from clouds, 

these pixels remained in the image.

Lowest and highest pixel values from Row 14 and Row 15 scenes were plotted to 

determine the slope and offset of the line. Pixel values for each scene, except the 1992 

reference scenes, were then recalculated to obtain the new values for the image (Table 2 ). 

MSS scenes from 1975 and 1977 were resampled to have the same output pixel size as 

TM scenes, and were then corrected.

14



Table 2. Radiometric correction equations for the Seward Peninsula images (x = image 

digital numbers to be corrected and y = image digital numbers after correction, n = 

sample size for lightest and darkest pixels on each image). The 1992 images for Row 14 

and Row 15 were used as reference scenes to derive the equations.

15

Scene Equation N R-sq. value
1999 Path 77 Row 14 y = 1 .0 4 2 2 + 2.8792X 25 0.98
1986 Path 78 Row 14 y = 1.1708 + 0.9832X 30 0.99
1986 Path 78 Row 15 y = 1 2 .4 0 8 + 0.9251X 25 0.99
1977 Path 78 Row 14 y = 1 .4 2 6 4 + 0.9783X 20 0.97
1975 Path 78 Row 14 y = 1.1800 + 0.9899x 20 0.97

Change Vector Analysis

After radiometric transformation, the images were analyzed in a GIS to determine 

areas of land-cover change. After the corresponding input bands from each acquisition 

were geometrically registered and radiometrically normalized, CVA was implemented for 

the 1992 (TM), 1986 (TM), and 1999 (ETM+) images. The CVA algorithm produces 

two “channels” of output change information: 1) change vector direction; and 2 ) 

multispectral change magnitude. The CVA magnitude is computed as the Euclidean 

distance, and the direction is computed as the angle of change. The distance represents 

the magnitude of change between images, and the direction represents the type of land- 

cover change (Lunetta and Elvidge, 1999). Changed areas may then be described in these 

terms (Johnson and Kasischke, 1998). Experience with CVA has demonstrated that the



change vector direction is useful in discriminating different phenomenological types of 

change, and that change magnitude is useful for relative comparisons within and among 

change types (Johnson and Kasischke, 1998). The change vector compares the difference 

in the time-trajectory of a biophysical indicator, such as a vegetation index related to leaf 

canopy biomass, for two successive time periods. In establishing the time trajectory, the 

indicator is composited for each pixel in a registered multi-date image sequence. The 

change vector is simply the vector difference between successive time-trajectories, each 

represented as a vector in a multidimensional measurement space.

In this study, TM band 4/TM band 3, which is a ratio of near infrared to red 

reflectance that has been shown to be positively related to green foliage biomass and leaf 

area, was used as a vegetation index for detecting changes in leaf area (Spanner et al., 

1990; Peterson and Running, 1989). When sunlight falls on vegetation, red wavelengths 

(near 0 .6  pm) are absorbed by chloroplasts, while the air/water interface in the spongy 

mesophyll reflects the near-infrared wavelengths (0.7-0.9 pm). Therefore, one way to 

infer the amount of vegetation existing in a multispectral image is to compare the 

reflectance at red wavelengths to the reflectance at near-infrared wavelengths (Shippert et 

al., 1995). The mid-infrared spectral region (TM Band 5) is sensitive to shadows and 

therefore can be used as an index of canopy crown shading. Changes in the vegetation 

index and TM Band 5 digital numbers were used together to define the direction and 

magnitude of change between the 1986 (TM), 1992 (TM), and 1999 (ETM+) images.

In the theoretical case of perfectly normalized data, the modal value in the change 

magnitude distribution would be zero for a predominantly unchanged study area.

16



However, unchanged pixels actually fall within a volume about the origin because of 

factors such as noise and imperfect normalization (Johnson and Kasischke, 1998). This 

“noise” is generally removed from further analysis by applying a threshold to the 

magnitude of change. The areas with the highest magnitude of spectral change would 

most likely be real change, and the areas closest to the origin would most likely be false 

change, such as cloud and snow presence and absence. A sample area of the 1990 

Chicago Creek fire plus an unbumed five km buffer were used to determine the threshold 

of change in a plot of TM Band 4 / TM Band 3 versus TM Band 5 that was required to 

adequately detect changes between the 1986 and 1992 images. The Chicago Creek fire 

was used because that fire burned a large area and had variable severity.

Two relationships were calculated from the satellite imagery: (1) the amount of 

original fire area detected by the varying thresholds, and (2 ) the amount of change not 

associated with fire in the sample area (Fig. 4). A low threshold maximizes the number 

of correctly classified fire pixels, but may overestimate the number of non-burned pixels 

that have changed, because fewer pixels are classified as either “noise” or “no change.” 

Likewise, a high threshold does not classify all fire pixels as “fire” and may 

underestimate the number of non-burned pixels that have changed. Changed pixels fall 

into one of four quadrants from the origin and these different quadrants represent the 

different directions of potential change. Change pixels that fall into Quadrant 1 represent 

an increase in TM Band 4/TM Band 3 and an increase in TM Band 5. Changed pixels 

that fall into Quadrant 2 represent an increase in TM Band 4/TM Band 3 and a decrease 

in TM Band 5. Changed pixels in Quadrant 3 represent a decrease in TM Band 4/TM

17
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Figure 4. The relationship between threshold values and the number of pixels 
identified as change by CVA techniques. A low threshold maximizes the number 
of correctly classified fire pixels, but may overestimate the number of non-bumed 
pixels that have changed. Likewise, a high threshold does not classify all fire 
pixels as 'fire' and may underestimate the number of non-bumed pixels that have 
changed. The different quadrants (1-4) represent the different directions of 
potential change. TM 4 / TM 3 may be related to leaf biomass and leaf area, and 
TM 5 may be related to canopy density. Changed pixels that fall into Quadrant 1 
represent potential increases in TM 4/TM 3 and TM 5. Changed pixels that fall 
into Quadrant 2 represent increases in TM 4/TM 3 and decreases in TM 5. 
Changed pixels in Quadrant 3 represent decreases in TM 4/TM 3 and TM 5. 
Change pixels in Quadrant 4 represent decreases in TM 4/TM 3 and an increase 
in TM 5.
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Band 3 and a decrease in TM Band 5. Change pixels in Quadrant 4 represent a 

decrease in TM Band 4/TM Band 3 and an increase in TM Band 5.

Following a bum, the bumed-area pixels will have different spectral patterns 

compared to the neighboring, unbumed vegetation. Over time, as the burned vegetation 

recovers, the two regions of interest will eventually have similar spectral responses, 

which is when the previously burned area will not be detected via satellite imagery. 

Since the 1950’s, there have been 35 large fires recorded for the Seward Peninsula by the 

Alaska Fire Service (AFS). These fires have occurred in four primary regions on the 

Seward Peninsula, as labeled in Figure 5: (1) valleys south of the Bendeleben Mountains, 

(2) the region east of Kiwalik Mountain, (3) the region southwest of the Bendeleben 

Mountains and the Lava Fields, and (4) the maritime and upland tundra south of Deering 

on Kotzebue Sound. The fire borders outlined by the AFS had some positional 

uncertainty; I could see some fire scars on some of the images and the fire border and the 

border drawn by the AFS did not always match. When there was a discrepancy, I chose 

the fire border observed on the satellite imagery instead of the potentially inaccurate 

border drawn by the AFS. To determine that the imagery would allow suitable 

discrimination between the burned and unbumed regions, a simple statistical evaluation 

of the 1990 Chicago Creek fire was conducted (Fig. 6 ), to see how each 1992 TM band 

performed in discriminating burned and unbumed regions. Pixels from the burned area, 

plus pixels from 1 km, 10 km, and 20 km distances from the fire were sampled. Among 

the spectral bands in this sampling, the red and infrared bands (TM bands 3, 4, and 5)
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Figure 5. Regions on the Seward Peninsula that have been influenced by fire since 
the 1950’s. The groups of fire scars are variously colored to distinguish between 
fires.
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Figure 6 . Differences in spectral values between the 1990 Chicago Creek fire and non- 
bumed areas at distances of 1, 10, and 20 km away from the fire. Values are averages ± one 
standard deviation, n = 10 for each group (* denotes significant difference, p < 0 .0 0 0 2 ). 
Results are significantly different for all TM bands except Band 6 .



offered the highest discrimination between burned and unbumed regions, because the 

land-cover changes associated with burning increase reflectance in this part of the 

electromagnetic spectrum (White et al., 1996). These results are similar to those found 

by Koutsias and Karteris (1998). With this confidence in discriminating between burned 

regions, I wanted to determine how long the effects of fire are detectable in the satellite 

imagery, compared to how long the effects of fire are detectable by the CVA.

Four fires, one from each fire-prone region, were selected (Fig. 7). These four 

fires were also selected because they appeared on the majority of the images and they had 

occurred early enough to analyze land-cover change that has occurred during the last 2 0  

to 30 years. One of the selected fires occurred in 1971, two occurred in 1977, and one 

occurred in 1990. The 1971 fire occurred just southwest of the Bering Land Bridge 

National Preserve and burned 51,315 acres. The two 1977 fires were designated as 1977a 

and 1977b. The 1977a fire burned approximately 257,659 acres north of Imuruk Lake, 

almost to Kotzebue Sound. The 1977b fire burned 46,126 acres of shrub valleys and 

wetland just south of the Bendeleben Mountains. The 1990 fire was the Chicago Creek 

fire, which burned 55,717 acres. The spectra from all images were analyzed over time to 

compare image pixels inside a fire area to pixels outside of the fire area. Thirty pixels 

were sampled inside and outside of the fires. Pixels outside of fires were sampled from a 

buffer region that extended approximately 5 km away from the fire border.
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Seward
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Figure 7. The four selected fires on the Seward Peninsula used to test for spectral 
differences between burned and non-bumed vegetation. The fires are separated 
by different colors according to bum year.
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I compared land-cover change detected by the CVA to land-cover change from an 

unsupervised classification from the 1986 and 1992 images. In the unsupervised process, 

pixels were assigned to classes based on their digital numbers, with the Iterative Self- 

Organizing Data Analysis Technique (ISODATA), which categorizes multiband 

continuous data into a data theme that has only one layer of data (Verbyla and Chang,

1997). The ISODATA is an iterative technique that determines the classification based 

on a convergence threshold. Data that have similar spectral characteristics will be 

grouped into a single class (Verbyla and Chang, 1997). Images were classified into 30 

spectral regions and then aggregated into seven cover types: forest, burned vegetation, 

high shrub tundra, low shrub tundra, maritime tundra, upland/open tundra, and 

barren/sparse vegetation, based on vegetation information from the Reindeer Range 

Survey of the Seward Peninsula (Swanson et al., 1985). To then evaluate areas of 

vegetation change detected on the satellite imagery, a visual interpretation of aerial 

photos from 1980, 1985, and 1999 were compared to areas of land-cover change detected 

by the CVA.
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RESULTS

Radiometric Rectification

After radiometric correction, band-by-band comparisons were conducted for the 

reference scene digital numbers and the before and after values of the other 

georeferenced scenes. Radiometric rectification algorithms performed well for the 

visible and near infrared bands, adjusting digital values for the effects of relative 

atmospheric differences to within approximately 3% for the near infrared band, which is 

similar to results obtained by Hall et al. (1991). The radiometric rectification for the TM 

mid-infrared bands had an error of approximately 10%.

Fire Disturbance

To determine if there was a difference between pixel values for burned and non- 

bumed vegetation, pixels from each of the four burned and non-bumed regions were 

sampled. The analysis of the near-infrared pixel values from the burned and non-bumed 

vegetation yielded differences between the two groups. Following the bum, the bumed- 

area pixels had different spectral reflectances compared to the neighboring unbumed 

vegetation. Between the burned and non-bumed tundra, there were statistical differences 

for four years following the 1971 fire, as shown on the 1975 imagery (Student’s t-Test,

T = 3.52, p < 0.001, n = 32, Fig. 8 a). However, by 1977 the near-infrared values between 

the areas of burned and non-bumed tundra were almost the same, as there was no
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Figure 8 . Differences in spectral values between burned and non-burned pixels. 
Values are near-infrared means ± one standard deviation. After the 1971 fire 
(Fig. 8 a), burned and non-burned pixels showed a statistical difference up to 4 
years following the fire. After the 1990 fire (Fig. 8b), the burned and non-burned 
pixels showed statistical differences for at least 2 years following the fire, but not 
up to 9 years after the fire. After the 1977b fire (Fig. 8 c), the burned and non- 
burned pixels showed no differences 9 years following the fire.



statistical difference between the areas. For the 1990 Chicago Creek fire, there were 

significant differences in the 1992 scene between the areas of burned and non-bumed 

tundra (Student’s t-Test, T = 2.63, p = 0.013, n = 32, Fig. 8 b). By 1999, there was no 

statistical difference between the areas. For the two fires from 1977, there were no 

statistical differences nine years after the fires between the burned and non-bumed 

vegetation (Fig. 8c, shows only 1977b). These analyses indicate that differences in near- 

infrared digital numbers can be used to detect vegetation disturbance from fires on the 

Seward Peninsula up to approximately five years after the fire. After approximately nine 

years for some fires, the digital numbers between fire and non-fire pixels were not 

statistically different for the four sampled fires.

To determine an adequate CVA threshold to detect fire, I compared the number of 

pixels detected from the original fire area and the number of non-fire pixels identified as 

change in the sample area. There were approximately 300,000 pixels in the original fire 

area and approximately 700,000 pixels in the total sample area (Fig. 9). At a low 

threshold, slightly more than 300,000 pixels were identified as fire and an additional

400,000 pixels were identified as change. At a higher threshold, almost 250,000 pixels 

were identified as fire and approximately 150,000 additional pixels were identified as 

change. Of the additional pixels identified as change, some of this observed change may 

be real change and some may false change.

To analyze the amount of the original fire area that is predicted by the CVA, I 

first calculated the proportion of the Chicago Creek original fire area that was detected. 

This proportion was calculated by dividing the number of fire pixels predicted as change
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Figure 9. There were approximately 300,000 pixels in the original fire area and 
approximately 700,000 pixels in the total sample area. At a low threshold, slightly more 
than 300,000 pixels were identified as fire and an additional 400,000 pixels were 
identified as change. At a higher threshold, almost 250,000 pixels were identified as fire 
and approximately 150,000 additional pixels were identified as change.



29

in the sample area by the total number of fire pixels in the sample area. Ideally, this 

proportion would equal one, suggesting that all of the original fire area was detected. 

When detecting changes in burned areas on the Seward Peninsula between 1986 and 

1992, the CVA tends to slightly over-predict fire pixels by approximately 1 to 2% at a 

low threshold (Fig. 9). At an intermediate threshold, approximately 90% of the original 

fire area is correctly predicted, and at the highest tested threshold, the fire prediction 

estimated 82% of the original fire area. This trend shows that with an increasing 

threshold level, the amount of predicted fire area decreases. However, there is another 

issue with regard to an increasing or decreasing threshold value. As the threshold 

increases, the number of non-burned pixels identified as change decreases, because they 

are categorized as “noise” or “no change. At a low threshold, the proportion of non- 

burned vegetation pixels identified as change may be overestimated, because fewer pixels 

are categorized as either noise or no change; the majority of pixels are classified as 

change. However, at a higher threshold, the results of CVA are more conservative; the 

majority of pixels are classified as either noise or no change and fewer pixels are 

classified as change. Thus, with an increasing threshold value, the amount of changed 

pixels decreased at a sharper rate than the fire area detection. The relationship between 

the overestimated and conservative approaches can be used to set the threshold. The 

threshold where the number of detected fire pixels intersects the number of non-burned 

pixels identified as change was at a threshold of 70. At the threshold of 70, the original 

fire area is not overestimated, although it is possible that the proportion of changed non



fire pixels may be overestimated. Thresholds for the remaining images were analyzed 

with the same methods. The resulting thresholds for the remaining images were very 

similar to the Chicago Creek fire-determined threshold; as a result, the same threshold 

was used for the CVA of the remaining images. Other studies (Johnson and Kasischke,

1998) have suggested CVA threshold determining methods; this method for choosing a 

threshold produces similar results.

I used the 1990 Chicago Creek fire to evaluate the accuracy of the CVA fire 

detection method, because the fire is visible on the 1992 satellite image and the location 

and extent of the fire are accurately known. As a result of the fire I expected a decrease 

in the vegetation index from 1986 to 1992. Conversely, between 1992 and 1999, when 

the vegetation would be recovering, I expected the same area to show an increase in the 

vegetation index, which may be related to an increase in leaf area. The CVA results were 

consistent with these expectations (Fig. 10), and additional fires that occurred between 

1986 and 1992 subsequently showed similar results.

For Landsat TM data, CVA can detect vegetation change on more than 50% of 

the burned region for up to nine years following fire. Further, CVA results between 1986 

and 1999 show some regions with an increase in the vegetation index; however, the 

results indicate minimal detected vegetation changes in the Chicago Creek burned region. 

The unbumed region in the Chicago Creek bum area in the 1986 image has a similar 

spectral pattern compared to the burned region in the 1999 image, which is consistent 

with the results that pixel values were not statistically different for the burned and non- 

bumed areas after approximately five years, as shown in Figure 8 .
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Area of Detail ____
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Figure 1 0 . Fig 10A. shows the CVA results between 1986 and 1992 for the 1990 
Chicago Creek fire on the 1992 satellite image, with a threshold value of 70. The 
purple regions show the expected decrease in TM 4/TM 3 and TM 5 as a result of 
the 1990 fire. Fig. 10B shows the CVA results between 1992 and 1999 on the 1992 
satellite image. The green areas represent the expected increases in TM 4/TM 3 and 
TM 5 as a result of the recovering vegetation following fire.



32

Land Cover Change on the Seward Peninsula

Among the comparison of satellite scenes for the study area, the CVA detected 

changes in direction and magnitude between the 1986 and 1992 scenes. Between the 

1986 and 1992 scenes, change was detected for 392,552 ha, or 17% (14% of study 

region) of the pixels in Row 14, composed mainly of decreases in TM Band 4/TM Band 

3 and decreases in TM Band 5, with increases in TM Band 5 in some areas (Fig. 11). 

Between the 1986 and 1992 scenes, change was detected for 111,831 ha, or 47% (8% of 

study region) of the pixels in Row 15 (Fig. 11). Approximately two thirds of that change 

was a decrease in TM 4/TM 3 and TM 5. The remaining one third of the change was 

primarily a decrease in TM Band 4/TM Band 3 and an increase in TM Band 5. Between 

the 1992 and 1999 scenes, change was detected by CVA for 164,324 ha, or 30% (16% of 

study region) of the pixels in Row 14 (Fig. 11). Two-thirds of the change was an 

increase in TM Band 4/TM Band 3 and a decrease in TM Band 5, and one third of the 

change was primarily an increase in both TM Band 4/TM Band 3 and TM Band 5.
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Figure 11. Results of the land-cover change from the CVA of the Seward Peninsula 
in hectares for the 1986-1992 Row 14 scenes, the 1986-1992 Row 15 scenes, and 
the 1992-1999 Row 14 scenes. The horizontal axis numerical categories represent 
the four different quadrants of detected change: Category 1 represents increases in 
TM 4/TM 3 and TM 5. Category 2 represents increases in TM 4/TM 3 and 
decreases in TM 5. Category 3 represents decreases in TM 4/TM 3 and TM 5. 
Category 4 represents decreases in TM 4/TM 3 and increases in TM 5.



To evaluate the areas of vegetation change identified by CVA, the results of the 

CVA were compared to the results of a change detection analysis based on an 

unsupervised classification. The unsupervised classification analysis estimated that the 

largest changes in cover type between the 1986 and 1992 (Path 78 Row 14) scenes were 

100,239 ha of change from the low shrub class to the high shrub class, 271,783 ha of 

change from the open tundra class to the high shrub class, 175,219 ha of change from the 

sparse class to the forest class, and 129,033 ha of change from the sparse class to the high 

shrub class (Table 3). The largest cover type changes in Row 15 were 99,752 ha of 

change from the forest class to the riparian class, 23,200 ha of change from the high 

shrub class to the low shrub class, 18,432 ha of change from the sparse class to the low 

shrub class, and 14,970 ha of change from the low shrub class to the forest class (Table

3). Across Path 78 Row 14 and 15, 55% of change was detected by the unsupervised 

classification. Overall, there was approximately 759,610 ha detected as changing to a 

class with a more developed canopy as compared to 268,132 ha detected as changing to a 

class with a less developed canopy. The remaining 1,095,886 ha represent neutral 

change. Thus, the change detection analysis based on the unsupervised classification 

indicates that land-cover change on the Seward Peninsula was predominantly in the 

direction of increased shrubbiness.
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Table 3. Land-cover change (ha) for each vegetation class from 1986 to 1992 based on unsupervised classification o f  1986 and 1992 (Path 
78 Row 14) satellite imagery.
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In order to compare the change detected from the CVA to the change from the 

unsupervised classification, five CVA sample areas were selected for comparison. These 

regions were chosen because they displayed the greatest contiguous amount of detected 

change by the CVA. The sample regions were compared for overlapping change areas 

between what the CVA detected and the change detected from the unsupervised 

classification. The areas depicted as change by the unsupervised classification 

overlapped with the areas of change detected by the CVA. The approximately 20 km2 

sample areas were at the northern border of the lava field, the Koyuk River inlet of 

Norton Bay, the Koyuk River Valley, the 1990 Chicago Creek fire site, and the Fox River 

Valley near Council (Fig. 12). Overlap between the unsupervised classification and the 

change from the CVA in the sample areas was calculated by computing the geographic 

intersection of the unsupervised classification and the change from the CVA in Arclnfo®. 

By knowing the number of resulting pixels, the percent of overlap within the sample area 

from the unsupervised classification and the CVA can be calculated by dividing the 

number of intersecting pixels by the number of CVA change pixels plus the number of 

classification changed pixels minus the intersecting pixels.
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Figure 12. Sample regions to compare change detected by the CVA to change detected 
from the unsupervised classification.
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The majority of change detected at the lava field by CVA did not register as 

change from the classification; rather, the classification registered it as the same land- 

cover in 1986 as in 1992, resulting in a 32% overlap between the two techniques (Table

4). In the change detected at the Koyuk River inlet by CVA, there was a 75% overlap in 

agreement of change detected from the CVA and change estimated from the classification 

(Table 4). Farther away from the shore to approximately 3 km inland, the overlap 

changes were primarily from open tundra to shrubs and from shrubs to forest. Nearest 

the water, the overlap changes were changes from high shrub and forested areas to low 

shrub and sparse areas. In parts of the Koyuk River Valley, there was a 50% overlap in 

agreement of change detected by the CVA and change estimated by the classification 

(Table 4). The overlap changes were primarily from open tundra class to shrub classes 

and from shrub classes and open tundra class to sparse vegetation class. The CVA 

change detection from the Chicago Creek fire site agreed 100% with the change detected 

from the unsupervised classification, which categorized the change as open tundra and 

low shrubs to burned vegetation (Table 4). In the Fox River Valley region, there was an 

80% overlap between the change detected from the CVA and the change estimated by the 

classification, which registered the overlap change as from low/high shrub classes to 

forest, and from low shrub to high shrubs. Four out of the five sample regions had more 

than 50% agreement between regions classified by the unsupervised classification and the 

area of changes detected by the CVA.



Table 4. Sample areas to compare change detected by the CVA to change detection from the unsupervised 
classification
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The CVA results were also evaluated by using visual interpretation of aerial 

photos from 1985 and 1999 to determine whether areas identified as changed by the CVA 

from 1986 to 1992 appeared to have changed in aerial photographs. Satellite images and 

color infrared aerial photography can also be visually and subjectively interpreted to infer 

areas of change. Aerial photography from 1985 and 1999 was used to compare changed 

areas from the CVA to my visual interpretation of the aerial photography of Council, 

Alaska (Fig. 13). Here, forested and shrub vegetation north of the Council airstrip 

appears to have increased from 1985 to 1999. Near Koyuk, Alaska, forested and shrub 

vegetation also appear to have increased between 1980 and 1999 (Fig. 14). Vegetated 

valleys appeared to show increases in shrub density, in similar areas to those detected by 

the CVA. Riparian vegetation changes were detected by the CVA on the Seward 

Peninsula, shown by changes along riparian corridors (Fig. 15). CVA results and photo 

interpretation together suggest that shrub advance is approximately 100 m in valleys 

north of the Bendeleben Mountains (Fig. 16). Further, CVA and photo interpretation 

suggest that shrubs have also increased along riverbed bottoms (Fig. 17). Some river 

valleys are lined with spruce, primarily on the East and Southeast facing slopes. From 

photo interpretation, the spruce appear to extend higher up the slopes in 1992 than they 

do in previous years. Taken together, my comparison of CVA results with visual 

interpretation of aerial photographs indicates that shrubbiness may be increasing on the 

Seward Peninsula.



Figure 13. Aerial photography near Council, AK. Fig. 13A and 13B are aerial photographs taken in 
1985 and in 1999, respectively. Notice construction of the Council airstrip by 1999. Forested and shrub 
vegetation north of the airstrip appears to have increased from 1985 to 1999.



Figure 14. Aerial photography near Koyuk, AK. Fig. 14A and 14B are aerial photographs taken in 1980 
and 1999, respectively. Forested and shrub vegetation west of the airstrip appears to have increased from 
1980 to 1999.
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Figure 15. Example of 1986-1992 CVA results greater than the threshold for 
the Koyuk River Inlet, overlaid on a TM image. Blue areas may represent 
regions of increases in TM Band 4/TM Band 3 and TM Band 5. Purple areas 
represent regions of increases in TM Band 4/TM Band 3 and decreases in TM 
Band 5.
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Figure 16. Pink and blue regions are 1986-1992 CVA results overlaid on an 
infrared aerial photograph, showing areas of detected increases in TM Band 
4/TM Band 3 and TM Band 5 (pink), and increases in TM Band 4/TM Band 3 
and decreases in TM Band 5 (blue), suggesting an increase in shrub advance. 
Compared to aerial photograph visual interpretation, shrub advance is 
approximately 100 m in valleys north of the Bendeleben Mountains.



5 0 5 Kilometers

Figure 17. Green areas are 1986-1992 CVA results overlaid on a TM image, 
showing regions of potential increases in TM Band 4/TM Band 3 and TM 
Band 5. These changes suggest that shrubs have increased along riverbeds.
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Potential False Change

The CVA detected some areas of change that could not be determined valid when 

compared to the satellite imagery and to the changes identified by interpretation of aerial 

photographs. The five sample areas from different vegetation types and regions (Fig. 12) 

were used to determine the amount of potential false change detection. The different 

regions were mountainous areas, upland tundra, riparian areas, and low shrub tundra. The 

areas detected as change by the CVA were compared to the satellite images and the aerial 

photographs, to see if the areas were valid change. Of the change detected by the CVA in 

the mountainous sample area, approximately 8 % of the change was false change, 

consisting of residual snow, ice, or rock pixels that were not masked from the original 

images. Of the change detected by the CVA in the low shrub sample area in valleys 

south of the mountains, approximately 5% of the change was false change. As evidenced 

by anecdotal ground-truthing, some areas are currently talus slopes that may have been 

previously vegetated, resulting in the detection of land-cover change areas that appeared 

non-vegetated. Other sample sites had less than 5% potential false change. This change 

appears to be caused by seasonal vegetation differences between scenes.
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DISCUSSION

The ability to detect and map changes in land-cover via analysis of data from 

satellite imagery has been a topic of interest in the field of remote sensing (Johnson and 

Kasischke, 1996; Lugo and Brown, 1992). The change detection analysis conducted on 

the radiometrically corrected satellite images from the Seward Peninsula, Alaska, in this 

study suggests that CVA is a valuable tool for change detection. As a result of the 

information provided by CVA on both the direction and the magnitude of change, the 

CVA-based approach is a powerful tool for analyzing change detection between images. 

A desirable change detection technique is one that can use multiple bands simultaneously 

to calculate change, instead of conducting change on a band-by-band basis. The CVA 

technique successfully implements these characteristics by allowing a multi-band 

analysis to effectively capture the maximum amount of changes. Other change detection 

techniques, such as image differencing or image ratioing, do not have the capability to 

detect both the direction and magnitude of change. Because CVA can detect both 

direction and magnitude of change, a CVA-based approach to change detection can result 

in more successful interpretations of changed areas.

Although the expansion of the boreal forest is likely under warming scenarios, the 

pattern and rate of change are not clearly understood. Detection of the patterns of land- 

cover change is important for understanding processes controlling the response of 

vegetation dynamics to climate change. Because the dynamics of arctic and subarctic 

vegetation communities are particularly sensitive to changes in climate (Chapin et al.,



2000), I expected that responses of vegetation to climate change in Alaska would allow 

for vegetation change detection over decadal time scales. Therefore, I evaluated whether 

CVA could use the spatial and spectral resolutions of Landsat data to determine what 

changes have occurred and when they have occurred. To understand the potential for the 

application of the CVA to satellite data, I first discuss the evaluation of the CVA 

technique for both fire disturbance and gradual vegetation changes. I next discuss the 

application of CVA with respect to fire disturbance; specifically, for how long fire can be 

detected via satellite imagery and the influence that fire has on the vegetation. I then 

discuss the application of CVA and the detection of dynamics at or near treeline. 

Following the discussion of the application of the CVA technique, I will highlight some 

topics for improvements to the technique and future directions of study.

CVA vs. Unsupervised Classification

Changes in the TM Band 4/TM Band 3 ratio since 1986 may be related to 

vegetation change on the Seward Peninsula. The increase in TM Band 4/TM Band 3 may 

be due to either an increase in broadleaf density or an increase in broadleaf plants on the 

landscape. The CVA results also suggest decreases in the TM Band 5 measurement 

across the Seward Peninsula from 1986 to 1999. Because this TM band is sensitive to 

shadows, changes in this band may suggest changes in the canopy crown shading and 

canopy density. More shadows would exist if there were an increase in the vertical 

structure of the vegetation, and these changes would result in a decrease in the TM Band 

5 measurement. Increased shadowed areas will be darker on the satellite imagery and the
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darker areas have lower digital numbers; therefore, an observed decrease in TM Band 5 

may suggest an increase in canopy density. The observed changes in TM Band 4/TM 

Band 3 and TM Band 5, combined with the unsupervised classification and aerial 

photography interpretation, suggest that the shrub matrix may be changing and that 

shrubbiness may be increasing on the Seward Peninsula.

However, there are some errors that are associated with the potential interpretations 

from the changes in these indices. For example, if it rained prior to the acquisition of the 

satellite image, the increased wetness of the vegetation may alter some results, potentially 

leading to false change detection. There are also other alternative explanations for 

change detected by the CVA. For example, an observed increase in TM Band 4/TM 

Band 3 may also suggest a decrease in moisture content of vegetation pixels. Similarly, 

an observed increase in TM Band 5 may suggest a decrease in water or an increase in 

soil.

Therefore, for the change detected by the CVA, it would be helpful to be able to 

predict or explain the type of change that occurred from the change detected by the 

unsupervised classification. The land-cover change that is detected can contain one of 

two types of information: quantitative or categorical information. The ability to combine 

these two types of information could lead to a more powerful method of change 

detection. The CVA change vectors only contain quantitative information, which consist 

of the changes in TM Band 4/TM Band 3 and TM Band 5. However, a limitation of 

CVA is that it does not also supply categorical information, which represents the absolute 

position in spectral space. For example, an area detected as changed by the CVA may
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suggest increases in leaf area or canopy density, but it cannot indicate whether the area 

changed from ‘low shrub’ to ‘maritime tundra.’ Some regions from the classification did 

not match the CVA results, for a couple of potential reasons. First, the vegetation 

classification category does not have to change in order for CVA to detect a change. For 

example, a group of pixels may be classified as “forest” by the unsupervised 

classification during the 1970’s, but due to disease, the same group of pixels may be an 

open canopy forest with shrubs in the 1990’s. If so, the unsupervised classification may 

classify the pixels as “forest” for both time intervals, whereas the CVA may detect the 

changes in the amount of reflected near-infrared light, thus detecting potential change. 

Second, there may have been some difficulty in distinguishing regions of some wetland 

tundra and riparian from forested areas with the unsupervised classification because of 

the resolution and heterogeneity of riparian vegetation, which is a result similar to that 

found by Congalton et al. (2000). As a result of the difficulty in distinguishing wetland 

and riparian vegetation in forested regions, the estimates for forested area in these regions 

is slightly overestimated compared to the other regions without substantial wetland and 

riparian vegetation, such as the tundra and burned vegetation. Because of these types of 

errors in the classification, categorical information alone is often not optimal for change 

detection (Joria and Jorgenson, 1996). Therefore, the combined interpretation of change 

detected by both CVA and unsupervised classification should be more powerful than the 

application of each technique alone. Similar techniques combining two methods have 

been found to be effective (Johnson and Kasischke, 1996), because they use the 

combined advantages of both procedures to optimize land-cover change detection. In this
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study, the majority of change areas identified by CVA were also identified by the 

unsupervised classification. This result suggests that a strong relationship may exist 

between the CVA capabilities and large-scale vegetation changes detected by the 

classification.

Fire Disturbance

Disturbance by fire in Alaska is a common occurrence (French et al., 1999); since 

1990, over 4,000 fires have burned over 2.7 million ha within Alaska (Boles and Verbyla, 

2000). Tundra fire is a common disturbance on the Seward Peninsula, where moss and 

lichen may dry out during the summer and allow fire to spread readily through the tundra. 

Fires often occur between June and August (Wein, 1976), and the bums range in size 

from less than 1 ha to 109,260 ha, with an average size of 2,815 ha (Boles and Verbyla, 

2000).

Because fire plays a role in the processes of land-cover change and vegetation 

dynamics on the Seward Peninsula, I wanted to determine how long the effects of fire 

were detectable on satellite imagery. Disturbances such as fires can alter the stmcture of 

the existing and remaining vegetation (French et al., 1999) by reducing canopy cover, and 

creating gaps in which recruitment of plant species may subsequently occur. As a 

consequence of frequent fire, fuel accumulation is reduced or eliminated and the risk of 

catastrophic fires is decreased (Flannigan and Van Wagner, 1990). Fires are often the 

result of certain fuel and weather conditions; therefore, the behavior and frequencies of 

fires can vary dramatically at numerous spatial scales (Oliver and Larson, 1990; Peterson



and Pickett, 1990). In fire-prone regions, fires may clear away competition and promote 

root suckering and stump sprouting, which may lead to a shrubbier canopy and leave the 

burned regions open to increased shrub recruitment. Also, the removal of organic matter 

and the exposure of mineral soil may provide a favorable place for regeneration. Shrubs 

and graminoid species may resprout from below ground stems shortly following fire, 

allowing for a rapid recovery. In contrast, lichen recovery is quite slow. However, after 

approximately five years there were no statistically significant spectral differences 

between burned and non-burned vegetation in the tundra fires. During the ground truth 

flight in July 1999, there was no visible aerial distinction between the 1990 burned 

Chicago Creek area and the surrounding tundra. This suggests that the effects of fire do 

not last as long in tundra regions as in forested areas, where they are observable for 

several decades. In the boreal forest, the effects from fire can be observed in satellite 

imagery for much longer because of factors affecting the spruce growth cycle. While 

seedling establishment quickly follows fire, tree growth is slow and the canopy is shrub- 

dominated for 20-40 years before conifers emerge from shrubs (Van Cleve et al., 1991). 

As a result, significant spruce re-establishment could take many decades. Although there 

is an increase in lichen cover following tundra fires, their growth is also slow. In 

contrast, vascular plants can recover more rapidly and one effect of fire on plants that 

sprout after being burned is increased vigor and growth rate (Whelan, 1995). This 

increase in growth suggests that the tundra, particularly the shrubs, may recover fairly 

rapidly following a fire. The result of the testing of several fire regions indicates that the 

CVA can detect vegetation change on more 50% of the burned region on TM imagery for
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up to nine years following fire, which suggests that disturbance by tundra fires may be 

easily detected via Landsat satellite imagery. If the fires can be reasonably detected up to 

seven years after the fire, then there is the potential to observe vegetation dynamics on a 

sub-decadal time scale in a region with relatively low amount of phytomass and rapid 

vegetation recovery compared to forests. Therefore, there is a need for sub-decadal and 

inter-annual imagery to monitor the vegetation dynamics of burned tundra.

Land Cover Change on the Seward Peninsula

I evaluated whether it was possible to detect changes in the dynamics of spruce or 

other non-tree species at treeline on the Seward Peninsula. The observed increases in TM 

Band 4/TM Band 3 at higher elevations above treeline suggest that CVA is capable of 

detecting decadal scale changes in the productivity and density of non-tree species. In 

particular, the areas of detected change are in areas of shrubs that occur on the Seward 

Peninsula. The fluctuations in TM Band 4/TM Band 3 and TM Band 5 in regions of 

shrubs in several regions on the Seward Peninsula and the results from the unsupervised 

classification analysis suggest that the shrub matrix may be changing. The areas where 

shrubs may be expanding, which occur on open areas and hillsides at elevations from 2 0 0  

to 400 m, such as the valleys south of the Bendeleben Mountains, were verified as areas 

of high shrubs during the ground truth flight in the summer of 1999. The CVA and 

unsupervised classification results suggest that shrubbiness may be increasing across the 

Seward Peninsula, which is an area that experiences frequent tundra fires. It is possible 

that disturbance by fire may play a significant role in the vegetation dynamics of tundra
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regions. The potential relationship between increased shrubbiness and fire activity has 

been suggested in steppe areas (White et al., 1996).

Because there are data from field-based studies that spruce treeline may be expanding 

on the Seward Peninsula (Lloyd, pers. comm.), I evaluated whether the movement of 

treeline could be detected with Landsat satellite imagery. The demography of spruce 

seedlings and saplings documented at and above treeline in parts of the Seward Peninsula 

(Lloyd, unpublished data) suggest that spruce have been able to regenerate above treeline. 

In particular, there is evidence of large pulses of spruce establishment at approximately 

1960. In addition to field results, modeling results suggest that conifer forests could 

invade tundra after time lags of several decades after a warming event (Starfield and 

Chapin, 1996). My results indicate that spruce migration over a 30-year period is 

difficult to detect with the Landsat satellite imagery I have available.

One reason why spruce movement is marginally detected on the Seward 

Peninsula is that fire activity may adversely affect spruce expansion. Fire may clear 

away other vegetation that offers protection from the wind, ice, and cold, and the 

resulting harsh environment, and particularly at the exposed treeline regions, which may 

not be favorable for spruce recruitment. Further, fire may also kill newly established 

seedlings and trees. By removing vegetation, fire might make these sites more exposed 

to wind and snow abrasion which may potentially slow down regeneration at treeline, a 

result that would be consistent with White et al. (1996). Another reason is that broadleaf 

vegetation reflects light more than conifers and may mask conifer spectral responses until 

the conifer canopy becomes dominant on the landscape.
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Besides the potential masking affect of broadleaf vegetation, the expansion of 

spruce to higher elevations may be difficult to detect with CVA and unsupervised 

classification primarily because these changes are not captured with the radiometric and 

spectral resolution of the satellite imagery on a decadal time scale. Forest advance into 

tundra involves changes in tree distribution; specifically the position of the northernmost 

trees at latitudinal treeline (Conkey et al., 1995). The advance of forest into tundra 

primarily occurs through the gradual increase in the recruitment of new individuals at 

treeline, resulting in an increase of seedlings (Lloyd and Graumlich, 1997). However, 

seedlings that are approximately 30-years old are still relatively small compared to the 

tundra and any change and/or movement may not be detectable in Landsat satellite 

imagery from summer months, when shrub greenness and canopy cover is at its peak. 

The detection of spruce growth and migration is particularly difficult at lower elevations, 

where spruce is growing up through thickets of birch, alder, and willow (Mann et al., 

1996) and spruce seedlings are fairly small relative to the higher albedo shrubby tundra. 

Modeling results from Starfield and Chapin (1996) indicate that any change from tundra 

to forest might take approximately 150 years, reflecting the time required for tree 

establishment and growth. As a result, spruce migration may be difficult to monitor over 

shorter time scales via satellite imagery.

Challenges and Limitations

The same satellite images were used for both CVA and the unsupervised 

classification to determine how areas detected as change were similar and/or different



between the methods. While this approach is useful to see how two different methods 

may vary in their results, this approach also presents some limitations. If the spectral 

data are biased toward particular bands or contain error in the data, these biases will be 

present for both methods of analysis and may cause the results to also be biased, therefore 

potentially skewing the results and interpretations.

A challenge in conducting the CVA technique is the sensitivity of the results to 

the threshold value. The CVA detects change for pixels beyond the threshold value, so 

depending on how the threshold is set, the amount of change detected by CVA may vary. 

It is because of this sensitivity that the results may represent an underestimation or an 

overestimation of land cover change and a potential bias in the interpretation of these 

results. Therefore, it is helpful to combine the CVA results with those from an 

unsupervised classification and aerial photography to strengthen the results. However, 

the aid of the unsupervised classification is only as useful as the accuracy of the 

classification itself. In Alaskan tundra, land-cover classification analyses based on 

satellite imagery have documented an accuracy between 52 and 68  percent (Joria and 

Jorgenson, 1996) using TM data. The unsupervised classification in this study detected 

that 55% of the pixels changed between 1986 and 199. Verbyla (1996) reports that 

classification studies may have bias errors of approximately 18%. Because the 55% 

detected change is substantially greater than the biases associated with classification 

errors, much of the detected change is most likely real change and not due to 

classification errors alone.
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Another challenge in interpreting the CVA results is to be able to differentiate 

between areas of detected change that are not related to changes in land-cover. For 

example, CVA results detected some change near the mouth of the Koyuk River inlet. 

However, these areas of change may be because of changes in the spectral signatures as a 

result of tidal influences, and not necessarily a change in land-cover over time. The 

combination of results from the CVA, unsupervised classification, and aerial photography 

can strengthen interpretation and minimize the potential detection of false change.

The vegetation changes detected on the Seward Peninsula are consistent with 

some vegetation modeling results for the warming trends observed across North America 

and Alaska (Chapin et al., 2000). However, there are other activities on the Seward 

Peninsula that may affect the observed changes in vegetation. The Seward Peninsula has 

a history of mining activity, and heavy metals and other materials may infiltrate the 

hydrological system and soils to affect vegetative growth. Also, herbivore activities from 

caribou, reindeer, and hare populations may influence vegetation dynamics on the 

Seward Peninsula. Caribou and reindeer herds are not uncommon, and their grazing 

activities may be responsible for some of the observed changes in land-cover. 

Furthermore, periods of high hare populations may decrease the shrub cover on the 

Seward Peninsula, to influence detected areas of change. Alternatively, periods of low 

hare populations may lead to increased shrubbiness.
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Improvements and Future Directions

In addition to an approach that combines different change detection techniques, 

results can be strengthened with images using phenological anniversary dates, since the 

differences will be due less to differences in season and vegetation phenology. Since the 

1986 and 1992 images were acquired at two different times in the summer (1986: end of 

June; 1992: beginning of June) when snowmelt and greenness were different, steps were 

carried out to minimize false change detection. The vegetation in the detected change 

areas may be growing denser and/or taller, as would be the change from tundra to a 

shrubbier environment. While the CVA results suggest decreases in TM Band 4/TM 

Band 3 in some areas, these changes may be because of differences in vegetation 

phenology, as the image acquired later in the growing season would have a greater 

abundance of leaves compared to an image acquired earlier in the growing season.

Future studies should focus on the extent and location of shrub increase on the 

Seward Peninsula. The increase in shrubbiness is an interesting result and potentially 

ecologically critical, as it suggests directional changes in the vegetation that are 

consistent with climate changes that are occurring on the Seward Peninsula. Additional 

information on slope, aspect, and elevation of detected change areas will further improve 

our understanding of vegetation change. Further, studying the hydrology of the Seward 

Peninsula may strengthen results. If shrubbiness were increasing on the Seward 

Peninsula, I would expect to see a decrease in run-off and potentially, a drier environment 

because the more extensive rooting systems and water use of shrubs may cause a 

decrease in available run-off. The Seward Peninsula has been observed to be drier in

58



recent years (Chapin, pers. comm.), but hydrological analyses would strengthen results 

regarding potential impacts that increased shrubbiness may have on the Seward 

Peninsula.

In addition, satellite imagery with finer spatial resolution may help pinpoint areas 

of potential spruce movement. Imagery from earlier in the year, such as an image from 

April, may help distinguish spruce from shrub due to the presence of snow cover, because 

the tundra with spruce saplings would have a different spectral response because of the 

absorption and crown shadows of spruce above the snow cover. Large-scale studies in 

northern Alaska may require the use of sensors covering larger spatial scales to 

extrapolate results to broader regions of the circumpolar Arctic (Walker et al., 1995).

In summary, the results presented here suggest that land-cover on the Seward 

Peninsula has changed, and the changes likely represent responses to fire and/or warming 

temperatures. Our analyses have identified some important conclusions regarding the use 

of CVA for land-cover change detection. These conclusions include: (1) the use of both 

CVA and unsupervised classification together provided more powerful interpretation of 

change; (2) The CVA detected vegetation change on more 50% of the burned region on 

TM imagery for up to nine years following fire (3) CVA results suggest that changes in 

the shrub matrix are occurring, including a potential increase in shrubbiness; (4) at high 

elevations, CVA suggests that leaf area and canopy density may be increasing in non-tree 

species; and (5) CVA was not able to detect spruce emerging from tall shrubs, although 

regions of spruce recruitment at and above treeline have been documented on the Seward 

Peninsula. The evaluation of the performance of CVA suggests that results can be
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strengthened with images using anniversary dates, since the differences will be due less 

to differences in season and vegetation phenology.
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