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Introduction: 
 
 The dramatic increases in average global temperatures over the past half Century has prompted a 

variety of research examining the causes, impacts, and possible effects of climate change over a broad 

range of spatial and temporal scales (Chapin et al 1995, Henry and Molau 1997, Oechel et al 1997, 

National Research Council 2002). Arctic regions contain approximately 6% of the land surface area on 

Earth and are characterized by cold and short growing seasons, extreme seasonal variation in radiation, and 

a prolonged winter snow cover making them very sensitive to disturbances and a model system for 

researchers who want to study climate change (Oechel et al 1997, Stow et al 2004). Currently, the arctic 

science community has placed a great deal of focus and investment into researching the effects climate 

change has had or will have on biophysical parameters such as plant growth, permafrost depths, and 

biogeochemical cycles (Grogan and Chapin 2000, McMichael et al 1999, Oechel et al 1995 & 1997, Shaver 

et al 1995, National Research Council 2000). 

 Remote sensing and GIS have played a key role in research focusing on changes in vegetation, 

active layer depths, and biogeochemical cycles in the arctic biome. An important component of such 

research is the use of land cover maps and NDVI (Normalized Difference Vegetation Index) derived from 

satellite imagery (Boelman et al 2003, Laidler and Treitz 2003, McMichael et al 1997, and Stow et al 

1998). Satellite imagery’s greatest appeal to these various types of research is its ability to apply site level 

research to regional or global scales. However, most satellite imagery has proven to be inadequate at 

providing a detailed or accurate land cover map of arctic Alaska because of the high heterogeneity of the 

tundra landscape and low spatial resolution of satellite imagery (Laidler and Treitz 2003, Noyle 1999).  

 In 1999, Space Imaging launched the IKONOS satellite which was the first platform to make high 

spatial resolution satellite imagery (1m panchromatic and 4m multi-spectral) available to the public market. 



In 2001, the Arctic Ecology Laboratory (AEL) at Michigan State University had purchased IKONOS 

imagery as a component to their National Science Foundation funded project to evaluate vegetation change 

in response to disturbance caused by climate amelioration throughout the area surrounding the Barrow 

Environmental Observatory (BEO) in northern Alaska. A land cover map was produced from this imagery 

but was proven to be inadequate for ecological use because of low accuracies on account of poor reference 

data during the classification process and image interpreters who were not familiar with the landscape of 

northern Alaska (Bronson 2002, Tweedie 2004). The AEL determined that there was a need for a second 

opinion on the use of IKONOS imagery because of the large amount of time and money invested into the 

first mapping project. In 2004, a second mapping endeavor was started by the AEL to map the land cover 

of the area surrounding the BEO using the same IKONOS imagery. The second mapping effort consisted of 

using different remote sensing techniques and image interpreters.  

 The focus of this paper is on the results of the 2004 land cover mapping project. Land cover maps 

were produced from the IKONOS imagery at different hierarchal levels. Each land cover map was 

evaluated for accuracy. An assessment on the suitability of these maps for ecological applications is 

brought forward, as well as a discussion on the factors that may have affected the results of the land cover 

classification. 

Methods: 

Study Area 

 The Village of Barrow is located in northern most Alaska and mainland North America (Figure 1). 

The area of interest for this research is the littoral tundra landscape surrounding the BEO which is located 

approximately 4.5km east of Barrow (Figure 2). The BEO is a protected area (approximately 33 km2) of 

coastal tundra where research scientists have been conducting a wide range of studies on the northern coast 

of Alaska since the 1950’s (Brown et al 1980, Noyle 1999, Walker 1997). 



 

Figure 1. Vicinity map of Barrow, Alaska. The map in the upper left is an AVHRR composite image of the state of 
Alaska, and the map in the lower right is an LANDSAT MSS composite image of Alaska’s North Slope. 

 

 
Figure 2. Vicinity map of the Barrow Environmental Observatory. Center is the IKONOS image mosaic overlaid on top 
of a DRG. The BEO lays ~4.5km east of the Village of Barrow. Point Barrow separates the Chukchi and Beaufort Seas. 
 



Data 
 
 All data used in this analysis was derived from the AEL’s data archive which has a data sharing 

agreement with the Barrow Arctic Science Consortium (BASC). The IKONOS imagery consisted of two 

scenes from July 16, 2000 and August 16, 2000. Both panchromatic and multi-spectral images were 

acquired for each date. Table 1 outlines the spatial and spectral resolutions of the IKONOS data. The 

accuracy assessment point data was collected during the 2002 field season using real-time differential 

global positioning systems (GPS). ERDAS imagine 8.7 was used for all image processing procedures and 

ESRI ArcGIS 8.3 was used for making the final map products. 

Bands Band Width (µm) Spatial Resolution (m) 
Multi-spectral    
1 (Blue) .45 - .53 4 
2 (Green) .52 - .61 4 
3 (Red) .64 - .72 4 
4 (NIR) .77 - .88 4 
PAN .45 - .90  1 

Table 1. Spectral and spatial resolutions of IKONOS satellite imagery. 

Image Preprocessing 

 The majority of the image preprocessing procedures were already completed prior to this study by 

Space Imaging (Space Imaging 2002). First, the two raw image composites from July and August of 2000 

were pan-sharpened with a principal component merge of the four multi-spectral bands with the 

panchromatic band producing a four band multi-spectral image with 1m resolution. Two different scenes 

were used for this project because each date had excessive cloud cover which is a frequent problem for 

satellite derived images throughout the Arctic biome. Space imaging took cloud free subsets from each 

scene and produced an image mosaic of the area adjacent and within the BEO (Figure 2). Space Imaging 

also performed a georectification of the image mosaic with GPS points collected during the 2001 field 

season. 

 The NDVI has been used extensively as a measure to spectrally enhance satellite imagery to find 

slight differences in both soils and vegetation (Tucker 1979, ERDAS 1999). I used the Spatial Modeler tool 

in ERDAS Imagine to derive a single NDVI image of the BEO (ERDAS 1999). Principal Component 

Analysis (PCA) was another spectral enhancement procedure used during this project. PCA is often used as 

a method of data compression using a linear transformation of the dataset. PCA is an effective method of 

measuring the brightness, greenness, and wetness of vegetation from satellite imagery (Brook and Kenkel 



2002, Ricotta et al 1999, ERDAS 1999). The Spatial Modeler tool was also used to stack the first 3 PCA 

layers and the NDVI layer with the pan-sharpened image mosaic created by Space Imaging. The result of 

the image stacking procedure produced an 8 band image composite which was used for classification. 

Land Cover Classification  

AEL Land Cover Classification 
Water 
Arctophila 
Carex 
Mixed Aquatic  
Wet Graminoid 
Mixed Graminoid 
Moist Graminoid 
Lichen Heath 
Forb Tundra 
Dry Graminoid  
Willow Shrub 
Mixed Shrub 
Non-Vegetated 
Cloud 

 Table 2. Land cover classification developed by the AEL. 

 Land cover mapping of the Barrow area prior to this research have utilized the Anderson (USGS) 

classification scheme in their efforts (Noyle 1999, Tweedie 2004). However, the USGS land cover types do 

no adequately represent the vegetation found in the Barrow area and other coastal or littoral tundra 

ecosystems in Alaska (Tweedie 2004). The AEL developed a land cover classification system (Table 2) 

which they consider to be a good representation of the vegetation found in the Barrow area. This 

classification scheme was used within my classification procedures as well as the accuracy assessment field 

work completed in 2002.   

Image Classification 

 Multi-spectral classification is the procedure of categorizing pixels into a finite number of 

individual classes, or categories of data, based on their data file values (ERDAS 1999). In a supervised 

classification, the image interpreters must have some a priori knowledge of the area covered by the image 

they are attempting to classify. In unsupervised classification, also know as clustering, a minimum amount 

of input of the data is required before performing the classification. However, extensive knowledge of the 

area the image covers is needed to assign output clusters a value. 

 I used an unsupervised classification system for this mapping project. Space Imaging used 

supervised classification in 2001 to make their land cover map. However, it was later determined that the 



sites used as training data in the supervised classification were not very reliable because they were derived 

from several different sources each using different data collection equipment and methods in the field. The 

unsupervised classification in 2004 used the Iterative Self-Organizing Data Analysis Technique 

(ISODATA) (Tou and Gonzalez 1974) algorithm to execute the clustering of the IKONOS image. The 

unsupervised classification calculated 50 unique clusters from the imagery. 50 clusters were assigned to the 

output to make certain that each land cover class would be identified. Each cluster was carefully evaluated 

and assigned a land cover value from the AEL classification scheme. 

 After the output clusters were classified, the image data was converted to GRID format in ArcGIS. 

The GRID was reclassified to merge clusters with similar values. Also, areas which had some cloud cover 

were masked out. The GRID was then evaluated for accuracy using the real-time differential GPS data 

collected in 2002. 

Accuracy Assessment 

 It is very important that accuracy assessments are completed in order to evaluate the quality of 

data. Accuracy assessments provide the image interpreter knowledge of where error has occurred and often 

lead to insight on what can be done to improve mapping efforts. However, delineating the accuracy of data 

derived from remote sensing techniques is often the most costly and time consuming part of any project 

(Congalton and Green 1999).  

In 2002, the AEL collected field samples to provide ground truthing for the IKONOS land cover 

maps. The field crew used a stratified random sampling method (Congalton and Green 1999) to establish 

points at which data should be collected. It was determined that 745 samples were needed in order to have a 

desired confidence level of 95% for the land cover map (Congalton and Green 1999). The points were 

collected using real-time differential GPS. The point and attribute data collected in the field were later 

turned into Shapefiles used in both mapping projects. 

 Error matrixes were produced to figure the overall, user’s, and producer’s accuracies. The Kappa 

Coefficient of Agreement (KHAT) was also calculated to determine how chance affected the classification. 

All formulas and procedures for determining the accuracy of the land cover maps through the error 

matrixes are provided by Congalton and Green’s, Assessing the Accuracy of Remotely Sensed Data: 

Principles and Practices.   

 



Results 

 The land cover map created from the unsupervised classification is illustrated in Figure 3. At first 

glance, the newly created land cover map looks more accurate than the land cover map produced by Space 

Imaging in 2001 (Figure 4) when comparing to the image mosaic in Figure 2. However, the results of the 

error matrix (Table 3) indicate that the new land cover map is not as accurate as it appears through visual 

inspection. Table 4 also illustrates the error matrix produced with Space Imaging’s land cover map.  

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 

Figure 3. Land cover map created through unsupervised classification. 
 
 
 
 
 
 
 



 
 

 
Figure 4. Land cover map created by Space Imaging through a supervised classification. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table 3. Error Matrix produced from the land cover map created by unsupervised classification (Figure 3).  
 
                                          Accuracy Assessment Data Collected in the Field 

 
Map 
Data 
From 
Classification 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

MapCode 1 2 3 4 5 6 7 8 9 10 11 12 13  

1 42                         42 

2   5                       5 

3         4   1     1       6 

4                            

5 10 13 11 1 86   22 3 1 8 1   4 160 

6             1             1 

7 4 6 9   94 5 167 20 11 53 5   1 375 

8             1 1           2 

9                   1       1 

10     2 1 12 2 44 6 2 27     2 98 

11 1       7 1 9   5 1 2     26 

12                            

13 11           2           15 28 

 68 24 22 2 203 8 247 30 19 91 8  22 744 

Cover Type MapCode 
Producer’s 
Accuracy% 

User’s 
Accuracy% 

Water 1 62 100 
Arctophila   2 21 100 
Carex  3 0 0 
Mixed Aquatic 4 0 0 
Wet Graminoid 5 42 53.8 
Mixed 
Graminoid 6 0 0 
Moist 
Graminoid 7 68 44.5 
Lichen 8 3 50 
Forb Tundra 9 0 2.04 
Dry Graminoid 10 30 27.6 
Willow Shrub 11 25 7.7 
Mixed Shrub 12   
Non-Vegetated 13 68 53.6 
 Average: 27 37 

Overall Accuracy% 46 
KHAT 0.286 



Table 4. Error Matrix produced from the land cover map created by Space Imaging (Figure 4).  
  
                                              Accuracy Assessment Data Collected in the Field 
 
Map 
Data 
From 
Classification 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  
 The error matrixes are structured to show the relationship between a map and reference data that is 

considered reliable. The cells that are colored yellow in both matrixes indicate an agreement between the 

land cover map and the reference data collected in the field. All non-diagonal elements represent errors of 

omission and commission. The non-diagonal column elements represent errors of omission and the non-

diagonal row elements depict errors of commission (Congalton and Green 1999).   

 The error matrix for the newly created land cover map (Figure 3) indicates that the map’s overall 

accuracy and KHAT is approximately twice as good as the map created by Space Imaging. The overall 

MapCode 1 2 3 4 5 6 7 8 9 10 11 12 13  

1 44           1           1 46 

2   4     10   7     2       23 

3 5 6 6 1 25   11 1   7 1     63 

4   1                       1 

5 6 10 6 1 98 4 99 14 7 32 7   6 290 

6 2 1 2   10 1 28 2 3 8       57 

7   2 2   16 1 20 3 2 10     1 57 

8         4   12 3   3       22 

9 1   2   11 2 11 3   6       36 

10 1   3   22   37 3 6 13       85 

11 1   1   4   14 1   10       31 

12             4             4 

13 8       3   3   1       14 29 

 68 24 22 2 203 8 247 30 19 91 8 0 22 744 

Cover Type MapCode 
Producer’s 
Accuracy% 

User’s 
Accuracy% 

Water 1 65 95.7 

Arctophila   2 17 17.4 

Carex  3 27 9.5 

Mixed Aquatic 4 0 0 

Wet Graminoid 5 48 33.8 
Mixed 
Graminoid 6 13 1.8 
Moist 
Graminoid 7 8 35.1 

Lichen 8 10 13.6 

Forb Tundra 9 0 7.1 

Dry Graminoid 10 14 15.3 

Willow Shrub 11 0 0 

Mixed Shrub 12   

Non-Vegetated 13 64 48.3 

 Average: 22 23 

Overall Accuracy% 27 
KHAT 0.135 



accuracy indicates the total number of correctly classified points on the map divided by the total number of 

samples from the accuracy assessment done in the field. The KHAT is the value derived from the kappa 

coefficient of agreement which is the measure of chance agreement (Congalton and Green 1999). The land 

cover map created during this project produced an overall accuracy of 46% and a KHAT of 0.286. The 

KHAT statistic indicates that only 28.6% of the overall accuracy was a result of the classification made by 

the image analyst and 17.4% of the correctly classified points were due to chance. Although these statistics 

state that the unsupervised classification was almost twice as good as the land cover map produced by 

Space Imaging’s supervised classification, it is still a very inaccurate map and is not a good indicator of the 

land cover found within the BEO. 

 Other important statistics to evaluate when performing an accuracy assessment is the producer’s 

and user’s accuracy. The producer’s accuracy indicates how good the classification from the map is 

compared to the data collected in the field during the accuracy assessment. The user’s accuracy indicates 

the percentage of land cover classes from the map that are correctly classified on the ground (Congalton 

and Green 1999). Table 3 indicates that 100% of water and arctophila on the map are also correct on the 

ground. However, they are poor compared to the reference data. The Table also indicates that carex, mixed 

aquatic and mixed graminoid had a user’s and producer’s accuracy of 0%. 

 In most instances, a map with an 85% overall accuracy is considered valid and acceptable to be 

applied toward other applications (Anderson 1976, Congalton and Green 1999). The map produced during 

this project fell well short of this common goal. I decided to reclassify the map merging land cover classes 

that were both biophysically and spectrally similar in nature. Figure 5 is a flow chart that indicates how the 

accuracy of the land cover map improves as land cover classes are merged together. The chart specifies the 

producer’s, user’s, and overall accuracies as well as the KHAT statistic for each reclassification. The same 

procedure was used for the land cover map created by Space Imaging, in all instances; the land cover map 

created from unsupervised classification produced higher overall accuracies and KHAT statistics. A note 

should be made that although the accuracy improves with each reclassification, the usefulness of the maps 

toward ecological applications also decreases. 

 Figure 5 indicates that the goal of 85% overall accuracy was not obtained until the fourth 

reclassification, where there were only three land cover classes; water, vegetated, and non-vegetated. The 

85% accuracy was not met until the fourth reclassification because of the large amount of confusion 



between wet and moist graminoid (Table 3) which are two of the most common vegetation types found in 

the BEO area (Tweedie 2004). Figure 6 illustrates the maps created through each classification. The 

colored blocks in Figure 5 illustrate the land cover classes for each map in Figure 6. 

 

 

Figure 5. Flow chart indicating the producer’s, user’s, and overall accuracies, as well as, the KHAT for each map 
reclassification. The colors for each reclassification are intended to be the legend for the maps in Figure 6. 
 



 
Figure 6. Land cover maps resulting from each reclassification performed in Figure 5. The areas in white represent 
cloud cover. Cloud cover amounted to ~3% of the total area of each map. 
 
 
 
 
 



Discussion 
 
 The results indicate that the IKONOS imagery did not produce accurate enough land cover maps 

for useful most ecological applications. There are several factors that may have had a significant affect on 

the results. The most influential factors are the accuracy assessment compiled in the field, the spectral 

limitations of IKONOS imagery, and image processing errors. The factors were listed in order of least to 

most significant. 

 The accuracy assessment data collected in the field may have had contained some computer and 

human errors that could have influenced the results. First, several sample locations had photos illustrating 

vegetation types that were on edges (boundaries between one vegetation type and another). The sample 

locations that were collected on edges could have been within spectrally mixed pixels on the image which 

could have been assigned different classification values through the clustering algorithm and image 

interpretation. Second, there may have been some misclassification of sample points by the field technician. 

The two dominant species (Wet and Moist Graminoid) are similar in structure, and at times very difficult to 

interpret. Figure 7 displays two photos, on the left is Wet Graminoid followed by Moist Graminoid on the 

right. The two vegetation types are very similar looking in this example. It would be easy for one to make a 

mistake at classifying these two sample points. A note should also be made that only a very small amount 

of the sample locations contained a plot of homogeneous vegetation. Each sample location was given a 

value pertaining to the dominant species found in each particular patch. An example of this is at some 

locations Wet Graminoid was the dominant species accompanied with Arctophila, at others Wet Graminoid 

was the dominant species accompanied with Carex and some water. 

 The accuracy assessment itself may have needed additional sample locations. According to 

Congalton and Green (1999), if there are 12 or more land cover types than there should be up to 75 – 100 

samples taken for each cover type to reach a confidence of 95% in the accuracy assessment. Many of the 

land cover classes had less than 75 samples taken in the field through the stratified random sampling 

technique. However, the number of points collected in the field for each class was strongly correlated with 

species abundance for the area around the BEO (Tweedie 2004).  

 The IKONOS imagery itself may be another factor that influenced the results of the land cover 

maps. IKONOS imagery is very limited in spectral resolution despite its very high spatial resolution (Table 

1). The imagery only covers a small portion of the blue, green, red and near-infrared portion of the 



electromagnetic spectrum which limits the imagery on separating vegetation types that reflect light in a 

similar fashion due to internal plant structures (Lewis et al 2001). The limited amount of spectral resolution 

in the IKONOS imagery can make separating vegetation in this heterogeneous landscape nearly impossible. 

I could not acquire any reference information on the spectral signatures from each vegetation type. 

However, Brown et al (1980) states that the Graminoid species are very similar in biophysical structure. 

The use of hyperspectral imagery may be an effective means of separating the spectral signatures of littoral 

tundra vegetation and future mapping endeavors should consider investigating its use. 

  

Figure 7. Left is Wet Graminoid, right is Moist Graminoid. The texture and pattern of these two vegetation types are 
very similar in this example. The two photos were taken approximately 1 kilometer apart from each other and within a 
1 day time span in July, 2002. 
 
 
 There strongest evidence of why the results did not turn out as good as anticipated was due to 

image processing, in particular, cluster classification and georectification. There were several (5-7 of the 

50) clusters that I had trouble identifying through image interpretation even with the help of ecologists 

from the AEL. The clusters that were difficult to identify contained a mixture of samples from the accuracy 

assessment. A value was given to these clusters via educated guesses. 

 Georectification is what I believe to be the main reason why I obtained poor results in the land 

cover classification. The metadata document from Space Imaging’s 2001 work stated that the IKONOS 

imagery had a vertical positioning error of 4cm and a horizontal positioning error of 0.5cm after 

georectifying the imagery to GPS data collected in the field in 1999. However, when the IKONOS imagery 

was compared to a recent shoreline erosion project using real-time differential GPS (Serbin et al 2003) the 

mosaic (Figure 2) was at least 5m out of position along the southeastern shore. Also, an image mosaic of 



August 2, 2002 Quickbird imagery (0.69 m spatial resolution) was obtained by the AEL during the 

construction of this report. The Quickbird imagery was overlaid with the IKONOS imagery and many 

portions of the IKONOS imagery were spatially different. The Quickbird imagery went through an intense 

georectification by Intermap Technologies Inc. and was determined to be of very high quality by the 

University of Colorado, the INTERMAP Corporation, and the AEL. Figure 8 illustrates the differences in 

location of the accuracy assessment points when overlaid with the IKONOS mosaic (left) and the 

Quickbird panchromatic mosaic (right). Note that points A, B, C, and D have a difference of about 5m in 

location between the two images. Point D was on East Twin Lake in the field survey and on the Quickbird 

imagery, and on top of Moist Graminoid on the IKONOS image. This 5m location difference is common 

throughout the eastern half of the IKONOS image.   

 

Figure 8. Image mosaics (IKONOS pan-sharpened multi-spectral left, Quickbird panchromatic right) with accuracy 
assessment field locations plotted on top. A, B, C, and D and points with ~5m location error. 
 
 

Finally, some attention must also be given to the fact that some changes in the landscape may have 

occurred between when the imagery was taken (July and August 2000) and when the accuracy assessment 

was performed in the field (July and August 2002). Areas along the shore are very susceptible to change 

from year to year (Serbin et al 2003) from erosion, and areas with small amounts of standing water can also 

change from year to year. This could explain the small producer’s accuracy in the water classification 

(Table 3).  

 The 2002 Quickbird imagery is scheduled to go through the same procedures as the unsupervised 

classification discussed in this report during the summer of 2004. The result of this work is expected to 



have a much higher accuracy as well as ecological usefulness because of better georectification, spatial 

resolution, and temporal correlation with the accuracy assessment data. However, if land cover maps 

produced by Quickbird have similar results, than a recommendation to use hyperspectral imagery covering 

the visible to middle infrared portions of the electromagnetic spectrum will be brought to the attention of 

the AEL. 

Conclusion: 

 Land cover mapping of arctic landscapes are essential for many researchers who want to apply site 

level studies to region scales. However, there a currently no detailed or accurate land cover maps available 

for the North Slope of Alaska were numerous U.S. and international scientists have a vested interest. The 

Arctic Ecology Lab at Michigan State University has considered that investing in high spatial satellite 

imagery and aerial photography are vital for mapping arctic landscapes.  

IKONOS satellite imagery has proven to be of limited use during supervised and unsupervised 

classification mapping efforts. The results of the unsupervised classification produced maps of higher 

accuracy, but not enough to be used for ecological applications. Merging the land cover classes from these 

maps resulted in higher accuracies. However, as accuracies improved, the value of scientific application 

decreased.  

There are several reasons why this mapping project had results that were lower than expected. 

Accuracy assessment procedures, the spectral limitations of the IKONOS imagery, and image processing 

are considered to be the most probable reasons for insufficient results. Georectification in particular is 

believed to be the most significant factor. On the other hand, hyper-spectral remote sensing may be the only 

method that will provide accurate maps of the vegetation found within this heterogeneous landscape. 
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