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ABSTRACT   

An accurate spatial mapping and characterization of land cover features in cryospheric regions is an essential procedure 
for many geoscientific studies. A novel semi-automated method was devised by coupling spectral index ratios (SIRs) and 
geographic object-based image analysis (OBIA) to extract cryospheric geospatial information from very high resolution 
WorldView 2 (WV-2) satellite imagery. The present study addresses development of multiple rule sets for OBIA-based 
classification of WV-2 imagery to accurately extract land cover features in the Larsemann Hills, east Antarctica. Multi-
level segmentation process was applied to WV-2 image to generate different sizes of geographic image objects 
corresponding to various land cover features with respect to scale parameter. Several SIRs were applied to geographic 
objects at different segmentation levels to classify land mass, man-made features, snow/ice, and water bodies. We focus 
on water body class to identify water areas at the image level, considering their uneven appearance on landmass and ice. 
The results illustrated that synergetic usage of SIRs and OBIA can provide accurate means to identify land cover classes 
with an overall classification accuracy of ≈97%. In conclusion, our results suggest that OBIA is a powerful tool for 
carrying out automatic and semiautomatic analysis for most cryospheric remote-sensing applications, and the synergetic 
coupling with pixel-based SIRs is found to be a superior method for mining geospatial information. 
 
Keywords: object oriented classification, landcover classification, high resolution imagery. 
 

1. INTRODUCTION  
The launch of the first few very high resolution (VHR) satellites revolutionized the field of remote sensing (RS) by 
overcoming limitations in the spatial scales of the traditional aerial mapping. VHR imagery is mainly well suited for 
mapping applications in isolated regions with map-quality positional accuracies [1]. Even though many VHR satellites 
have been advantageously launched during the last decade, the data from a couple of commercial VHR satellites such as 
GeoEye-1 and WorldView-2 (WV-2) are less explored for geospatial applications in remote cryospheric areas. The WV-
2 is the first VHR commercial satellite with scientific advancement in terms of radiometric accuracy enhancement. WV-
2 provides images at a spatial resolution of 0.50 m in the panchromatic (PAN) band and 2 m in the multispectral (MS) 
bands. The WV-2 captures MS images in eight bands, instead of the four classic bands available on all the previous VHR 
satellites. The WV-2 MS image consists of four traditional bands comprising of Band 2: Blue (450–510 nm); Band 3: 
Green (510–580 nm); Band 5: Red (630–690 nm); and Band 7: Near-IR1 (NIR-1) (770–895 nm), and four new bands: 
Band 1, Coastal (400–450 nm); Band 4, Yellow (585–625 nm); Band 6, RedEdge (705–745 nm); and Band 8, Near-IR2 
(NIR-2) (860–1040 nm). In the past 5 years, the WV-2 has been tremendously utilized for rapid and improved 
cartographic and RS applications [2-11]. Nevertheless, the WV-2 satellite capabilities are less explored in cryospheric 
land-cover mapping applications. VHR satellite imagery is infrequently implemented for land cover mapping of polar 
regions, such as the Antarctic. Kim et al. [12] mapped Antarctic land cover using supervised classification on IKONOS 
images. The resulting map yielded relatively low classification accuracy because IKONOS provided only four traditional 
spectral bands. Recently, Kim et al. [13] mapped rocks, water, vegetation, snow, and ice over Terra Nova Bay, Antarctica. 
Jawak and Luis [14] extracted the land cover of the Larsemann Hills of Antarctica into the three most abundant land cover 
classes—snow/ice, water bodies, and landmasses—using WV-2 images[15]. 
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Geographic object-based image analysis (GEOBIA) is a promising geospatial tool of classifying objects from VHR 
satellite images. The method segments the image pixel into meaningful objects and utilizes the texture and contexture 
information of the object rather than only using pixel's spectral information. Pixel-based image analysis (PBIA) is based 
on the information in each pixel, while object-based image analysis (OBIA) is based on information from a group of 
analogous pixels based on spectral properties, size, shape, and texture, as well as context from zonal pixels. Commonly 
used classification techniques for this OBIA are nearest neighbor and membership function classification. OBIA 
normally consists of three steps: (i) generation of image objects using an image segmentation algorithm, (ii) extracting 
object-based metrics, and (iii) classification by using the object-based metrics [16]. VHR imagery creates problems, since 
the spectral response of individual pixels is limited to discriminate the characteristic of a target of interest. Pixel-based 
classification based solely on spectral information can result in salt-and-pepper noise in the classification output [16]. In 
contrast to pixel-based classification, the basic units of OBIA are image objects. Image objects are generated using an 
image segmentation procedure, which parts an image into non-intersecting regions [17]. This paper explores iterative ways 
to extract accurate features from Antarctic cryospheric environment by using VHR multispectral WV-2 imagery. The 
objective of this study is to assess the unique eight band acquisition utility of WV-2 data by employing multiple SIRs 
coupled with OBIA to produce an accurate land mapping method for comparison with the traditional pixel-based 
classification.  
 

2. STUDY AREA AND DATA USED  
The Larsemann Hills on the Ingrid Christensen Coast, Princess Elizabeth Land (eastern Antarctica) is located 

approximately midway between the eastern extremity of the Amery Ice Shelf and the southern boundary of the Vestfold 
Hills. The location map and extent of the study area is shown in Figure 1. We used radiometrically-corrected, 
orthorectified WV-2 images acquired on 9 February 2011. The period of satellite data acquisition corresponds to the 
austral summer in Antarctica, when solar radiation reaches the surface on clear days. The ground reference datasets used 
to support land-cover mapping include data from the Australian Antarctic Data Centre (AADC), the Indian Scientific 
Expedition to Antarctica (InSEA), Survey of India (SOI) maps and images, and pansharpened WV-2 images.  

 

3. METHODOLOGY 
The PBIA based data processing protocol consist of 3 major blocks: (a) data calibration, (b) pansharpening and OBIA, 
and (c) accuracy evaluation. Each step of the methodology is sequentially discussed below. 

3.1 Data calibration 

We implemented two procedures to pre-process the data namely, (a) Dark Pixel/Object Subtraction (DOS) and (b) 
Data Calibration. The dark pixel subtraction was performed to reduce the path radiance from each band. The dark object 
is the minimum digital number (DN) value for more than 1000 pixels over the whole image [18]. Following the literature 
[19], we utilized clear water bodies as dark objects in our analysis. According to Bakker et al. [20], calibrating image 
spectrometer data necessitates radiometric corrections, which require a mathematical function to transfer the digital 
number (DN) into the at-sensor radiance. The calibration procedure was carried out with two steps, (1) Converting raw 
DN values to at-sensor spectral radiance factors and (2) Converting spectral radiance to top-of-atmosphere reflectance 
(TOA).

   
  

3.2 Pansharpening and OBIA 

The multiband WV-2 image (eight band) was pansharpened from a resolution of 2 to 0.5 m. Among the hundreds of 
pansharpening algorithms, the most popular and effective Gram Schmidt (GS) [21] method, which is suitable for land 
cover classification application using WV-2 images was employed in the present study. After pansharpening, OBIA 
method was conducted using eCognition© software coupled with spectral information from SIRs. 
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      Figure 1. Geo-location (satellite map) of the Larsemann hills on Antarctica. (Courtesy: WorldView-2) 

 
The development of SIRs for the interpretation of RS imagery has advanced as follows. Initially intrinsic band indices 

were developed from simple band ratios. Secondly, indices were produced to compensate for background noise such as 
that caused in areas in which the soil response dominated over the vegetation. Thirdly, indices were developed to 
compensate for the effects of atmospheric distortion. Finally, recent years has seen the development of new spectral 
indices to geospatial applications. Normalization to reduce effects due to sun angle, viewing angle, the atmosphere, 
topography, instrument noise, etc., allows consistent spatial and temporal comparisons. In this study, SIRs were 
experimentally deduced by robust spectral profile observations in ENVI 5. We identified the most useful spectral bands 
for different land cover classes using visual inspection. The spectral bands were ranked for maximum and minimum 
response values for land cover features using the minimum redundancy maximum relevance (mRMR) principle [22]. A 
list of simple band indices used in this study is presented in Table 1, while SIRs used in the present study are 
summarized in Table 2. OBIA algorithm depicted on Figure 2 was implemented in this study considering its 
appropriateness for VHR WV-2 satellite images. At the first stage of the classification, segmentation was performed 
using multi-resolution segmentation (with different smoothness, compactness and scale parameters for different land 
cover types). Spectral analysis, in terms of several indices, was applied to objects at different segmentation levels to 
accurately classify images. In addition to commonly used indices that could be derived from several satellite sensor 
images like normalized difference water index (NDWI); WV-2 data derived indices namely, normalized difference 
snow/ice index (NDSI), normalized difference manmade features index (NDMI), normalized difference landmass/rock 
index (NDLI), and normalized difference shadow index (NDShI) were also created to identify different land cover types 
and. The main land cover classes used in this study are water, snow/ice, manmade feature, landmass/rocks, and shadow. 
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3.3 Accuracy assessment 

Five land cover classes were manually/visually interpreted for 293 randomly selected points using 0.5 m resolution 
WV-2 imagery. To some extent, using a pansharpened image as reference data for the accuracy analysis introduced some 
data circularity, so we cross-verified the points with publicly available geographic information system (GIS) maps and 
historical Google Earth images to reduce data circularity and bias. Additionally, our experiment was based on an 
evaluation of land cover classifications derived from the same input data, i.e., WV-2. Therefore, the potential data 
circularity of the accuracy analysis likely had an insignificant effect on evaluating the performance of OBIA. We applied 
commonly used “error matrices” to assess land cover map accuracy, such as (i) pixels classified correctly for the entire 
map, (ii) errors of inclusion (commission), (iii) errors of exclusion (omission), (iv) user’s accuracy, (v) producer’s 
accuracy, (vi) overall accuracy, (vii) mean accuracy, and (vii) kappa coefficients (κ) of agreement.  

 
Table 1. Simple band ratios used in eCogntion© software for object oriented classification procedure. 

 
Land cover feature Spectral ratio Mathematical 

expression 
Extraction threshold 

criteria 
Water To extract water features NIR 2/Red <= 1.060 
Snow/Ice To extract snow/ice features NIR 2/NIR 1 <= 1.500 
Manmade Feature To extract manmade/build-up 

features 
Red/NIR 2 <= 0.513 

Landmass/Rocks To extract landmass/rock features Green/NIR 1 <= 1.867 
Shadow To extract shadow features NIR 1/NIR 2 <= 0.624 

 
 

Table 2. List of normalized difference spectral index ratios (SIR) used in present study 
 
Spectral index ratio Spatial rationale Mathematical expression 
NDWI (Normalized Difference Water Index) To extract water features 1]      1-7/1+7 

2]      2-7/2+7 
3]      1-8/1+8 
4]      2-8/2+8 

NDSI (Normalized Difference Snow/Ice Index) To extract snow/ice 
features 

1]      3-5/3+5 
2]      2-5/2+5 
3]      3-7/3+7 
4]      2-7/2+7 

NDMI (Normalized Difference Manmade Features 
Index) 

To extract 
manmade/build-up 
features 

1]      3-7/3+7 
2]      8-7/8+7 
3]      3-5/3+5 
4]      8-5/8+5 

NDLI (Normalized Difference Landmass/Rock Index) To extract landmass/rock 
features 

1]      3-5/3+5 
2]      8-5/8+5 
3]      3-2/3+2 
4]      8-2/8+2 

NDShI (Normalized Difference Shadow Index) To extract shadow 
features 

1]      1-5/1+5 
2]      2-5/2+5 
3]      1-7/1+7 
4]      2-7/2+7 

 

4. RESULTS AND DISCUSSION 
Each spectral ratio used in OBIA produced realistic results with areas of noticeable similarity as evident in both the 
true/false color composites of the original data and in the classification regions within the land-cover map (Figure 3 and 
4). The Larsemann Hills region is situated on the eastern coast of Antarctica, where the sea-ice and snow-cover extent 
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varies significantly from summer to winter. The current acquisition captured only a few water bodies ranging from 
shallow ponds to deep lakes, which provide a similar response to the NDWI. The clear detection of standing water 
validates the theory that the coastal band is a unique variable in the NDWI equation. We found that some rocky terrain, 
which was partially covered by snow/ice, had NDSI values similar to that of snow/ice cover. Landmass features are often 
the simplest to extract from homogeneous backgrounds, but in our scenario the background comprised different types of 
materials such as fully exposed rocks, partially snow-covered rocks and landmass surrounded by water bodies. However, 
the performance of the NDLI was outstanding, with detection of not only the most obvious landmass materials (fully 
exposed rocks), but also partially snow-covered landmass and even obscure static objects such as land surrounded by 
lakes.  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Methodology protocol to conduct OBIA-based land cover mapping using SIRs 

The final accuracy assessment results of each land-cover map are expressed in terms of the widely used 
comprehensive measures, overall accuracy and the kappa (κ) coefficient. A sample error matrix for the land-cover map 
based is summarized in Table 3, 4 and 5. The OBIA-based final land cover map achieved an overall accuracy of 98.63% 
with κ value of 0.96. Water and manmade feature classes have achieved an outstanding 100% user's accuracy with κ 
value of 1. In addition to overall accuracy, κ , both the user’s accuracy and producer’s accuracy of OBIA-based land 
cover map are superior, which in turn proves the robustness of our accuracy assessment. The overall trend of land cover 
mapping accuracy for the five land cover features can be summarized in terms of overall accuracy and kappa statistics as, 
(water/lakes = shadow = manmade features) > landmass/rocks > snow/ice. The overall trend of land cover mapping 
accuracy for the five land cover features can be summarized in terms of producer's accuracy as, manmade features > 
snow/ice > landmass/rocks > water/lakes > shadow. The overall trend of land cover mapping accuracy for the five land 
cover features can be summarized in terms of user's accuracy as, (water/lakes = shadow = manmade features) > snow/ice 
> landmass/rocks.  

We present a few improvements in Antarctic coastal environment characterization by upgrading the classification 
accuracy and better discrimination of land cover classes by employing SIRs and OBIA on WV-2 datasets. Our study 
focused on three key areas: (i) the use of 8-band data, (ii) utilization of SIRs on image objects, and (iii) the 
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reconstruction of SIRs to yield an accurate land cover map of the study area. The characteristic feature of this analysis is 
that, except for a few mixed pixels, no layers overlap in this land-cover, which indicates a high degree of accuracy in the 
resultant output map. 

 

 

Figure 3. Final land-cover features derived from OBIA-based methodology 
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Table 3. Reference validation points used for accuracy assessment 
 

Classified Data Landmass/Rocks Water/Lake Snow/Ice Shadow Manmade Feature 
Landmass/Rocks 53 0 1 1 0 
Water/Lakes 0 7 0 0 0 
Snow/Ice 1 1 224 0 0 
Shadow 0 0 0 5 0 
Manmade  0 0 0 0 1 
Column Total 54 8 225 6 1 

  
Table 4. Confusion matrix representing the accuracy statistics 

 
Class Name Reference 

Totals 
Classified 

Totals 
Number 
Correct 

Producers 
Accuracy (%) 

Users Accuracy (%) 

Landmass/Rocks 54 55 53 98.15  96.36 
Water/Lakes 8 7 7 87.50  100.00  
Snow/Ice 225 226 224 99.56  99.12 
Shadow 6 5 5 83.33  100.00  
Manmade  1 1 1 100.00 100.00 
Totals 294 294 290 0 0 
Mean User's Accuracy = 99.10%; Mean Producer's Accuracy = 93.71%; Overall Accuracy = 98.63% 

 
Table 5. Conditional Kappa statistics for each land cover class 

 
Class Name Kappa Value 
Landmass/Rocks 0.9554 
Water/Lakes 1.0000 
Snow/Ice 0.9619 
Shadow 1.0000 
Manmade Feature 1.0000 

Overall Kappa Statistics = 0.9633
 
Different band combinations guided us to determine minute difference in the performance of the practiced OBIA 

procedures. This would not have been possible in the case of other satellite data with single IR, R and B bands. The 8-
band data also provided us a platform to manifest a deeper understanding of the role of specific spectral bands in diverse 
combinations for the maximum extraction of spatial information from the WV-2 data using OBIA. The use of all band 
combinations offers us an opportunity to carry out a wide variety of statistical analysis of the research experiment with a 
success.  

 

5. CONCLUSION 
Using OBIA technique coupled with SIRs we extracted land cover information from Larsemann hills, using multispectral 
bands on WV-2. The identified targets in this area were: water, snow/ice, landmass/rocks, shadow, and man-made 
features. The procedure was conducted through the eCognition© Developer 8.7. The combined use of all the SIRs, 
computed using the twin set of V–NIR bands, provided an accurate means for differentiating various land-cover classes. 
The results of this study suggest that the use of a 8-band WV-2 data, spectral information in terms of SIRs, effective use 
of OBIA, and appropriate pansharpening method can greatly improve the land cover mapping. The study leads us to the 
following conclusions. (1) Conversion to ground reflectance values was a fundamental step in order to fully exploit the 
8-band potential of WV-2 images for land cover mapping. (2) The combined use of all SIRs computed by using a twin 
set of V-NIR bands provided an accurate means for differentiating various land cover classes. (3) OBIA provided a wide 
context to improve the accuracy of mapping. We succeeded in our goal to encompass a handful of SIRs to provide 
accurate spatial and spectral information and foster a new capability using WV-2 data by applying OBIA technique. The 
resulting product, a simple land cover map, revealed that the 8-band acquisitions and OBIA methods are very useful to 
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validate the integrity of the SIRs with WV-2 data. The present work reinforces the view that the object oriented 
algorithms coupled with a wide array of SIRs from WV-2 data provide an effective tool for mapping the Antarctic 
surface. Our results suggests that “add-on” spectral bands of WV-2, OBIA technique, and unique set of SIRs, coupled 
with traditional pansharpening algorithm are a prospective means of performing feature extraction. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 4. Final land cover map and shadow cover extracted using OBIA method.  
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