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A Study on Optimal Shape-Size Index Extraction for Classification
of High Resolution Satellite Imagery

You Kyung Han - Hye Jin Kim - Jae Wan Choi - Yong Il Kim

Department of Civil&Environmental Engineering, Seoul National University

Abstract : High spatial resolution satellite image classification has a limitation when only using the
spectral information due to the complex spatial arrangement of features and spectral heterogeneity
within each class. Therefore, the extraction of the spatial information is one of the most important steps
in high resolution satellite image classification. This study proposes a new spatial feature extraction
method, named SSI(Shape-Size Index). SSI uses a simple region-growing based image segmentation
and allocates spatial property value in each segment. The extracted feature is integrated with spectral
bands to improve overall classification accuracy. The classification is achieved by applying a
SVM(Support Vector Machines) classifier. In order to evaluate the proposed feature extraction method,
KOMPSAT-2 and QuickBird-2 data are used for experiments. It is demonstrated that proposed SSI
algorithm leads to a notable increase in classification accuracy.

Key Words : Classification Accuracy, High Resolution Satellite Image, Spatial Feature Extraction,
SSI(Shape-Size Index).
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Fig. 1. Flow chart of whole SSI extraction algorithm.
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Table 1. The number of training pixels for k-cross validation (k = 3)

AR 1 (KOMPSAT-2) A D 2 (QuickBird-2)
trainingl | training 2 | training 3 | @7 (pixels)| training 1 | training 2 | training 3 | T4 (pixels)
A 179 170 191 540 264 279 246 782
A4 196 196 208 600 255 265 9259 779
sl 191 171 174 536 277 256 256 789
8% 218 200 214 632 255 320 264 839
=g 200 201 201 602 245 245 257 747
AE 185 198 173 556 272 242 289 803
Leh 2] 214 252 9231 697 245 213 239 697
A 1,383 1,388 1,392 4,163 1,813 1,813 1,810 5,436
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Fig. 12. Extracted SSI (study site 2).
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(a) spectral bands
Fig. 15. Classification results (study site 1).

(a) spectral bands
Fig. 16. Classification results (study site 2).
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Table 3. Producer’s and user's accuracy
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