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Enhancement of Classification Accuracy and
Environmental Information Extraction Ability for
KOMPSAT-1 EOC using Image Fusion

Sung Ryong HA' - Dae Hee PARK'™ - Sang Young PARK'
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ABSTRACT

Classification of the land cover characteristics is a major application of remote sensing. The goal of
this study is to propose an optimal classification process for electro-optical camera(EOC) of Korea
Multi-Purpose Satellite(KOMPSAT). The study was carried out on Landsat TM, high spectral
resolution image and KOMPSAT EOC, high spatial resolution image of Miho river basin, Korea. The
study was conducted in two stages: one was image fusion of TM and EOC to gain high spectral and
spatial resolution image, the other was land cover classification on fused image. Four fusion
techniques were applied and compared for its topographic interpretation such as IHS, HPF, CN and
wavelet transform. The fused images were classified by radial basis function neural network(RBF-NN)
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and artificial neural network(ANN) classification model. The proposed RBF-NN was validated for the
study area and the optimal model structure and parameter were respectively identified for different

input band combinations. The results of the study propose an optimal classification process of
KOMPSAT EOC to improve the thematic mapping and extraction of environmental information.
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(c) Histogram change of TM band5 by fusion

(d) Histogram change of TM band7 by fusion

FIGURE 3. Comparison of histogram change on before—after image processing
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FIGURE 4. Comparison of spectral preservation
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FIGURE 5. (a) Landsat TM Image of Miho river basin (o) Result of the fusion by the wavelet 6th stage
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(a) Checking results by RBF-NN with wave. (b) Checking results by ANN using CN
FIGURE 6. Validation result for checking data
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