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Table 1 Comparison of precision and Kappa value
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Segmentation of high-resolution remote sensing images with

type2 fuzzy model based on spatial relationship

WANG Chunyan' XU Aigong’ LI Yu’ SUI Xin®

1. School of Mining Industry and Technology Liaoning Technical University Huludao 125105 China;
2. School of Geomatics Liaoning Technical University Fuxin 123000 China

Abstract: Image segmentation is a significant step in image processing. High-resolution remote sensing images can clearly charac—

terize landscape information and eliminate the membership uncertainty caused by mixed pixels. It has considerable advantages and

potential in precise segmentation. Nonetheless the spatial complexity caused by spectral measurement and the enhanced differ—

ences among pixels in the same object may reduce segmentation result accuracy. Thus this study establishes an interval type2

fuzzy model for detected images. Interval type2 fuzzy theory considers the main and the secondary membership functions; the latter

is represented by the label “membership 1” to express the uncertainty of pixel membership and of a segmentation decision. The

aforementioned problem is solved effectively with the proposed method. The drop type problem in type2 fuzzy theory is another
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focus of research in this field; a fuzzy decision model is established by reducing the type2 fuzzy model to a type-d model. The fuzzy
decision model directly influences segmentation accuracy and recent studies are all based on the upper and lower membership
functions. These models can improve decision quality to some extent; however they do not consider the main membership func—
tion. This neglect may significantly influence decision results particularly when the influence of neighborhood pixels cannot be in—
corporated into the supervised image segmentation algorithm. To overcome these shortcomings we proposed high-resolution remote
sensing image segmentation by introducing a spatial relationship into the interval type2 fuzzy model. The proposed algorithm
considers the influences of the upper lower and the main membership functions in establishing the fuzzy decision model.

First a type- fuzzy model is built with the Gauss function to characterize the uncertainty of pixel membership. Then we
extend the mean and variance of this model to construct the type2 fuzzy model which improves the expression of the membership
function in the type- fuzzy model and serves as the knowledge basis to enhance segmentation decision accuracy. A segmentation
decision model is then established based on the information derived from the upper lower and main membership functions of the
trained data. Finally the membership of a pixel is decided by the membership functions of both the pixel itself and its neighbors to
optimize the segmentation of high-resolution remote sensing images.

We compare this method with maximum likelihood segmentation and an interval type2 fuzzy model segmentation without a
spatial relationship via high—resolution real images. Qualitative and quantitative analysis findings indicate that the method applied in
this study generates high segmentation accuracy.

This study proposes a supervised image segmentation method based on an interval type2 fuzzy model with a spatial relation—
ship. This method improves the uncertainty expression of pixel membership solves the problems caused by complicated spatial
relevance and enhances the accuracy of the segmentation strategy. Furthermore the experiments show that this method is effective
and feasible. In the future the Gauss mixture model will be used as a type- fuzzy model to potentially improve the accurate char—
acterization of landscape features.

Key words: interval type2 fuzzy model trajectory of uncertainty high resolution remote sensing image segmentation secondary
membership function
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