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Abstract

Kernel methods have shown to improve the performance of conventional linear classification algorithms for complex
distributed data sets, as mapping the data in input space into a higher dimensional feature space(7]. In this paper, we
propose a fuzzy kernel K-nearest neighbor(fuzzy kernel K-NN) algorithm, which applies the distance measure in
feature space based on kernel functions to the fuzzy K-nearest neighbor(fuzzy K-NN) -algorithm. In doing so, the
proposed algorithm can enhance the performance of the conventional algorithm, by choosing an appropriate kernel
function. Results on several data sets and segmentation results for real images are given to show the validity of our
proposed algorithm
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Fig 1. Feature space transformation using a kernel
function (a) input space (b) transformed feature space
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Let W={x1,~,X»} be a set of n labeled patterns
BEGIN
Input x, of unknown classification
Set K, 1=K=<n
Initialize i = 1
DO UNTIL(K-nearest neighbors to x found)
Compute distance from x to x;
IF (i<K) THEN
Include x; in the set of K-nearest neighbors
END IF
END DO UNTIL
Tnitialize / = 1
DO UNTIL (x assigned membership in all classes)
Compute u(x) using (6) '
Increment [
END DO UNTIL
END

4. Fuzzy Kernel K—-nearest neighbor
algorithm
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Table 1. Confusion matrix for segmentation results

Fuzzy K-NN Fuzzy kernel

Real K-NN
Image
Road Tree Road Tree
Road 11060 3202 11069 3110
Tree 467 25271 458 25363
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