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AdaBoost image-to-class distance learning for image classification
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Abstract: Recently, distance metric learning has become one of the most attractive research areas in image classification. The
image-to-class distance metric is a non-parametric method for image classification and achieves a impressive result. However,
due to the lack of a training phase, the classification accuracy of it is easily affected by irrelevant factors.In this paper, we
propose a novel image-to-class distance learning method for image classification by using the AdaBoost algorithm. We first
deal with image-to-class distance through the threshold, and a piecewise linear discriminator function is used as the evaluation
function of image-to-class distance. Then, the evaluation function 1s added to the AdaBoost algorithm as a weak classifier to
generate a strong classifier.In order to select the optimal weak classifier, the particle swarm optimization algorithm is used to
determine the similarity threshold of the image, and the two evaluation values of the distance evaluation function are obtained
based on the principle of weight error minimization. The experimental results on datasets of Scene-15 and Caltech-101 verified
that our proposed method can significantly outperform other methods in image classification.
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