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Abstract : Images possess rich semantic information. In the face of increasingly complex image scenes, single features often cannot accu-
rately describe the image content. Therefore, the method of multi—feature fusion has been widely used in the description of images. In the
process of fusion,we propose an adaptive multi—feature fusion image classification algorithm based on random weights to accurately de-
termine the weight. Firstly,it generates a random weight matrix and then obtains a fusion feature matrix by using a self—defined fusion
formula. To verify the effect of the algorithm,the fused features are input into SVM to gain the optimal weight combination through the
Map process of MapReduce framework and Reduce process. Experiment on the Corell000 dataset shows that the proposed algorithm has
the advantages of high classification accuracy and low running time compared with the single feature,1 : 1 : 1 fusion and so on. When
the number of SVM training reaches 120 ,the speed—up ratio of the system almost will present linear tendency, which verifies the effec-
tiveness of the Hadoop platform in dealing with high complexity algorithms.
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