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Model Simulation Crashes( Climate) \Australian SPECTF Heart( SPECTF)
,Seeds  Balance Scale( Balance) , 1,
Windows XP , Matlab7.11.0,
1 UCI 2 UCI + )

Tab.1 UCI dataset summarization

Tab.2 Comparison on classification accuracy (meanZSTD) of two algorithms

Dataset Instance Attribute Class kNN L-kNN SL-kNN
Fertility 100 10 2 Fertility 0.896 3£0.037 2 0.927 840.038 5 0.940 740.033 6
BloodTrans 748 5 2 BloodTrans 0.673 0£0.062 9 0.711 0£0.062 8 0.724 040.058 7
Seeds 210 8 3 Seeds 0.751 4#+0.054 5 0.782 440.064 2 0.801 4=£0.061 4
German 1 000 25 2 German 0.782 6+0.538 0 0.813 04+0.051 8 0.842 0+0.053 1
Australian 690 14 2 Australian 0.842 9+£0.071 2 0.885 740.040 2 0.890 5£0.045 2
Climate 540 17 2 Climate 0.744 440,056 4  0.781 540.079 0 0.807 44-0.085 2
SPECTF 267 44 2 SPECTF 0.820 6+£0.046 2 0.850 84+0.040 4 0.850 84+0.048 6
Balance 625 4 3 Balance 0.850 0+0.085 0 0.880 0+0.103 3 0.880 04+0.103 3
10 , kNN I~
kNN s kNN ., L-kNN (
li- ) s (3) Lo - o
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10 o s ) s o
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Climate , L-kNN 2.9% 1.29%, Australian
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kNN Classification Based on Sparse Learning

ZONG Ming'? ,GONG Yonghong’ , WEN Guoqiu' , CHENG Debo'* ,ZHU Yonghua'

(1.College of Computer Science and Information Technology,Guangxi Normal University,Guilin Guangxi 541004, China;
2.Guangxi Collaborative Innovation Center of Multi— source Information Integration and Intelligent Processing, Guigang
Guangxi 537000, China; 3.Department of Information Engineering,Guilin University of Aerospace Technology. Guilin
Guangxi 541004 ,China; 4.School of Computer, Electronics and Information, Guangxi University,

Nanning Guangxi 530004 ,China)

Abstract: The value of £ is usually fixed in the issue of £ Nearest Neighbors (kNN) classification. In
addition, there may be noise in train samples which affect the results of classification. To solve these two
problems, a sparse-based £ Nearest Neighbors (kNN) classification method is proposed in this paper.
Specifically, the proposed method reconstructs each test sample by the training data. During the
reconstruction process, /,-norm is used to generate the sparsity and different 2 values are used for
different test samples, which solves the issue of fixed value of £. And /,;-norm is used to generate row
sparsity which can remove noisy training samples. The experimental results on UCI datasets show that
the proposed method outperforms the existing kNN classification method in terms of classification
performance.

Keywords: sparse learning;reconstruction;/,—normj;/, —norm;noise sample



