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Fig. 1 An example of kNN classification task with £#=5
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Fig. 2 Classification accuracy of LS-kNN on the different datasets with different parameter setting
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Tab. 1 Classification accuracy of kNN, LMNN and LS-kNN

kNN LMNN LS-kNN
ionosophere 0.768 6:£0.003 2 0. 840 0£0. 004 0 0.874 3£0.003 1
seeds 0.757 1£0.002 7 0.819 0£0.002 9 0.900 0£0.003 3
heart 0.718 5:£0.004 6 0.774 1£0.004 4 0.811 1£0.004 7

cheveland 0.761 94£0.004 5 0. 804 8£0.004 3 0.861 9£0.005 8
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Fig. 3 Classification accuracy of kNN, LMNN and LS-kNN on four datasets

4
LPP [ - kNN LS-kNN, kNN
:k 3 .
, , k , . ,
k , k .
, , LS-kNN
kNN .
[1] . . . KNN [J1. .2008,35(3) :170-172.
[2] . ) kNN [Jl. ,2004,41(4) :539-545.
[3] . . KNN 0l .2009,22(6) :936-940.
[4] . , .o KNN [Jl. ( ),2012,30

(1) :45-49. DOI: 10. 16088/j. issn. 1001-6600. 2012. 01. 004.
[5] HAN Jiawei, KAMBER M. Data mining: concepts and techniques [ M]. Waltham, MA: Morgan Kanfmann
Publishers,2000.



58 ( ) 34

[6] ZHANG Shichao. Cost-sensitive classification with respect to waiting cost[ J]. Knowledge-Based Systems, 2010, 23
(5): 369-378. DOI; 10. 1016/j. knosys. 2010. 01. 008,
[7] LALL U,SHARMA A. A nearest neighbor bootstrap for resampling hydrologic time series[ J]. Water Resouarces
Research,1996.,32(3): 679-693. DOI. 10.1029/95WR02966.
[8] LIU Huawen,ZHANG Shichao. Noisy data elimination using mutual k-nearest neighbor for classification mining[]].
Journal of Systems and Software,2012,85(5): 1067-1074. DOI.10. 1016/j. jss. 2011. 12. 019.
[9] WU Xindong,ZHANG Chengqi, ZHANG Shichao. Database classification for multi-database mining[J]. Information
Systems, 2005,30(1): 71-88. DOI:10. 1016/j. is. 2003. 10. 001.
[10] JENATTON R,GRAMFORT A,MICHEL V,et al. Multi-scale mining of fMRI data with hierarchical structured
sparsity[ J]. Siam Journal on Imaging Sciences,2012,5(3): 835-856. DOI:10.1137,/110832380.
[11] ZHU Xiaofeng, HUANG Zi, SHEN Hengtao, et al. Dimentionality reduction by mixed-kernel canonical correlation
analysis[ J]. Pattern Recognition,2012,45(8): 3003-3016. DOI:10. 1016/j. patcog. 2012. 02. 007.
[12] ZHU Xiaofeng. HUANG Zi, CHENG Hong, et al. Sparse hashing for fast for fast multimedia search[J]. ACM
Transaction on Information System,2013,31(2): 9. DOI;10. 1145/2457465. 2457469.
[13] KANG P,CHO S. Locally linear reconstruction for instance-based learning[ ]J]. Pattern Recogntion,2008,41(11):
3507-3518. DOI; 10. 1016/j. patcog. 2008. 04. 009.
[14] LIANG Jinjin, WU De. Sparse least square support vector machine with L1 norm[]J]. Computer Engineering and
Design,2014,35(1) . 293-296,338.
[15] BOYD S. Alternating direction method of multipliersl EB/OL]. [2015-03-25]. http://stanford. edu/class/ee364b/
lectures/admm slides. pdf.
[16] CHANG CC,LIN CJ. LIBSVM: A library for support vector machine[J]. ACM Transactions on Intelligent Systems
and Technology,2011,2(3):27. DOI. 10.1145/1961189. 1961199.

A kNN Classification Algorithm Based on Local Correlation

DENG Zhenyun' , GONG Yonghong'* ,SUN Ke' ,ZHANG Jilian'

(1. Guangxi Key Lab of Multi-source Information Mining & Security, Guangxi Normal University,Guilin Guangxi 541004,

China; 2. Guilin University of Aerospace Technology,Guilin Guangxi 541004 ,China)

Abstract: As a simple and effective classification algorithm, kNN algorithm is widely used in text
classification. However, the £ value (usually fixed) is usually set by users. For this purpose, the
reconstruction and locality preserving projections (LPP) technology is introduced into the nearest
neighbor classification, which makes the selection of the £ value to be determined by the correlation
between the samples and the topology structure. The algorithm uses /,-norm sparse coding method to
reconstruct the test sample by its £ (not fixed) nearest neighbor samples and LPP keeps the local
structure of the sample after the reconstruction, which not only solves the problem of choosing % value,
but also avoids the influence of fixed £ value on classification. Experimental results show that the
classification performance of the proposed method is better than that of the classical kNN algorithm.

Keywords: k-nearest neighbor; locality preserving projections; reconstruction; sparse coding



