e N Kl
H31% 4 wo# 5 kR 2016 4 4 1
Vol. 31 No. 4 Control and Decision Apr. 2016

NEHS: 1001-0920 (2016) 04-0755-04

DOI: 10.13195/j.kzyjc.2015.0041

FE ML S HFEE YT

22, X
(FIFF R a. BT 55 B L%, b. CIMSHFF AL, LHE 201804)

7

& 2 v T EEERE SN A LE AT S A S I SRR, R Y R IR A S ) el AL, i Skl
i kAR SE T SRS B w2 TR R A (0 BN, A BN SN BIAR 2R A SRR R B[R]
WU b S RS AR g 1t S i) S s B 60 9 A2 20 A, (8000 m vE R S M I SR 2. 3 3 6 > UCT Bt 46 1 1 Se e
LER T IRIE T PR SR A R

KR WML kLA WA

HESES: TP273 SCERARASRD: A

Density-weighted twin support vector regression
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Abstract: To better impact the training model with the inherent distribution of the training dataset, a twin support
vector regression called density-weighted twin support vector regression is proposed. Firstly, the density-weighted value
is computed based on the k-nearest neighbor algorithm. Then, the values of density-weighted are introduced to the standard
twin support vector regression. It is found that the proposed algorithm can well reflect the inherent distribution of the

training dataset and lead to a more accurate impact on the training model. Experimental results on six UCI datasets show the

effectiveness of the proposed algorithm.
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