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An incremental attribute reduction algorithm for group objects

QIAN Jin'?, ZHU Yayan'

(1. School of Computer Engineering, Jiangsu University of Technology, Changzhou 213015, China; 2. Jiangsu Key Laboratory of Big
Data Analysis Technology /B-DAT, Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract ; Real-world datasets change in size dynamically. Non-incremental attribute reduction methods usually need
to re-compute source data when obtaining a new reduction without considering the information in the existing reduc-
tion, which consumes a great deal of computational time and storage space. Therefore, in this paper, some reduc-
tion invariance properties for dynamic datasets are discussed. An incremental attribute reduction algorithm for group
objects using the previous reduction is proposed to quickly update a reduction with high inheritance rate and thus
improve the efficiency of incremental learning. Finally, the incremental approach proposed is compared with an ex-
isting incremental attribute reduction algorithm for a single object, the non-incremental attribute reduction algo-
rithms on the UCI, and synthetic datasets. Experimental results show that this incremental attribute reduction algo-
rithm for group objects can deal with dynamic data rapidly, as it has better inheritance of reduction.

Keywords: rough set theory; atiribute Reduction; group objects; inheritance rate of Reduct; incremental learning
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{(x,y) e UxUl Ya e R,f(x,a)=f(y,a)|
KR IND( R T U M—A%14, U/

IND( R )R, fick U/R . U/R H R T H
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.

apr,(D,) =U {x € Ul [x], € D,|
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EX 3 HEHREFES =W, C,D,V.H H,
VA Cc, IEXIH POS,(D) i A BND, (D) &
S

POS,(D) = U apr,(D;)
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U - POS,(D)
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POS! = POS}., . Mz, POS,, = POSY |
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POS! U {y} Ml POS;., = POSY ;
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sigh'"(a,A,D) = max( sigh"(¢,A,D) );
A=AU ia};
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8) For each attribute ¢ € A
[ sigh™(c,A,D) ;
W sigh™ (¢, A,D) =0, A=A - ¢;

9) Red,,,, =A, ith Red,,, o
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/7 BN E— S0 2 rp LY R REIX 40 1 7 T X 52
8) 115 POSY ' 1 POSY ™
9) While (| POSY™ | 5 | POS!™ |)
{ For each attributec € C — A
A Sig‘;ﬁl}il';l( c,A,D) ;
Sig‘l’j',:;l(a,A,D) = max ( sigiff:;l(c,A,D) )
/AR R 24 AT —1;
A =AU {a};l
10) For each attribute ¢ € A
{3 sigitra(e,A,D)
W sigh™a(c, A, D)= 0A=A - {c}; |
11) Red,, 0 = A, HiHh Redy,yn o
SZEST BRI S L B P
2).3).9)F110) , FIHICHEK[ 13 ] ity 5Bk
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Table 2 Original decision table S and new added object set U*

U € ¢y C3 Cy d u® € ¢y C3 Cy d
X, 1 0 1 0 2 Y 2 1 0 0 1
Xy 0 1 0 1 2 Y 1 0 1 0 4
X4 1 1 1 1 3 Y3 0 1 0 1 2
Xy 1 0 1 0 1 Y4 0 2 1 1 1
Xs 0 2 2 1 2 ¥s 0 1 1 1 2
X 1 2 0 0 2 Y 0 1 1 2 1
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Table 2 Comparison of Reduct change and Reduct inheritance rate

NewObject Case Red, Red,, IR Red, Red,, IR Red, Red, IR
21001 1) c,c, c,c 1 (YN c,c 0.5 C5Cy €5¢4C, 1
10104 @ c,cy ¢y 1 €,C5 54 1 c5¢, c5C, 1
01012 @ ¢,C, ¢, 1 YN CyCy 1 c5¢, e3¢, 1
02111 @ ¢,C, c,C, 1 (YN CyCy 1 c5¢, €564, 1
01112 ® ¢, ¢, 1 €,Cs ¢, 0.5 C5Cy c5¢,C, 1
01121 @ c,c, €,¢,C3 1 CyCy €,05¢, 1 cse, cse, 1
it FEIRR 1 FEIERR 0.83 FEIERR 1
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Table 3 A description of six data sets

=2 BAngE MEE BRI
1 Chess 3196 36 2
2 mushroom 8124 2 2
3 nursery 12 960 9 5
4 Connect 67557 42 3
5 Dataset] 200 000 30 5
6 Dataset2 500 000 30 9

N BRI S AR R R, K2 48T
6 MEHREEAEA R LB N LRI, 7E 4 DL
Padie b ATRTANAS , W) UG B AR BT s By R
VAR SR AN DA TR A I8, I 53 S P 4 L, 2
TR EERA RO I, 1 F2 2R T X R 5 s K dla 5
SR, F L SN R IE AR RIS R X R
THERGHT AN iR ZAE R I G R

3f - 0%
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| i ! izzi 60%
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Fig.2 Comparison of Reduct length
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Table 4 Comparison of Reduct inheritance rate %

P TS 20%  40%  60% 80% 100%

Chess 100 100 9545 9545 95.45
mushroom 100 100 100 100 100
nursery 100 100 100 100 100
Connect 100 100 100 100 100
Dataset1 100 100 100 100 100
Dataset2 100 100 90.9 90.9 100

4 i
TEMCRS IR D | T8 P 24 6 (LA B T A B v

— AR AZ RPN A R e A s, R, FE g
HSert 218 5 BN RE S8 s 15 3] 24 a7, 1 53
25 oy WA CA FR AT RN B A SCT g il
T[] B2 X 5 B 1 3 o 2 1T O ik it e 43 R 4

HI T 5 B PE TR 2 f , MR A & 2
fa AL R HL AT DL AT 4 e e o] A R
M, AR T — 2244 FI ] Map Reduce i —
WFE B 4 1 B B P 2 ) 7k
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2017 IEEE International Conference on Mechatronics and Automation

The 2017 IEEE International Conference on Mechatronics and Automation (ICMA 2017) will take place in Takamat-

su, Kagawa, Japan from August 6 to August 9, 2017. Takamatsu is a small city located at Sikoku which is the smallest is-

land in 4 main islands of Japan. Shikoku contains a lot of temples including Zentsu-ji, where one of the most famous Bud-

dhists , Kukai, was born. As the host city of ICMA 2017, Takamatsu not only provides the attendees with a great venue for

this event, but also an unparalled experience in the Japanese history through several historical architectures. You are cor-

dially invited to join us at IEEE ICMA 2017 in Takamatsu. The objective of ICMA 2017 is to provide a forum for research-

ers, educators, engineers, and government officials involved in the general areas of mechatronics, robotics, automation

and sensors to disseminate their latest research results and exchange views on the future research directions of these fields.

website : http . //2017.ieee-icma.org/



