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Table 1 Non-Spatial description of relevant attributes in the buffer
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Buffer® Population® Average income® Ratio of crimes® (%)
A 50,000 2,550 0.2
B 35,000 5,000 0.3
C 55,000 2,550 1
D 66,000 3,250
E 80,000 4,550 0.4
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Procedure Reliel (Predicate_weight, k)
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Predicate_weight j1:—0;
FOR sample. i ;=1 TO min(200.k) DO / * sizc of the sample is set to min(200.4) » /
nearest. hit; =FIND_NEAREST. HIT Gample )5 / + find ncarest sample from the same class x /
nearest miss; =FIND_NEAREST -MISSCsample_i )y / * {ind nearest sample from the different
class « /
FOR j:—1 TO max_predicate DO
Predicate _weight| j . = Predicate_weight| j]—diff Gampie i .neavest hit, )
-+ diff Gample ¢ nearest_miss.jh;

FOR j: —1 TO max_ predicare PO

IF Predicate _weight] j12>min{200,&) * threshold / W
THEN Predicate relevant] j]=TRUE
ELSE Predicate —relevant[ j]=FALSE;
Function diff Csample i nearest hit _ar_miss. j)
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IT sample_i[j]=nearest hitoor_misi[ j] THEN return (0)
ELSE teturn {1).
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Spatial Data Classification Based on Rough Set

SHI Yun SUN Yu-fang ZUQO Chun
(nstitute of Softzware The Chinese Academy of Sciences Beijing  100080)

Abstract Recent studies have extended the scope of data mining from relationzl and transactional databases
to spatial databases. Spatial dara mining is a promising field, where the research work on spatial data classilies
tion is s(ill in its nitial stage, To this paper, the advantages and the disadvantages of several existing methods of
spatial data clessification are compared fiest. Then an effective three-step method, which is based on the rough
set theory for spatial data classification, is proposed. The validity of this algorithm te the problem of incomplete
apatial information is verificd by pertinent cxporimental resnlts,

Key words  Rough set, classification, data mining, spatial data, reduction.
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