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Abstract  Existing work in outlier detection emphasizes the deviation of non-spatial attribute not only in outlier detecting in
statistical database but also in spatial outlier detecting in spatial database. However both spatial and non-spatial attributes
must be synthetically considered in many applications such as image processing position-based service. We defined outlier
in respect of taking account of both spatial and non-spatial attributes and proposed a new density-based spatial outlier
detecting approach with leapingly sampling DBSODLS . Existing density-based outlier detection approaches must calculate
neighborhoods of every object which are time-consuming. This method makes the best of neighbor information that have
been detected leapingly selects the next object but not every object which reduces many neighborhood queries.
Theoretical comparison shows this method is better than other density-based methods in efficiency and the experimental
results also show that the approach outperforms the existing density-based methods in efficiency.
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geDId p Algorithm DBSODLS D X . P,
q <Xy, and q. attr satisfy C p I CandidateSet = Empty
NEpS p 2 ClusteringSet = Empty
) P 3 While D.isClassified
P 4 p = Select_unclassified_point D
‘ NEPS » ‘ 5 {VeLghbtfrhoodSet:D. Neighbors p Xy,
6 if | NeighborhoodSet| > P,
3 min 7 ClusteringSet = ClusteringSet U NetghborhoodSet U p
8 else
9 CandidateSet = CandidateSet U NeighborhoodSet U p
4 p 10 endif
11 // While  D. isClassified
12 Borders = Empty
13 While  CandidateSet. isLabel
5 14 Select one point ¢ from CandidateSet
15 q. isLabel
6 16 CSNB = CluseringSet. Neighbors q Xy,
1 pe NEps q ‘ NE]JS ! ‘ >p 17 Borders = Borders U  CSNB N ClusteringSet
2 qe NEI,S » ‘ NEPS » ‘ >p_ 18 | // While (.]andldateSel. isLabel
19 While  Borders. isLabel
20 Select one point b from Borders
DBSCAN 21 b. isLabel
7 Pr P I< 2 Bord_NB =D. Neighbors b
isn=1p, P P =0, 23 it 1Bord_NB| >P,.
q =p, 14 q 2 24 CandidateSet. deleate Bord_NB
8 C D 25 //While  Borders. isLabel
p qe D pe C 26 OutlierSet = CandidateSet
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