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Abstract

to input parameters. Incorrect setting may cause an algorithm to fail in finding all meaningful outliers and even find

Most density-based outlier detection algorithms require the setting of two input parameters and are sensitive

wrong outliers, which cannot satisfy the easy to use of “3-E” criteria. Therefor, constructed neighborhood based local
density factor NLDF taking account of neighborhood, reverse neighborhood and local density, NLDF can denote the de-
gree of outlierness of an object. Afterward,an novel outlier detection algorithm named ODINP that insensitive to input
parameter was proposed. ODINP keeps the efficiency of the existing density-based outlier detection algorithms and owns
high precision, Just a parameter % and insensitive to & is a significantly advantage of ODINP. Extensive experiments on
large-scale, different shape and high-dimensional data sets demonstrated that the algorithm is effective and feasible,
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AR/ | kNB| | RkNB| NDF LD NLDF
10 11 1.1 0.245993  0.270592
Cl ## 10 11 1.1 0.272074 0. 299281
AR 11 18 1.63636  0.625732 1. 02393
1 18 1.63636  0.522164  0.854451
10 8 0.8 0.0984776 0. 0787821
Cz F#% 10 8 0.8 0.103658 0. 0829261
AR 10 8 0.8 0.115664 0. 0925314
10 9 0.9 0.118691  0.106822
10 2 0.2 0.0403124 0. 00806249
10 1 0.1 0.0536322  0.00536322
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ODINP(SetOfPoints, k)
kNBAndRkNBQuery (indexFile, SetOfPoints, kNB, RkNB, Id, k) ;
CalculateNIdf(SetOfPoints. size, kNB, RkNB, 1d, nldf, thNIdf) ;
FOR i FROM 1 TO SetOfPoints. size DO
IF SetOfPoints[i]->>getClusterld () 1 = UNCLASSIFIED
| | nldf{i] << thNIldf THEN Continue;
END IF;
SetOfPoints[ i ]->>setClusterld(CLUSTER_LABEL);
//Creating and initializing a queue and path array
FOR j FROM 1 TO kNB[1]. count DO
SetOfPoints| kKNB[i]. idx[j]]->> setClusterld (CLUS-
TER_LABEL);
//Adding to queue
IF nldf{kNBi]. idxj]] >= thNldf THEN
path[rear+-+7 = kNB[i]. idx[j];
END IF;
END FOR;
//Eliminating the cluster point
WHILE (front { = rear) DO
frontld = path[front+-+7;
FOR j FROM 1 TO kNB[ frontId]. count DO
IF SetOfPoints [ kNB [ frontld J. idx [j]]->> get-
Clusterld() ! = UNCLASSIFIED THEN
continue;
END IF;
SetOfPoints[ kNB[ frontld . idx[j]]->> setClus-
terld(CLUSTER_LABEL);
IF nldf [ kNB [ frontld ], idx [j]] > = thNIdf
THEN

+ 194 -

path[ rear++4 ] = kNB[ frontId]. idx[j];
END IF;
END FOR;
END WHILE;
END FOR;
//Label outlier
FOR i FROM 1 TO SetOfPoints, size DO

IF SetOfPoints[ i ]-> getClusterld () = = UNCLASSIFIED
THEN
SetOfPoints[ i }->>setClusterld(OUTLIER_LABEL);
outlierCount+-;
END IF;
END FOR;

END; //ODINP
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