4

b SJBS s2 Slo (S Mhsdubgd @iy )9Sl Soug
5399 piobhly 9 SIBS asyles 7Mool jl o Slaiwl

ol S S (e g Fool3ilgleg L ke
OlrleplesS plesS yals e oISl fgralS (utipee 250

&
(&

¥
}

IS

2ogdle DBSCAN .Cowl 59 ¢l 5190, 5 Sl4igiDBSCAN 9 5glodld ;3 axgi 9y90 W) 3 (9 FBa » (oo suvaiss
o grus pl Wl 50 ansl (ASCen 515 3,05 g o 35 (il (6999 (S syl crmes cdiged lgasas 2,15 515 ontlan 295 (sbl30
51 ISB-DBSCAN aiilod s0laciom (w9, 30 .09 plol ISB-DBSCAN ol & JBo 0 (Soivo sl ;081 51 (SO (69, FloMo! el
Wbl S 1y5 51y el Koo K yxol )l s a5 LooT 51l ouils 0ol aslued o 500 dlaws Glensask (53959 selyb
033b 595 PR lejl (Goleminy Sy (251 1 el ooy A1) 5 K Y095 ol (1 S osts 595N b (SOl 9y S
S ;R0 b dmalite 5 ouolawods guls i )F 1,8 Sbj,l 0590 By 5o guiuabiad s g ol plal o jlailiuw! 5315 acgoze

ol 00 35 eS| (6 e S (iliBo (gosloas gosme ;0 (solgilly gy 4 1o LIS vg> g0

wwgliie IRz b gaindiigs (( Slwad miolily (IR 2 (G edliod guads 31y

Improvement of density-based clustering algorithm using
modifying the density definitions and input parameter

Alireza Pahlevanzadeh® & Aliakbar Niknafs
Department of Computer Engineering, Shahid Bahonar University of Kerman, Kerman, Iran

Abstract

Clustering is one of the main tasks in data mining, which means grouping similar samples. In general, there
is a wide variety of clustering algorithms. One of these categories is density-based clustering. Various
algorithms have been proposed for this method; one of the most widely used algorithms called DBSCAN.
DBSCAN can identify clusters of different shapes in the dataset and automatically identify the number of
clusters. There are advantages and disadvantages in this algorithm. It is difficult to determine the input
parameters of this algorithm by the user. Also, this algorithm is unable to detect clusters with different
densities in the data sct. ISB-DBSCAN algorithm is another cxample of density-based algorithms that
eliminates the disadvantages of the DBSCAN algorithm. 1SB-DBSCAN algorithm reduces the input
parameters of DBSCAN algorithm and uses an input parameter k as the nearest neighbor's number. This
method is also able to identify different density clusters, but according to the definition of the new core point,
It is not able to identify some clusters in a different data set.

This paper presents a method for improving ISB-DBSCAN algorithm. A proposed approach, such as
ISB-DBSCAN, uses an input parameter k as the number of nearest neighbors and provides a new definition
for core point. This method performs clustering in three steps, with the difference that, unlike ISB-DBSCAN
algorithm, it can create a new cluster in the final stage. In the proposed method, a new criterion, such as the
number of dataset dimensions used to detect noise in the used data set. Since the determination of the k
parameter in the proposed method may be difficult for the user, a new method with genetic algorithm is also
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proposed for the automatic estimation of the k parameter. To evaluate the proposed methods, tests were
carried out on 11 standard data sets and the accuracy of clustering in the methods was evaluated. The results
showe that the proposed method is able to achieve better results in different data sets compare to other
available methods. In the proposed method, the automatic determination of k parameter also obtained

acceptable results.

Keywords: Density-based clustering, neighborhood parameter, clustering with different density
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ISDBSCAN(s,k)

Input

S:dataset of objects to be cluster;

K: number of ncighbors;

Output

A set of clusters;

1:1=1;

2: while S#£0

3: p=Randomly select a point in S;
4: Ci=MAKECLUSTER(S,p,k,i);
5. S=S\C;;

6: if |Ci>k then
7. membership(p)=i;
8 i=i—1;

9

else
10: membership(q)=noise;
11: endif

12: end while
13: return{Cu,...,Ci1};

MAKECLUSTERC(S,p,k.i)

Input

S: dataset of objects to be cluster;

p: starting point for cluster construction;
k: number of ncighbor;

i: cluster index;

Output

A cluster or a set of noise

1: if |ISk(p)[> 2k/3 then

2: for each q€ ISk(p) do

3: if membership(q)=-1 then

4: membership(q)=i;

5: C=Cul{q};

6: C=CU MAKECLUSTER(S,q.k,i);
7: end if

8: end for

9:

end if
10: return C;

[1JISDBSCAN  gasodlios ,‘,.‘:.;_)5§J| (F- JS%)
(Figure-6): ISDBSCAN Clustering Algorithm [1]
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Require: D={x1,X2,...,Xn}: the dataset.

K: the number of neighbors.

Ensure: C={ C1,C2,...,Cx }: set of clusters.
1: function ISB-DBSCAN Dk

2: ClusterID=1

3: mark all points x;€D as "UNCLASSIFIED"

4: calculate the influence space ISk(xi) of each point x;ED
5: for all xi€D do

6: ifx;is marked as "UNCLASSIFIED " then

7: if ExpandCorcCluster xi, ClusterID then

8: Cluster[D++

9: end if

10: endif

11:  cnd for

12: for all x;€D do

13:  if xi is marked as "UNCLASSIFIED " then

14: search each point y;EISk(xi) in the influence space
of xi

15: if points in [Sk(x;) are all marked as "VOISE" or
there is no point in [Sk(xi) then

16: xi is labcled as "NOISE"

17: clse

18: mark xi as ClusterID of the closest core point
in ISk(xi)

19: end if

20: end if

21: end for

22:end function

23:

24: function ExpandCoreCluster (x;, CLusterlD)

25: SeedList= ISk(xi)

26: if |SeedList| >2k/3 then

27:  xiislabeled as ClusterID

28: else

29:  false

30: endif

31: for all yjeSeedList do

32:  if | ISk(yj) | > 2K/3 then

33: y; is labeled as ClusterID

34: for all 7€ ISk(y;j) | do

35: if zw is labeled as "UNCLASSIFIED " or zw is
labeled as "NOISE" then

36: if zm is not in SeedList then

37: add zm into SeedList

38: end if

39: end if

40: end for

41:  endif

42: cnd for

43: frue

44:end function

'Influcnce spacc DBSCAN

[1Z]ISB-DBSCAN  gacudiogs oo ;450 :(8- J5C0)
(Figure-5): ISB-DBSCAN Clustering Algorithm [12]
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49: for all point in scedList

50: if d(seedList(i))==-1

51: d(seedList(i))=ClusterlD;

52: if length(ISk(seedList(i)))> Dataset Dimensions
53: if ISk(scedList(i)) not in scedList then

54: add TSk(seedList(i) to seedL.ist ;
55 end

56: end

57: end

58: else

59: result=falsc;
60: d(i)=noise;

61: end

62: return d,result;
63: end

64: function cxpandCorcCluster(d,ClusterID,i,ISk)
65: if length(ISk(i))>=(k-1)

66: scedList=TSk(i);

67: result=true,;

68: d(i)=ClusterID;

69: i=1;

70: for all point in scedList

71: d(seedL.ist(i))=ClusterTD;

72:  iflength(ISk(scedList(i)))>=(k-1)

73: if ISk(seedList(i) )not in seedList then

74: add ISk(scedList(i) to scedList ;
75: end

76: cnd

77: i=itl;

78: cnd

79: else

80:  rcsult=falsc;

81: end

82: return result,d;

83: end
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(Figure-7): MDD-1SB-DBSCAN Clustering Algorithm
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Require: d={x1,x3,...,Xu}: the dataset.
K: the number of neighbors.
Ensure: C={ C1,Cz,...,Cx }: set of clusters.

1: function IISB-DBSCAN D.k

2: ClusterlD=1

3: mark all points ;€D as -1

4: calculate the influence space ISx(xi) of each point xiED
5: for all xieD do

6 if xi is marked as -1 then

7 if expandCoreCluster(d,ClusterID,i,1Sk) then

8

: ClusterID++
9: end if
10: endif
11: end for

12: If threre was a point with -1 label then
13: p=Sort points with ISk length in dataset
14: for all p in datasct
15:  i=sclect the largest length of TSk(i);
16: BorderNoiscOrnewCluster(d,ClusterID,ISk,i);
17: end
18: end
19: function
BorderNoiseOrnewCluster(d,ClusterlD,ISk,i);
20: seedList= [Sk(i);
21: If there was a label in the neighborhood of the
seedList for the selected point (other than noise and -1)
then

22: If length(seedList)> Dataset Dimensions
then

23: d(i)= neighborhood label;

24; clse

25: d(i)=noisc;

26: end

27: return d,false;

28: end

29: If there was morc than onc labels in the

ncighborhood of the scedList for the selected point (other
than noise and -1) then
30: If length(seedList)> Dataset Dimensions then

31: d(i)= label of nearest core point;
32: else

33: d(i)=noise;

34: end

35: return d,false;

36: cnd

37: I thereis no label (label -1) then
38: If expandNewCluster(d,ClusterID,i) then

39: ClusterID=ClusterID+1;
40: cnd

41: cnd

42: return d,ClusterID;

43: end

44: function expandNewCluster(d,ClusterID,i)
45: seedList=ISk(i);

46: If length(seedList)> Dataset Dimensions then
47: result=true;

48: d(i))=ClusterID;
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(Table-4): The correct rate of data label in ISB-DBSCAN,
ISDBSCAN and PMDD-ISB-DBSCAN mecthod

PMDD-
DBSEAN DRSCAN | DBSCAN osls Sty
97.5 63.33 64.58 Flame

92.22 100 100 Jain
84.16 99 99.66 RIS
35.48 78 80 D31
100 100 100 Spiral
§3.66 83 84.33 Pathbased
89.97 8947 94.98 Compound
99.74 95.68 95.30 Aggregation
85.34 88.56 89.85 Oeile

J..OLM; ‘) osls lﬁLo.J ‘)__»)lf .‘a.wy 6\53)5 k_;\.m k ):..o.u...s.)
2O G a9 ol no andiis 4y 0B ey 1090 0
MDD-ISB- 5,88l ;i =8l > seooloacges
D31 &ols degozxe ,o MDD-ISB-DBSCAN o,

Lools pizren 5 00p o2 4 Suop sladdes sl)ls a5
ey by ganades Oldes s oYU (S0 ,08 gl
Aggregation 55l degeme 10wl oold plxl o5 glas
[, g id Sl atwilys ISB-DBSCAN 45l
Zwo MDD-ISB-DBSCAN by, ;5 Ll wwes eis
MDD-ISB- is, .iloads oals ey Jwyody ddss
30 b anslie o calie gloosls acgamme ;o DBSCAN

Sl 03,5 Joe X 53 9250 Sty

<ISB-DBSCAN ,o ools e O ) C)J Z(V—Jgu\q)

MDD-ISB-DBSCAN yig, 5 ISDBSCAN

(Table-3): The correct rate of data label in ISB-DBSCAN,
ISDBSCAN and the MDD-ISB-DBSCAN method
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(Figure-10): Convergence diagrams of different dataset in the genetic algorithm
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