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Algorithm #1: DBSCAN Algorithm
Input: D, Minpts, Eps

1.C=0
2. For each unvisited point p in the dataset D
Mark p as visited
N=regionQuery(p,Eps)
If sizeof(N)< Minpts
Mark p as Noise
Else
Put p into new cluster C
Enlargecluster(Eps,Minps,C,p,N)
10. End If
11. End For
12. End // DBSCAN
/I Enlargecluster Function
Enlargecluster(Eps,Minpts,C,p,N)
13. Add p to cluster C
14. For each point p’ in N
15. Ifp’ is unvisited
16.  Mark p’ as visited
17.  N’=regionQuery(p’,Eps)
18. If sizeof(N”)>= Minpts

©o~NO AW

19. N=N’ combine to N
20. EndIf

21. If p’ is not in any cluster
22. Add p’ to cluster C

23. EndIf

24. End If

25. End For

26. End // Enlargecluster
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Algorithm #2: GDBSCAN Algorithm
Input: SetOfObjects, NPred, MinCard, wCard

1. Clusterld := nextld(NOISE);

2. FOR i FROM 1 TO SetOfObjects.size DO
3. Object := SetOfObjects.get(i);

4. |IF Object.Clld = UNCLASSIFIED THEN
5 IF
ExpandCluster(SetOfObjects,Object,Clusterld,
NPred,MinCard,wCard) THEN

6. Clusterld:=nextld(Clusterld)

7. ENDIF

8. ENDIF

9. END FOR

10. END; // GDBSCAN

/I ExpandCluster Function
ExpandCluster(SetOfObjects, Object, Clld, NPred,
MinCard, wCard)

11. IF wCard({Object}) <0 THEN

12. SetOfPoints.changeClid(Object,
UNCLASSIFIED);

13. RETURN False;

14. END IF

15. seeds:=SetOfObjects.neighborhood(Object,NPred)
16. IF wCard(seeds) < MinCard THEN // no core
point

17. SetOfObjects.changeClld(Object,NOISE);
18. RETURN False;

19. END IF

20. SetOfObjects.changeCllds(seeds,Clld);

21. seeds.delete(Object);

22. WHILE seeds # Empty DO

23. currentObject := seeds.first();

24. result :=SetOfObjects.neighborhood
(currentObject, NPred);

25. IF wCard(result) > MinCard THEN

26. FORiFROM 1 TO result.size DO

27. P := result.get(i);

28. IF wCard({P}) >0 AND P.ClId IN
{UNCLASSIFIED, NOISE} THEN

29. IF P.Clld = UNCLASSIFIED THEN
30. seeds.append(P);
31. END IF;

32. SetOfObjects.changeClId(P,ClId);

33. END IF; // wCard > 0 and UNCLASSIFIED
or NOISE

34. END FOR;

35. END IF; // wCard > MinCard

36. seeds.delete(currentObject);

37. END WHILE; // seeds # Empty

38. RETURN True;

39. END; // ExpandCluster

GDBSCAN oz, ;&1 (V) JS

Py Slawlxo (95 oode 4y pli [ Ve

31 5 DBSCAN oz, 5 S .oVl ey IS5 35 Sl gt
s by e 0ty Sl 0l S s Lis 0
5 S i 8.8 &y e (gl g e
S eals ol 53 s e B 51 S slilan Lo 5l
lresls oL L agrlse L3 4 das plowil lamb (g 5
dal ot a5 Ll Sl Jos ol ol Olos VU sl 5 02 b
S 2l 5l osliid L o el Y 5l 5
353 0313 354 DBSCAN (2, U1 e

Sy sl 5l S DBSCAN &)}Q‘ Sl g
575 < DBSCAN (i, Sl s (158 gl oslic
S 3,055 SO siad o glae s S (5l
Sl sl slagn, 5 S 558l 4 b 5 ol (g3 8
a5 S LS 4y Cilse slas )l s 5 el (luesly i slice
1l 3 DBSCAN 5,5 S 51 (6310 dgiuns cpdior ol
W3y el 0T B jme 4 aalsl 3 a8 ol o

Vo s el e S M i 5 S =l —
o=l L aalsl s S el oad aSll (gt slagn ;S
e Wl gz, S
sdd il glas ags £
0556wl 512 ) DBSCAN o1, 801 &5 1445 Lo
451, DBSCAN 55 cgr 53 (53b5 b lapn; S
e SRUIL TR WS g J opl bl ol
Lo Cond sl 53 ool 0k ] ¢ JalS ) sbay S o
e s RSl (P p e 5 B v
GDBSCAN (2,81 1.7
5ol JUSs s gde o 2 DBSCAN oz, S
el 5 ol e 4y il SIS L glaa ot (R3S slaees
it SISl 5308 68 el o 1) ez S [YY] s
S guad o g |y gdr s Sla kol Ll dbd e
el ot o3ls L2 (V) K2 53, S gl S it

DBSCAN (2,501 Ly elie o,y S ol IS i,
Gluad g Sl o) S pl i€ oS 5b Oles Ll o



Vo 690 9 DBSCAN (gucudiiad mi yoidl Ml )

el ol 63l QLL: (/\) JD/\J

Algorithm #3: OPTICS Algorithm
Input: SetOfObjects, Eps, Minpts, OrderedFile

1. OrderedFile.open();

2. FOR i FROM 1 TO SetOfObjects.size DO

3. Object := SetOfObjects.get(i);

4. IF NOT Obiject.Processed THEN

5. ExpandClusterOrder(SetOfObjects, Object, Eps,

MinPts, OrderedFile)

7. OrderedFile.close();

8. END; // OPTICS

/[ExpandClusterOrder Function

ExpandClusterOrder(SetOfObjects, Object, Eps,

MinPts, OrderedFile);

9. neighbors := SetOfObjects.neighbors(Object, Eps);

10. ObjectProcessed := TRUE;

11. Object.reachability_distance := UNDEFINED;

12. Object.setCoreDistance(neighbors, Eps, MinPts);

13. OrderedFile.write(Object);

14. IF Object.core_distance <> UNDEFINED THEN

15. OrderSeeds.update(neighbors, Object):

16. WHILE NOT OrderSeeds.empty() DO

17.  currentobject := OrderSeeds.next();

18.  neighbors:=SetOfObjects.neighbors(
currentObject , Eps);

19.  currentObject.Processed := TRUE;

20.  currentObject.setCoreDistance(neighbors, Eps,
MinPts);

21.  OrderedFile.write(currentObject);

22. IF
currentObject.core_distance<>UNDEFINED
THEN

23. OrderSeeds.update(neighbors,
currentobject);

24. END // ExpandClusterOrder
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Algorithm #4: FDBSCAN Algorithm
Input: SetOfObjects, Eps, MinPts

1. sort(SetofObjects.X);

2. Clusterld := NOISE;

3. FOR i FROM 1 TO SetofObjects.size DO

Obiject := SetofObjects.get(i);

IF Object.Clld = UNCLASSIFIED THEN
seeds:=SetofObjects.RegionQuery(Object,Eps);
IF seeds.size<MinPts THEN

SetofObjects.ChangeClld(Object, NOISE);
ELSE

10.  OldClusterld :=getfirstcoreld(seeds);

11.  IF OldClusterld =UNCLASSIFIED THEN

12. Clusterld := nextld(Clusterld);

13. SetofObjects.ChangeClld(seeds, Clusterld);

14.  ELSE

15. ExpandCluster(SetofObijects, seeds,

OldClusterld, Eps, MinPts);

16. ENDIF

17. ENDIF

18. END IF

19. END FOR

20. ReOrganize(SetofObjects);

21. END // FDBSCAN

ExpandCluster (SetofObjects, seeds, Cllid,

Eps,MinPts)

22. WHILE seeds <> Empty

23. currentO := seeds.first();

24. IF SetofObjects.IsCoreObject(currentO, Eps, MinPts)

25.  SetofObjects.MergeCluster(currentO, Clid);

26. ELSE

27.  SetofObjects.changeClld(currentO,ClId);

28. END IF

29. seeds.delete(currentO);

30. END WHILE

31. END // ExpandCluster
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Algorithm #5: DBRS Algorithm
Input: D, Eps, MinPts, MinPur

1. ClusterList = Empty;

2. while (ID.isClassified())

3. Select one unclassified point g from D;
4. qgseeds = D.matchingNeighbors(q, Eps);
5. if ((Jgseeds| < MinPts) or (gseeds.pur < MinPur))
6. qg.clusterlD =-1; /*q is noise or a border point */
7. else
8. isFirstMerge = True;

C;= ClusterList.firstCluster;

/* compare gseeds to all existing clusters */

10. while (C; = Empty)

11. if (' hasIntersection(gseeds, C;) )

© ¢

12. if (isFirstMerge)

13. newC; = C;.merge(gseeds);
14. IsFirstMerge = False;

15. else

16. newC; = newC;.merge(C;);
17. ClusterList.deleteCluster(C);
18. End If

19. End If

20. C; = ClusterList.nextCluster;

21.  End While // while (C;!=Empty)

/*No intersection with any existing cluster */
22. if (isFirstMerge)

23.  Create a new cluster C;from gseeds;

24, ClusterList = ClusterList.addCluster(C;);
25. End If // if (isFirstMerge)

26. End If// Else

27. End While // while (1D.isClassified)

28.End // DBRS
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Algorithm #6: VDBSCAN Algorithm
Input: D, k

1. Partition k-dist plot;

2. Give thresholds of parameters Eps; (i=1,2,...,n);

3. For each Eps; (i=1,2,...,n)

4, Eps=Eps;;

5. Adopt DBSCAN algorithm for points that are
not marked,;

6. Mark points as Ci-t;

7. Display all the masked points as corresponding
clusters
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Algorithm #7: ST-DBSCAN Algorithm
Input: SetOfPoints, Epsl, Eps2, MinPts, A&

1. Cluster_Lable=0

2.Fori=1lton

3. Ifo;jisnotina cluster Then

4. X=Retrieve_Neighbors(o;,Epsl,Eps2)

5. If |X| < Minpts Then

6. Mark o; as noise

7. Else

8. Cluster_Lable=Cluster_Lable+1

For J=1to |X|

10. Mark all objects in X with current Cluster_Lable
11. End For

12. Push(all objects in X)

13. While not ISEmpty()

13. CurrentObj=Pop()

14. Y=Retrieve_Neighbors(CurrentObj,Eps1,Eps2)
15. if Y| >= Minpts Then

16. ForAll objects o in Y
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17. If (0 is not marked as noise or it is not in a
cluster) and |Cluster_Avg() — 0.Valug| <= A& Then
18. Mark o with current Cluster_Lable

19. Push (o)

20. End If

21. End For

22. EndIf

22. End While

23. End If

24. End If

25. End For

26. End // ST-DBSCAN
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Algorithm #8: LDBSCAN Algorithm
Input: SetOfPoints, LOFUB, pct, MinPts

1. InitSet (SetOfPoints);=calculate LRD and LOF of
each Points.
2. ClusterID :=0;
3. For i From 1 TO SetOfPoints.size DO
Point := SetOfPoints.get(i);
IF Point.Clld = UNCLASSIFIED Then
IF LOF(Point) <LOFUB Then
ClusterID := ClusterID + 1;
ExpandCluster(SetOfPoints, Point,
ClusterID, pct, MinPts);
9. Else
10. SetOfPoint.changeClld(Point,NOISE);
11. EndIf
12 EndIf
13. End For
14. End //LDBSCAN
[/l EcpandCluster Function
ExpandCluster(SetOfPoints, Point, ClusterID, pct,
MinPts)
15. SetOfPoint.changeClld(Point,ClusteriD);
16. FOR i FROM 1 TO MinPts DO
17. currentP := Point.Neighbor(i);
18. IF currentP.Clld IN {UNCLASSIFIED,NOISE}
and DirectReachability(currentP,Point) THEN
19.  TempVector.add(currentP);
20. SetOfPoint.changeClid(currentP,ClusterID);
21. ENDIF
22. END FOR
23. WHILE TempVector <> Empty DO
24. Point := TempVector.firstElement();
25. TempVector.remove(Point);
26. FOR i FROM 1 TO MinPts DO
27.  currentP := Point.Neighbor(i);
28.  IF currentP.Clld IN{UNCLASSIFIED,NOISE}
and DirectReachability (currentP,Point) THEN

NG~

29. TempVector.add(currentP);

30. SetOfPoint.changeCllId(currentP,ClusterID);
31. ENDIF

32. ENDFOR

33. END WHILE

34. END //ExpandCluster
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Algorithm #10: GF-DBSCAN Algorithm
Input: D, Minpts, Eps
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Algorithm #9: DDSC Algorithm
Input: SetOfPoints, Eps, MinPts, a

1. Select datasets and initialization parameters.

2. Partitioning the data into several cells according to
the parameter Eps.

3. For Each Pointpin D

4. Find neighborhoods Cells, NC.(p)

5. If | NC(p)| < Minpts Then

6. Mark p as noise

7. Else

8. P and NC.(p) regarded as a new cluster C
9. If the points in a new cluster do not involve
any other cluster points Then

10.  Create a new independent cluster

11. Else

12.  If intersection point is a Core Point Then

13. Merge the sub-clusters into a single
cluster

14. If not all points are defined yet, then
15. return to Step3 until all points are

defined, and stop search.

GF-DBSCAN r.:.:,,ﬁ“ (\#)

1. Find the neighbourhood, N, (p);

2. Set the density value, wy = [N (p)|;

3. If p is a homogeneous core, perform steps 4-7;

4. Find the list L, of unlabeled objects in N, (p) :
Lo={alaeNc(p), ¢, =1},

5. Arrange the objects in Lp in ascending order of their
distance to p giving the sorted list L, with size t = |L],
that is :

Lo={dildieLpiel...tqgo=p dist(di,p)=
dist(ai, p)};

6. Append L, in seed list S;

7. Mark all unlabeled and noise objects in N, (p) with
present cluster label c:

V q{geNc (p), ¢, <0} s ey =;

DDSC r:a_,‘,ill :10) o
ol o3lital i od (535 50 s B s Sl oy SOl 3
S Vsl a8 555 00 S i 4 iomed (S50 o s e
Lo ol S dle s Ll 5 a3l (555 0 e 2




sLil aSl 5 coul ;S FDBSCAN a o 5 S
S0l s e LU 0 s Sl s 5 el
w55 e ol (5 5V, o33 ODBSCAN (.;w_@

.>,\s FDBSCAN

DVBSCAN o ,,801 .\1.#
Sl plapn S35 s (SC YOI DVBSCAN (o, S
DBSCAN oz, Sl JUSor Ol s IS0 w5 shanesy oS
i JE bl o seie | V:wf@ ol el el L)
S 7l sk (CSD) i cals el 5 (CDV)
S 5 eS| e b 1S1 e Al Sl ad g Jan S
o315 0L (V) JSCo 53w, o831 ol IS 4 S e eslial

Sl s

Algorithm #11: DVBSCAN Algorithm
Input: D, Minpts, Eps, a, y

1. Initially all objects are unclassified

2. For each unclassified object xe D

3. If Core(x) Then

4.  Generate new ClusterID & Assign the clusterID
to x

5. Insert x into the Queue

6.  While Queue = Empty

7. Extract front object y from the Queue
8. Calculate S={oeD | dist (y, o) < Eps}
9. For each object 0eS

10. If 0 is unclassified and DCCO(0) Then
11. insert o into Queue

12. If 0 is unclassified or noise Then
13. assign the clusterID to o

14. End For

15.  End while

16. Else x is noise

17. End for

18. End // DVBSCAN
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Algorithm #12: MDDBSCAN Algorithm
Input: D,k var

1. Calculate the Euclidean distance between each two
points of the dataset.

2. For each point p, find the average distance between it
and its kth nearest neighbors:

DST,= Z dist(p, q)
qeN,

Where Np is the group of kth nearest neighbors of p.
3. Insert all points in the queue list.
4, Starting from the most dense point in the queue
which have the smallest DST value and do the
following:

(a) Assign the point p to new cluster (Ci).

(b) Remove p from the queue list.

(c) The initial average distances of the cluster

will be:

AVGDST¢; = DSTp

(d) Call: gather(Ci, p)
5. gather (Ci, p): For each point q in the nearest kth-
neighbors of p do the following:
(a) if (g in queue list ) and ( DSTq < var*AVGDST;)
then:

(i) Add g to Ci members

(if) Remove g from the queue list.

(iii) Calculate AVGDST¢; from the equation:

AVGDST, = AVGDST, *(N, —1) + DST,

N.

(iv) Call: gather(Ci, q)
(v) End if
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Algorithm #13: VMDBSCAN Algorithm
Input: D,Eps,Minpts, 1

. Begin initialize n
.Fori=1ton

d; <« density(x;)
. End For

. Class «<— DBSCAN()
.Forj=1toc

Cj « core(X; )

. End For
.Fori=1ton

10. E; = ¢; — density(x;)
11. Forj=1toc

©CONOUNDAWN ~

12. Eic = ¢j — density(x;)

13. if Ei. <E;

14. vibrate the point
15. else no vibrate

16. End If

17. End For

18. End For

19. End // VMDBSCAN
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Algorithm #14: Incremental DBSCAN Algorithm
Input: Old RTree, New RTree, Point

1. Get the Neighborhood Points of the Point in Both
the RTree

2. For Every Neighborhood Point of the Given Point
3. If the Neighborhood Point is a core Point

4, If the Neighborhood Point was not a Core Point
earlier

5. If the Neighborhood Point belongs to a Cluster
6. Add the Neighborhood point to a List
'‘Change' to process Later

7. Else

8. Mark to Change the Cluster Later

9. Get the Neighborhood Points of the

Neighborhood Point and add them into a list Np
10. For every Point in the List Np

11. If the Point is Noise

12. Mark to Change Later

13. If the Point Belongs to a Cluster

14. Add the point to the List ‘Change’ to
process Later

15. Else

16.  Add the Neighborhood Point to the List
'Change' to process Later

17. IF No New Core Points

18. Assign the Cluster 1D as Noise

19. Else

20. IF 'Change' List has No elements Then
21. Assign all Marked Points to a New Cluster
22. Else If Change List has Only one Element
23. Add the Point to the 'Change’ Cluster
24. Else

25. Update All the CusterID

26. End // Incremental DBSCAN
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Algorithm #15: VDSC Algorithm
Input: D, Minpts, o

1. Initally all data points (SetOfPoints) are
unclassified.

2. Calculate core distance (sc) of each data points and
initially all data points are unclassified.

3. Calculate the Average Core-Distance (avg_CD) of
core-distance.

4.ForifromltoN

5. Min=9999;

6. ForifromltoN

7. Point =SetOfPoints.get(i);

8. If (Point.getCore() < min && Point.Classified== -1)
[//Point.getCore() returns the core distance of Point.
9. Min=Point.getCore();

10. If(Point.Classified == -1) then

11.  Point.Neighborset = get_neighbors();

/I get_neighbors() returns the neighbors of Point.
12.  Assign Point.Classified=0;

13.  Assign Point.ClusterID = cl_id;

14.  Assign the cl_id to all Point.Neighborset.
15. o = calculate();

[lclaculate() returns the Extended Core Distance
16. Expand_cluster(SetOfPoints,Point.Neighborset,
Minpt, o )

17. End If

18. cl_id++;

19. End For

20. End // VDSC

/I Expand_Cluster Function
Expand_cluster(SetOfPoints,Neighborset,Minpt, & )
21. count = Neighborset.size();

22. For i from 1 to Neighborset.size

23. Point = Neighborset.get(i);

24. If(Point.Classified == -1)

25. Point.Classified=0;

26. Forjfrom1toNdo

27.  dist=Calculate_dist(Point,j, & ,Neighborset);
28. Ifdist!=0

29. X.add(dist);

30. Endif

31. End For

32. If(X.size >= Minpt)

33. Assign cl_id to all points in Neighborset;
34.End If

35. End If

36. End For

37. If count = Neighborset.size()

38. Assign NoiselD to all points having cl_id;
39. clid=clid-1;

40. End If

41, End // Expand_cluster
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Algorithm #16: Revised DBSCAN Algorithm
Input: D, Eps, MinPts

1. Clusterld=1
2. For x; in data set
If x; is UNCLASSIFIED
ExpandCoreCluster(x;,Clusterld)
If ExpandCoreCluster successful
Clusterld=Clusterld+1
End If
End If
9. End For
10. For Xyorder in the border list
11, Nggs(Xoorcer)=Retrieve_Neighbors(Xperger,EPS)
12.  Assign Xperger to Clusterld of the closest core
ObjECt in NEps(Xborder)
13. End For
14. End // Revised DBSCAN
/I ExpandCoreCluster Function
ExpandCoreCluster(x;,Clusterld)
15. Seeds=Retrieve_Neighors(x;,Eps)
16. If |seeds|<Minpts
17. Mark x; as noise
18. Return without expansion success
19. Else
20. For all x; in seeds list
21.  Ngg(x;)=Retrieve_Neighors(x;,Eps)
22.  If |Ngu(X))| = Minpts // x; is a core object
/I further cluster expansion only for a core object
23. Assign x; to Clusterld
24.  Add all UNCLASSIFIED in Ngps(X;) to seeds
list
25.  Lable UNCLASSIFIED and noise objects in
Neps(X;) as BORDER objects
/I Note : the noise within the neighborhood of a core
object is labeled as a border object
26. EndIf
27. End For
28. Return with expansion success
29. End If
30. End // ExpandCoreCluster
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Algorithm #17: O-VDBSCAN Algorithm
Input: D

1. Calculates and stores k-dists of all objects for every k
in a given domain (initial domain).
2. Calculates the overall change rate of k-dist:

n
Ade= Z (djk+1-0ij )
J=1
3. Finds the first that exceeds the defined threshold.
4. Apply VDBSCAN with the k selected in (3) on the
dataset.
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