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Fast Density-Based Clustering Algorithm for Location Big Data
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Abstract: This paper proposes a simple but efficient density-based clustering, named CBSCAN, to fast discover cluster patterns with
arbitrary shapes and noises from location big data effectively. Firstly, the notion of Cell is defined and a distance analysis principle based
on Cell is proposed to quickly find core points in high density areas and density relationships with other points without distance
computing. Secondly, a Cell-based cluster that maps point-based density cluster to grid-based density cluster is presented. By leveraging
exclusion grids and relationships with their adjacent grids, all inclusion grids of Cell-based cluster can be rapidly determined. Furthermore,
a fast density-based algorithm based on the distance analysis principle and Cell-base cluster is implemented to transform DBSCAN of
point-based expansion to Cell-based expansion clustering. The proposed algorithm improves clustering efficiency significantly by using
inherent property of location data to reduce huge number of distance calculations. Finally, comprehensive experiments on benchmark
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datasets demonstrate the clustering effectiveness of the proposed algorithm. Experimental results on massive-scale real and synthetic
location datasets show that CBSCAN improves 525 fold, 30 fold and 11 fold of efficiency compared with DBSCAN, DBSCAN with
PR-Tree and Grid index optimization respectively.

Key words: clustering analysis; density-based clustering; location big data; Cell grid; cell-based cluster
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FEIEATY 2828, HI3h AT EXPANDCLUSTER() Bf #5.cid R 7 WA & I bR 1R 45 ,CC A% RS 4.

E 3% 1. CBSCAN HiLHESE.

Parameter : Eps and MinPts

Input : Dataset D.

Output : cell-clusters CC.

Algorithm :

1. Get set of Cells according to D; cid < 1; CC « &;

2: foreachpeD do

3: Get Cell G « p.coordinate;

4: if G.cid ==UNCLASSIFIED & & p.cid ==UNCLASSIFIED then
5: Create cell-cluster C «— Cluster(cid);

6 if EXPANDCLUSTER(p,G, D, C, Eps, MinPts) then
7 cid ++;

8 end if

9: endif

10: CC <« CCu{C};

11: end for
12: ruturn CC;

2475

S5 2 45t T EXPANDCLUSTER() B K0 ) 52 LI e, 12 0ed A0 o o7 B8 e P 2% 82 SR SIS 49 13 xR Al 0 A6 1)
PR E S, I RS G 2 1 A HEAb A% W12 L AT PR A5 G oAb A% I BEA T % P29 i (o 2 47~26 21

AT); T3 0K A p B AR AR A p IR AR LR R AR T SR PR A Ak B R
B 3% 2. EXPANDCLUSTER B %]
Function EXPANDCLUSTER(p,G, D, C, Eps, MinPts).
1: if Y |G|= MinPts|| > |innerCells(G) | = MinPts | p is a core point then
2: EXPANDCELLS(G,D,C, Eps, MinPts);
3: outCells.add (outerCells(C.XGs));
4:  while outCells <> Empty do
5: G « outerCells.getFirst();
6 if G.cid <> C.cid then
7 foreachpeG do
8 if dist(p,C.XGs) < Eps then

9: if p is a core point then

10: EXPANDCELLS(G, D,C, Eps, MinPts);
11: outCells.add (outerCells(C.XGs));
12: break;

13: else

14: C.BPs.add(p); p.cid « C.cid;
15: end if

16: end if

17: end for

18: end if

19: outCells.remove(G);

20:  endwhile

21:  return true;

22: else

23:  pcid « Noise; return false;

24: end if

052 4T~ 2L ATROR T MRS IR I R B Sk A ey o Wb A MU A% G 1EATd B8, 1 EXPANDCELLS() 8% 30 it
7RG 0 12 G AR AT AR BE,C.XGs R PURE % C 1157 HEAL I 4% ,outerCells(C.XGs) & 7~ C (1 i 4 Ft MK,
BV AT HE A A (1 41 BT P9 A% 4 outCells T - A7 fifs T ZEAG WU 149320 J A 0 T30 R AS o (9 467 8 A p an SR 0 p
A2 HE A PR P AZ O S AR T (58 8 4T), ) p — o B TSR C 35 i p AEAZ .0 A0 p s C I 5 S (GR 14 47);
A1 0 p AR RS T — 205 p BEAT HEA A BD P AT EXAPNDCELLS() & 4. 55387 outCells %12, i 25
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S A

9 17~ 12 1T i,

EXPANDCELLS s 4 an 574 3 /R, innerCells(G) & /k M 4% G (1) 9 AN HHAB A% (47 G [ £),Gseeds A ¥ &
WA 53 45 G O HEA % (XGE R XGP), M4k £L4™ REAH SR I (55 5 47 ~58 11 A7), % W, by £, 5 P A, AN - 1)
Ly .

3% 3. EXPANDCELLS i .

Function EXPANDCELLS(p,G, D,C, Eps, MinPts).

1: C.IGs.add(G);C.XGs.add(G);Gseeds.add (innerCells(G));

2: Gseeds.remove(G);

3: while Gseeds <> Empty do

4 G « Gseeds.getFirst();

5 if Z| innerCells(G) | = MinPts then /G e XG*

6: G.cid « C.cid;G.core « true;G.XGs.add (G);

7 C.IGs.add (G); Gseeds.add (innerCells(G));

8 else if Ip € G, p is a core point then  //G e XG?

9 G.cid « C.cid; p.cid « C.cid; p.core <« true;

10: G.XGs.add (G);G.1Gs.add (G);
11: G.seeds.add (innerCells(G));
12:  else

13: G.cid « Cid,C.IGs.add (G);
14:  endif

15:  Gseeds.remove(G);

16: end while

23 ERENH

WAL E B A n KA Cell 2 KI5y Cell WA E i S m, e 7 Fd St r LU Ay o, TR0, e 75 R 3 9 A
HEON @58, RIS RS (R R 8] 52 2% 5 0 O(n); FL 0k, X T F 1 21 (1) W 75 B a0 7 ot JE 7 PR AT 97 e, DU 41 1 ek L i
PRI S5 A 2 U4 36 A Cell #s, BT LAB SR B M) 52 2% B 24 O(aen-36). %60 T HEA I A% (114 i S i 72, 757
SN AR EAT 3 4 B R R I TR B2 A% B2 2R O(c-m), Horh B ¢ 7 R AR A 1o A o 17 A A 0 A
(1S SAS, 6 1 XG et AN BE T 9 AN WK A B AR T XGPSR ¢ e i ol 14 36 SANE K
DR L, S 2k 5 ,CBSCAN 1 IR 1) 52 22 2 2 O(n)+O(c-m)+O(er-n-36). F T~ 1w 25 JBF X 458 1) Al 193 % A6 1 1 Ceelll
P S 43 AT, 40 1 D R P AT ) T AR O M B TV SRR o S I P I R A e R R,
D ARG 2 BRE T BRI R X, 98D T 4R AU A RIS )58 4.3 5 MR s it 4 A UE T i A )
AL AT

3 KBRS

A5 CBSCAN IS KA MRS R AT T 454 LB 1F A%, JF 5 DBSCAN. RH] PR-treel?I 25| {14k 11
DBSCAN(C i RDBSCAN). %M Grid®2 5114k (1] DBSCAN(C 2 GDBSCAN). k-means??. 5/ B b 86
2% MSTE 2 GGRAMEAT T % L4 0T A7 2030 1 Java SR, 5236 - & 5% FH 2.2GHz &% E5-2660 AbBH 2% 16G
P A7, Windows Server 2012 #:1E £ 4.

3.1 KIEERFMIR A&

o SIGH

SC6 SR I BodE L3 1,Aggregation~t4.8k g 7 MUIEATRIEIR . AN [F) 35 BT RIBCR R 1 — 47 B B s 4
Horfr AggregationS 4% 7 AN JE v 0T 43 AT 14 58 25 5% ; Compound M, £ 6 AN [RI TR 1K &5 2 5 45 4 TR 2 T AHE
AR AR [ 25 3 8 (10 55 0 Flame D £ T 2 AN 1 3 B2 2 45 9 Pathbased P8 Ma 45 1 AN R 1 2 4 P 1k (1)
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0 07 A RUB T E 15 AN /N RABA IR T 1 2 2 A 4 ke, D39V ey 31 A o 2 52 Ay 1k t4. 8K B ey 7 AR [l I
R HAHIRE, JF H A5 2% T R M 75 11 55 52 AR AL 1.
Table 1 Description of experimental datasets

x1 SR H RS

Dataset # of points Dimension Classes Parameters
Aggregation 788 2 7 Eps=1.7, MinPts=10
Compound 399 2 6 Eps=1.4, MinPts=3

Flame 240 2 2 Eps=1.4, MinPts=10

Pathbased 300 2 4 Eps=1.9, MinPts=3
R15 600 2 15 Eps=0.5, MinPts=15
D31 3100 2 31 Eps=0.6, MinPts=15
t4.8k 8000 2 7 Eps=10, MinPts=20
MG1 41 650 2 12 Eps=20, MinPts=20
MG2 120 000 2 50 Eps=20, MinPts=20
Road 434 874 2 Unknown Eps=0.05, MinPts=100

Taxil 1194 976 2 Unknown Eps=0.005, MinPts=20

Taxi2 2148 225 2 Unknown Eps=0.005, MinPts=20

Gowalla 3635 468 2 Unknown Eps=0.04, MinPts=200

Taxi3 9872 768 2 Unknown Eps=0.003, MinPts=200

MG I MG2 2 3R FH R £ v JTAR 25 24 ke 1) 1 A B8 4 22, 4 3040 5% 4.16 J5 A1 12 J7 AN EHfE 5. MG 1 12 4
HOREA ] 853 M (0 3008 # B, MG2 T 50 M RETR . 3 40 3 it 7 % 1) %% 1 #2411 ROADP {1 75 2 43
T B SRR K B P22 b H A 4 i D3 B A R SR Taxil, Taxi2 1 Taxi3 i ok A 8 W g 53 Bt
¥) T-Drive il [ % T-Drive SR 4 T b5t 10 357 it fL %2 — & A 1H) GPS ¥4, Taxil $2 50 T b5t FLFR LA 5 T4
HALZE 8 /NINHRIAL B B, Taxi2 3RECT 1 JIitHALZE 8 /NN AR B 5 ds, Taxi3 $EX T ATt R 242 5 % (47
Hi . Gowalla 545 Bk 134 5l 448 B3l Gowalla f¥) 20 J5 JH F1 7E 2009 4F 2 F~2010 4 10 J fil )25 1) fir 8 504,
SLALHE 644 J5 A7 B T FRATHR I T 7E S8 BT A (047 A, K2 363 J5 A AL

o MKy ik

T WUESVE A Rt E Aggregation~t4.8k &5 7 AN FEMERUR AR EIX T DBSCAN. GG. k-means. MST
Ml CBSCAN 75 4k B SR 28304 VA5 719 R F 55 DBSCAN S8 45 B LA 105 2. 7 630 52922 0 v 2 vk 78
MG1~Taxi3 2 7 AN KA B RCHE 48 I T T4t 7 V2 R0 b B39 110 SR 2 15 1) 5 B (CPU I 1)) 1 P A7 1
PEAL T S35 1R R0 % T i N 5 850 R
3.2 HRT

TEHMER A ERRR SR NE 3 J7R,CBSCAN &5 DBSCAN e[l —%dli i FoR AR 240 W3R 1.k-
means [ 240 k ¥ & 3 1 o 280, 5/ NE OB 503411 cut-off 224055 Eps HIH,GG 7E 3K 1 JEHERR4E -
Z: RO Y R :(40,60),(40,60),(30,60),(26,60),(76,40),(120,200),(115,40), 55 1 NZ% n J & 4ERI5 B A% B B0,
552 ANZH m Ay E R R [ A

R T AET 53 3 A A [ B E RN TR e 75 AN [R] 1R % AN B mT LA H,CBSCAN AJ LUK LA DBSCAN AH 7]
[ 4 K, 5 FLBE VU3 e 75 LI 2 R ) CBSCAN ELAR I FH W s 7 g (E 2 S A 5 P AR T 1R 00 R U8 T RE 1 2%
JERIETi10:.GG HRIR I m AN oo 2 52 11 0 s, SR SR FH 15 B 100 A 200 I A 4™ Ji, 2R 18 20 R 7 J A T P At Kl 4
LI LA SHOHE 23 A W /E. Aggregation it 42, 1R MENS A U P AN 550 25506 R15 b, IR REAR AR A 38 AH 408 % DX 3 43
TFifE D31 _ERBLE W) e Compound $dh £z b ARSEIX 43 A2 b A O S HTE BRI AS T £ AT S 1R 75
5 VRS2 /DN 1 D g A B TR o A A, 1T R RS VR T M AR B R ) t4.8K Kl I
GG AR M X 43 AF T [ 508 2K 15 0300 5 1) e 75 K5t K-mieans TG 122 2 AT 2 0K 1) 8 200 1 161 3 i 7, 159 30 S 25 1
TEARAL [ 1y B 2 BRI MST 4 5088 £t 17 B 25 26 BB 45 40, R cut-off 225078 31 2 A%, e IR REAR Mk X 43 AH
A1 1) f% 45 ¥4, Aggregation,Compound H415 5 45 B2 X 4y TTAH 408 (14 7% 45 b, ) 75 162 5 458/ 1) cut-off AR (FL ] i 25 7
AR 22 AN AR D R (T B 75 ) 50K — AN 4 1 22 S8 43, 1 R15 il Pathbased JiT 7.t 41 MST . 6 7k Ak 22
L 4.8k 1) I 7S A



2478 Journal of Software #k4+373R Vol.29, No.8, August 2018

iy

DBSCAN CBSCAN GG K-means MST

00

°o°°<> Wooe A& 8
0900, 0
0040 00 aigh®
0¥q0 © o A
96007, 90 5G9
00979 00600 4
00 04,0

DBSCAN CBSCAN GG

*
3
%
&
t 5

a 884, . .
. 4 INSETN La b .
A Aabapaad . .
A AA sy 5BA A . .
a a AAAAA .
A Aagias® a . . >
- . A apgetan . bbb
N
o . a0 aga s, ALl L ICH . b Pp P
RS AAp LA N e 13 . b2
aa” o, aga [ 43e%S . A
.o N Nada
. ST 134
. >Upb BBy DL R B b
PSS A LS
RIS CCSCOCEN
. > kiR e b
. . >[>[>'>§E§[>l>[> .
‘Y A
. >R
GG K-means MST
(d) Flame
%BBE%W&»
o 33

S

5t

DBSCAN CBSCAN GG K-means MST
(e) Pathbased
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Fig.3 Comparison of clustering results (Continued)
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Fig.4 Comparison of clustering results w.r.t. grid size
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Fig.5 Comparison of noise identification w.r.t. grid size
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Table 2 Comparison of clustering time (s)
F 2 REBINHXTLL ()
Dataset DBSCAN RDBSCAN GDBSCAN GG MST CBSCAN
MG1 25.96 8.49 4.56 0.78 3.95 0.62
MG2 136.75 13.31 4.83 1.82 P A 1.49
Road 2 460.97 201.24 60.28 2.41 P A7 1.73
Taxil 14 449 .47 482.34 178.68 30.98 P AF i 38.62
Taxi2 54 706.86 1421.49 516.98 41.59 A A i 78.71
Gowalla X 2 865.52 1020.71 138.06 P A7 i 192.47

Taxi3 X 794151 4262.01 233.81 P A7 Y L 322.02
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Fig.6 Performance comparison w.r.t. datasets
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