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Improved DBSCAN Clustering Algorithm Based on KD Tree

CHEN Wen-Long, SHI Hong-Wei
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: To tackle the problem that density-based spatial clustering of applications with noise (DBSCAN) clustering
algorithm is increasingly time-consuming with the increase in data volume, this study proposes an improved DBSCAN
algorithm based on a K-dimensional (KD) tree (hereinafter referred to as KD-DBSCAN). The KD tree is used to divide
the data set, construct the neighborhood object set, and distinguish the noise point and the core point 1n advance to avoid
the calculation of the noise neighborhood set in the clustering process and speed up the neighborheod set query of the core
point object. In this study, the global positioning system (GPS) data of a ﬂaning caris used as experimental data to
compare the traditional DBSCAN algorithm and KD-DBSCAN algorithm in aspects of the clustering effect and time
performance. The experimental results show that the KD-DBSCAN algorithm is comparable to the traditional DBSCAN
algorithm in the clustering effect but has greatly improved time performance.

Key words: clustering; density-based spatial clustering of applications with noise (DBSCAN) algorithm; KD tree
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1) Initialize all points in D are unvisited

2) Select a point p in unvisited

3) Mark p as visited

4) Set N as Eps-neighbor of p

5) if size of N = MinPts

6) Create a new cluster C, and put p in C
7) for each point p EN

8) If p in unvisited

9) Mark p as visited

10) Set N as Eps-neighbor of p

1) if size of N = MinPts 1 %
12) Put those points in N "
13) endif t -

14) endif | \

15) if piis not yet a number of any cluster
16) Putpto C

17) " endfor

18) else mark p as noise

19) Until all points are marked as visited

2 KD-DBSCAN &%

411 DBSCAN S8 2 BV 1 /E iR AT I R I 2549
AN BHRFEA, SEOCE BADERTFE I, FIt,
T 58 2 2 B A0 P A 200 10 B3R 465 ek 0 AT Ak
T DL PR R 40 o I AR AR, YR 4 i 4
FIF ). SR KD R I R B0 45 5 56 B0 4T
f14%, 0T KD R J T 00 8 1 A7 M R, B A
BLEE & B U X R AE KD W I R B8 IR %, 7 AR
{1y 3o 5 ot T A, B G T A R Y R P A R AR
R I R R4S

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

2022 4F #5314 H2 http://www.c-s-a.org.cn H B &% MNA

AN D

v

wPiRIESE D, ik |
BRI S p, A |
LABIEE N

FRICIEF

Hop MAHTE C

v

o | AN HIEFERS |
o KM q =

W g B4R |
AN

KB

VAT 4RI N .
FIN', Kt g Ti0 quj)l{liﬁ
A& C A% C

BT —A

K1 DBSCAN e

2.1 HHEBER il RS 60 77 TR R SR Z5 4. % F- 1 Bentley!"”!
KD #fJ& K-dimensional tree HIZES, & — FPESE B, HFBE0E ST K gesmrh it i, 2 — M

Software TechniquesAlgorithm #fF4 AR« 5%: 307

© TEREERIREGSTT  hiip:/iwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 21

PRI = XA R, B s — E 0 N — AN AR
G5 XA FA O — 4RI BE AT R 22, KD Wi 4
I 2 0 R HEA B R 1M i K 4k R M. KD W
HE TR 4G 8 4R FE BB /N T 8270 R T A TR
KT A, A4 ), s —HaE & {2,
11), (9, 12), (2, 13), (12, 12), (11, 14), (10, 10), (15,
13) b0 HodkAT KD M4 ki, 75— R i et s — 1
YEFE b B AT HE R, ¥ Ta) B0 A 1) s AR AR A
an (10, 10), BEH 28 R0 23 AP AN X I, Ao i) ¥
HAREAN2, 11), (2, 13), (9, 12)} (EE — N EE ERI%L
EENFARTE &, AR {11, 14), (12, 12), (15, 13)}7E
AR EBUE AR TR A B E A A T
W ER S 2 ANYERE b 1RO AT HE 7 9 ik o R] 4

FE TR LA (9, 12), 4 THER A (15, 13) 20 B Faa A

AT, FUSS 3 2 LI FUES —AEREAT L RUIES T 2 Oy

Haits AR !
"

- N [ = N

- R = R

PRy R [ 211 ] I 213 ][12,12 ] [ 1, 14 ]

2 KD

22 BUEMEXLR
HF KD #8006 Bl G2 047 40 3, A8 3R R AR

AR 1 A R, T R 8, SR A

FEUFH KD W HEATHE 40 S 2R, 4R UL F7 A MR A R H
ARIHA, B 55 0 £, 100 T A SR, IR
0 25T 5 S ORI TR R Wi s KD W75 57 98
1] L 7 2 4R P, (LR SR RO, T B
T LR A AR R AR YR, DR R R A,

(1) KD i ik

A MR S5E K Y78 ) 0P 4740 B1F RO KD RIHY
T, e LR 0 R AT
R, R E IR A0 RS 4, MR B 4 TR,
Fe T S FE ORI/ TR e e
B, A TR 7E TR R R R, 7R
2 ANAEFE ERPECHE RIS 2 A BYE QAT HEY, A E
IR K00 1 TR R A 4, R ST, PR M 5%

308 A H A% Software TechniquesAlgorithm

B FIF KD B4t DBSCAN B2 g it m] K 45035k (1 1) i
4 E HOM?) B 2 0(nlog, n).

() BERRABLE T RES

FIFH KD B EAT 401 0 2 i), 1D B ke T

SR ST D7 T30 v L, A KD R AR A
FFUE B4R T AT £, LR o 4 — R 4
B 2572 SLR S0 B A 1 A A R U 2 TR
4R, 00 R S0 1 P 6 T A A2 T
FBE B S AL dist(X, ) <Eps, AN R IE )7 TEs 2
1 L 22 Wk T Eps Y48 00 0 6 PR, 9 0 o %
RN 3 i, 0 b 3R 4% 1 KL S SR I %
Y neighbors A 2o, 45 KO 28 — A B i
Key HFMe— bR o, Wi J5 neighbors(Key,) %
U {Key,Keys,-- ,Key,}, F 8 & Key 5 AE Eps
AR LA BB S5 Keya, -, Key. 5035 30 L )
2 haversine B "Y, AR A0 F:

d = sin® (0) + cos (lat1) x cos (lat2) x sin® (w) (1)

lar2 — lat1
— @
2—lonl
W= lon2 —lon 3)
2
.
o
®
.
PETEITELIEY Eps weeveeaees
°
®
o
®
B3 IEJIRIAYS Eps A2 RV
PR R R A
dist(Py, Py) = 2 X R x arcsin(sqrt(d)) 4)

Hodr, R NHERNAR, larl, lonl A lar2, lon2 43 WX P,
P, W S5 A, dist(Py, P2) N Py, Py P f 2 [T P .
(3) KD-DBSCAN %2
¥ E— B BB AR RGP KE R T

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20224F #5314 21

http://www.c-s-a.org.cn

i H AR SN A

T MinPts PR s T35, B len(neighbors(Key,)) =
MinPts [EHE 55 08I SR A fUORE— 5 g TR
I [A].

SR 2y Dy AR N 53 2 RARLI: 3.
S5 2. M9 KD W

CreateKDTree(points, tree_depth):

1) /AR RS PR B SR R 4

2) axis = tree_depth mod K

3) /R FEE axis 4EE I R BV R TS AT KD #HE

4) select median by axis from points

5) /R3S R AN TR

6) node = median

7) node.left = KDTree(points in subList(0,median),axis, tree_depth + 1)
8) node.right = KDTree(points in subList(median + 1, points.size()),axis,
tree_depth + 1)

9) Return node

=

9% 3. HHARIE YT S 454 find neighbors(kdiree;node,eps)

1) /38173745 4 node, 4% Eps KN G H
2) bounding = getboundiﬁg(node, Eps)

3) Set bounding_max as the max value of bounding

4) Set bounding_min as the min value of bounding

5) g = deque(kdtree)

6) while size of ¢ >0

7) current_node = q.popleft()

8) if is_inbounding(current_node, bounding)

9) if haversine(node,current_node) <= eps and current_node.

key!=node.key

10) Put current_node into neighbors
11) endif

12) endif

13) Set axis as current_node’s axis

14) if bounding_max[axis] > current_node[axis] and bounding_

min[axis] > current _node[axis]

15) and current_node has rightTree:

16) g.add(current_node.rightTree) N a

17) elif bounding max[axis] < curre}ltinodie[axis] and bounding_min
[axis]<current node[axis] .

18) and current_node has leftTree:

19) g.add(current_node.leftTree)

20) elif bounding_max[axis] >= current_node[axis] >= bounding_
min[axis]:

21) if current_node has rightTree

22) q.add(current node.rightTree)

23) endif

24) if current_node has leftTree

25) g.add(current_node.leftTree)

26) endif

27) endif

28) Return neighbors
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