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Abstract: Most spatial clustering algorithms deal with the objects in Euclidean space. In many real applications,
however, the accessibility of spatial objects is constrained by spatial networks (e.g. road network). It is therefore
more realistic to work on clustering objects in a road network. The distance metric in such setting is redefined by

the network distance, which has to be computed by the expensive shortest path distance over the network. The
existing methods are not applicable to such cases. Therefore, by exploiting unique features of road networks, two
new clustering algorithms are presented, which use the information of nodes and edges in the network to prune the

search space and avoid some unnecessary distance computations. The experimental results indicate that the

algorithms achieve high efficiency for clustering objects in real road network.
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1. Edge-based-cluster().
’ f &
Q: , ()
Begin
1. for (nwny) do  /* */
2. (nw,ny) C, cid;
3. for Cido /* */
4, o G (nwny) 1 ;:0.cid=C;.cid;
5. if Dd(0.pos,ny)<ethen  (ny,Dd(0.pos,ny)) Ci nodelist
6. nexto (nwny) o ny ;C=C;;
7. while nexto<>null do
8. if Dd(0.pos,nexto.pos)>¢ then
9. C CB; CB,C=CBy;
10. if nexto (nwny) AND Dd(nexto.pos,n,)<e then
11. (ny,Dd(nexto.pos,ny)) C nodelist ;
12. o=nexto;nexto (ny,ny) o ny
13. o.cid=C.cid;
14. for njdo /* */
15. Q ;
16. nodelist n; (), n; Q ;
17. ifQ then
18. Ci Q G Q ;
19. while Dd(C;,n;)+Dd(C;,n;)<s do
20. C Ci G nodelist Ci nodelist ;
21. if Q thenC; Q ;
22. else break;
23. for n; n, do
24, if  (n;,n,) AND Dd(C;,n;)+W(n;,n,)<& then
25. (n;,DA(C;,n;)+W(n;,n,)) Ci nodelist ;
End
; : ( 4 -
13 ). %)
2.13
() ( : ). :
, , &
. 1) 12) :
: , , (
) & ,

© PEEREBEAD

http:/ www. jos. org. cn



& ;e-dist
( ).&-dist

1 1

(

’ 1

P ( 2325

{J2};,CcB6
I J
., CB2 CB1
1, 12 2.
c1, c1 J 1,
Q ,
32, J2
32

337

&-nodelist, (&-node, e-dist), :g-node
g-node
g-node )
, g-nodelist
g-nodelist ,
. 1
511,12 ). , £ ( 20 )
= 1 , £ 10,
CB1,CB3,CB4 {J1};,CB2 {J1,J2};,CB5
{J2,J3}. , CB1,CB2,CB3,CB4
Q ., {CB2,CB1,CB3,CB4},
10, C1, {J1,J2}, Ci1 A
Q CB3 3+1=4 10, CB3
Q CB4 , CB4 c1 , ,
J2 , CB5,CB6 C1
, Q {C1,CB5,CB6}, CB5 CB6 C1

Fig.1 The merging of clusters
1
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2.2
221
( DBSCAN(density based spatial clustering of applications with noise)
& , MinPts ,
) £ )
, , [13] &link
&link ' :
222
: (
€ ) , :
&, y
&, .
2. , Find-cluster(n;).
) n;, &
: n; .
Q: , B (nodej,node,,dist). (node;,node,) node; dist.
Ndist[n;]: ,
Begin
1. forn; n,do /* */
2. 0 (ni,n,) 1 ;
3. if (o<>null AND Dd(0.pos,n;)<e) OR (o==null AND W(n;,n,)<¢) then
4. 0o n, n (ni,nz,Dd(0.pos,n;)y  <n;,n;,W(n;,n,)) Q ;
5. ifQ then C, cid;
6. while Q do /* */
7. Q 1 B;n=B.node;s;n,=B.node,;
8. if B.dist<Ndist[n,] then Ndist[n,]=B.dist;
9. o] (ny,ny) 1 ;
10.  if o==null then Ndist[n,]=B.dist; Goto 19;
11.  if Dd(0.pos,n,)+Ndist[n,]<e OR 0 Ny then
12. o.cid=C.cid;clustered(o)=true;
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13. nexto (nwny) o ny ;
14. while nexto<>null AND Dd(0.pos,nexto.pos)<e
15. nexto.cid=C.cid;clustered(nexto)=true;
16. o0=nexto;nexto (nwny) o ny ;
17. if Dd(0.pos,ny)<ethen
18. if Dd(0.pos,ny)<Ndist[n,] then Ndist[n,]J=Dd(o.pos,n,);
19. visited(n,)=true;
20. for n, n,( n,) do
21. 0] (ny,n;) 1 ;
22. if (o<>null AND Dd(0.pos,n,)<g) OR (0o==null AND Ndist[n,]+W(n,,n,)<e) then
23. o n n (ny,n;,Dd(0.pos,ny))  (ny,n,Ndist[n,J+W(ny,n,)) Q
End
Find-cluster() Q
.Q ] Q . Ndist[n;] n;
g 11'%¥). :
& ( 34102223 ), .
J1 1 , ¢ 10, J1 p1,p2,p9, p10,
J1 10, J1 ,
Q ., ((91,92,1),(J1,36,2),(J1,J7,3),(J1,J5,5)); ) Q (J1,32), 1 p2(
J1 ) C1, J1 1 Ndist[J1] p3, p2
10, p3 c1 . p3 J2 10, J2 J2
Ndist[J2]. , J2 , Q Q ((J2,38,2),(J2,J3,4),(J1,16,2),
(J31,37,3)(J1,J5,5)), Q (J2,38) , 1 p7  Ndist[J2] 4,
10, p7 c1 p13, p7 10, p13 C1
pl4d pl3 12, 10, (J2,38) . Q (J2,33) ,

J3. , J3. (J3,38) (J3,94) Q , ,

10 c1 (J1,32) ; , Q ((J1,36,2),(31,J7,3),(J1,J5,5)).
Q (J1,36), pl  Ndist[J1] 3, 10, (J1,36)
c1 . , Q , J1

C1
£ : ( )
[7] DBSCAN [13] &-link & ,
&
& ,
3
3.1
N, ,
( , ) , :
O(|V|log|V[+N), Vv , N
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) 3
1) ,
2) & y ’ ’
; £
3) , ,
) :
) 3
1) g
( ),
2) , .
3) :
, [13] single-link ) ) )
, , [13] &link
3.2
3.2.1
Pentium(R)4 2.39GHz CPU  256MB PC, Linux ,
C++ . Yiu [13] ,
Oldenburg San Francisco
Yiu
, . , :K,ptNum  olratio, K
;ptNum ;olratio . ptNumx(1-olratio)
, K ( ptNumx(1-olratio)/k ). ,ptNumxolratio
,  K=10,ptNum=100000,0lratio=1%, 10 , 9900
, 1 000 .
, (x.y) (edge,pos)
3.2.2
, ( eb-cls) ( nb-cls)
DBSCAN!"! Yiu e-link( e-link)  single-link (23] (
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k-medoids , ). ,
, ( K) ,
(ptNum), , ; ,
; ) &
( : ptNumxolratio , ). , ptNum
100 000,olratio 1%,K 10,20,50,100,1 000,
, ( K’)
(ObjNum;) ( MAPE(mean
absolute percent error)).
j— ObjNum,
MAPE = =Y i - iNum,__ (| @)
k" == ptNum x (1—olrat|o)/k|
1. ,.eb-cls  nb-cls ,
10 DBSCAN,&link  single-link ,
Table 1 Comparison of clustering effectiveness
1
K Cluster effectiveness measure DBSCAN &-link single-link eb-cls nb-cls
10 K’ 10 10 10 10 10
MAPE 0.000 27 0.000 27 0.001 57 0.004 93 0.005 76
20 K’ 18 18 18 19 19
MAPE 0.111 56 0.111 56 0.107 90 0.047 84 0.045 54
50 K’ 48 48 48 48 48
MAPE 0.042 49 0.042 49 0.040 17 0.022 69 0.020 57
100 K’ 95 95 95 98 98
MAPE 0.053 85 0.053 85 0.052 66 0.014 50 0.013 31
1000 K’ 958 957 961 952 956
MAPE 0.056 75 0.055 78 0.050 42 0.008 02 0.002 62
' 2 3
K , DBSCAN elink  single-link
:eb-cls  nb-cls DBSCAN 5 DBSCAN
, ; &link  single-link .eb-cls  nb-cls
1~3 i .eb-cls  nb-cls
, nb-cls b K , eb-cls
4—DBSCAN B— nb-cls eb-cls ——e-link —A—single-link nb-cls —%— eb-cls
15000 1200
= 12000} 1000+ ./.\././.
E ‘\‘\./’/ £
£ 9000 e 8008 A A,
s T 600
S 6000 % e x
g 3 400f ——
W 3000+ B g0l
0 ry Al r r AN 0
10 20 50 100 1000 10 20 50 100 1000

Number of cluster: K
Fig.2 Comparison with DBSCAN in different K
2 K DBSCAN

Number of cluster: K
Fig.3 Comparison with &-link, single-link in different K

3 K &-link,single-link
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, Oldenburg (
6 105, 7 035) , , . K
50, 4 5 ptNum 20k,50k,100k,200k,500k,1000k  ,eb-cls  nb-cls

DBSCAN elink  single-link . : ,

,DBSCAN g-link single-link eb-cls nb-cls ;

,DBSCAN . 4 ,single-link ,
&-link,eb-cls nb-cls . ( 1000k ),
eb-cls  nb-cls . ,nb-cls ,

eb-cls . San Francisco( 174 956, 223 001)
. , 3 6
: , ( )
€ y 5 &
, eb-cls  nb-cls X ptNum 100k, K 20,
San Francisco , 1422, 86 069, & 50,100~500, 7
. & .2 &
£ . , & 200
—e—DBSCAN  ——nb-cls eb-cls —m—e-link —aA—single-link nb-cls —¥—eb-cls
150000+ 10000

g 120000 2 8000

§ 80000F E 6000
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|.% 30000+ L% 2000
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Fig.4 Comparison with DBSCAN Fig.5 Comparison with &-link, single-link
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4 DBSCAN 5 elink  single-link
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= 25000 = 2500

% 20000 % 2000
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Table 2 Effect of different & on clustering effectiveness

2 £
¢ Cluster effectiveness measure eb-cls nb-cls
50 K’ 10 10
MAPE 0.721 39 0.577 69
100 K’ 19 19
MAPE 0.346 49 0.510 70
200 K’ 19 19
MAPE 0.034 93 0.002 41
300 K’ 19 19
MAPE 0.047 85 0.045 55
200 K’ 19 19
MAPE 0.047 86 0.047 58
500 K’ 19 19
MAPE 0.047 84 0.047 67
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