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818, BT s A BRSSOk T LS iR LM B R BT 5T

0.2 ZTEBERAZEAFMRAK

23 (6] B A 4 $71¢ (spatial clustering) & GIS
THRERIE(R. B & —FpEUREZH A L, 7T DIRAM
RIFE RIS R (5 BB AIR, R BE
I ERPRESHARE R ERTER W F
G EET ZHN A, B, AR A BT
XM XEENE n NF PR EANEF RS T
O, X PR HE [A) B 4 A R 0 2 (33T P BT %
FRAT I R B AN B . R R e 2K [ R Y 5 ) 3R
R IERRARI A F 0 SRR 5 B T
2 k-39 77 15 (k-mean) 121 H1 k-0 277 95 (k-
medoid) """ k-3 ¥y U7 PR T E L MR KB
A, ETAERBOT, &%, BULHERE kX4,
BAXRIERBHRE L. X TFTRANEAN
X5, TSP RE SO R BE B E A A LUE
B BEMNRAABENREF.L. RE,EH
HEEBIRENRESHIFHE AT —FH
REH0. I BAEER, BBX NP RE
HE T PR OZ L

E=3 Y lx-ml ()

X (1) B0 BESESR ,m BREES
BIPME. k-means LA H R RILE R, X8
EAEREEEREERDN ERS. ERNE
ZER O(nkt) o n BRERIXNRMEEE k2
RERMEAB , EEEERORE EEEHLT,
k<<n,t>>n BFEENERER N EWEE
AR ERERE (B b - T
B EITE AR, MREELSEN
“BEFE” L AR, NAX I E MR A
iGN

BT k- 30 kR S B A R U
R b - P Ak ZHBEARUEIRE
EHPERMNBNEHERIS RS, MU REE
REREAPLHEREIMEERP LR FORTT
BT BB R 2 25 5 B A% o B R 75 450408 B 7
M. (B & ~ b R B k- FHE T R
RIS — HEBERERAR O(n*n). XHf
R T AU MDA R E T R/MUET A =
B35 52 RERBEE SR k- PO SN TER
BE - HEAB N RRESEE MBS
RPN ERERSREINRHEESBEABLY

—RELEG. KRG F AR FOoRAE
RRXT &, AT AW Bk R BB AL k-
medoid *"*! & CLARANS 771 ( Clustering LARge
Application based on RANdomized Search , & -FFf
PURFER REARERIE). AW k- medoid ik
TEB TR MBI A B, FEHETH
Xt BRI A SO SR =5 (B RS EOR  # 3H
BRI 2 BRI B L b, SEBUE A2 G
PRy L

1 M2z )RR R

1.1 NI¥BENKHNTHHEEE

B 4 3 B 2 () B R A LA i I Y
MRAK SR , Pehk 4 R Fr A I e U X R 5%
R LR R R R . A5 SCAZS [ R 2 i
F LR, BT 18] L SRR N B oA B PE AR
PR E BN R R BB EEER, ORI 2R,
PR B RURRRL, Nl 1 . 2 B S R
25 [a] %32 5| 857 (Spatial Data Engineer,SDE)
BN RABEI R LA AR B (B
CIS(KE 1 &) SRR, LI E B Mk
XA B R AT ARG, TEMCEERY Fa] LAt B IR
AL 8] 43 4 Zh A, S5 LR B B B B 2 L
1,1
L1 288 L 7R A

BRI LIER A MD = (D,HM,p,I') .
He,

X1 =56 K L7 e 4

D— a0 WgEREES THh—4
MAHE= (R JE M ND MIN A= [E R & SD A
B,ND C D,SD C D. H+p ND = {ND,,ND, -+,
ND_},SD = {SD,,SD,,---,SD,}. X F i &2 Xt 5
O, WH4EME D, W LIRAR R O(D,).

D(H) = {H Hy,--- HI— HHRKX
RES HH H, 2 D, xR &R K,
H,«H,«H,, .year +—month —day

D,(H) = (By.1:By.rBy.) — HHEME
H&EE Hb,8;,, B4 D,(H) H— R MH,
= D,(H,) HIBRIET%

EX2 ZFEEEITERRNER
M = |NM,SM} 75 ) $0 8 57 7 R
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OB % %

B CHEREEE MM(WE 1T FRFRRK
) Mz R SMOINE | PR SHRIEE”) ,
SM AT “ RN FHIBA E” TR S.

NM = (NM,,NM,,---,NM,) =S [ £ 4
SETT RV BE B R B — R R A, 2RI
BOBAERES

SM = (SM,,SM, ,*:-,SM,,) 2 [ PR
TR R E R ER KRR BN S G5, Flin
MEEXTRALE R B85 %

X3 [EBEE T R B R %

p = (LA(NM), - f,(NM) ) — B R
RPOEHE. B0, F A KR BB FE K2R
B, 53 B Sum (M) , Count (M) 25K

I = (F\(SM), ,F,(SM))— & %t % @]
FEMNRECGEE, FI B S R4 Ser() FHE
BRI Mean( ), 75 [B] #h 1 & & 8 ¥ Cover( ),
Touch( ) ,Overlap( ) &, =75 [6] BE B % & 6 %
Distance( ) %%.

1 EAEaEEIRHSEARNBRIACENERRYEX RO ER

Fig. 1 Spatial data cube of urban emergency management and digital map of emergency spots
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RS R B BER FIdE & B R, S HE
BHE 7 T (R AR AE BE % S8 B R X 2 07 B 3R
RGN, BRI LR GRS M Ry 4
B, SEBUAE R AS (B X R B BUE FE B 20, ’om N
Ay {OLD,(H,) 11 [D.(H)16B; .t —f (NM). Bilin
HLD, Ay AR e (4 |l DX 2 F0 9% & B4 H, 43 3
R BRI KERK,0 A %T" B, WE
SrAIA 41999 4, JuI , B R KK EM” f,(NM) H
SUM() ¥, HMEBEWNEHHE N
Ayij {OLD(H)] | [D,(H)168;.!1 —f (NM).
BPJg (1999 &, db e, ERAREH)(H

V27598

REX S o (VB ST 7 1A ) 2 18] BE Rt kS

=S AR L T AR AF B AT LA R 1% R 2 A
PSR ZE TR P S L IR AE , SEBUAR S 25 R R e
EREEM, RFRHI Ay l0DH)] |
[D;(H,)16B;,.t —F,(SM). FIANEL D, 5+ 51 A Bt |6]
HE X AR S AR 4 s H 203l N 4 BT ALK
KEGAEIZI,0 5T By ., HHE ST H K 1999
A ERARENF(SM) 7 Set() %L,
BB B AR ES W Ay, 100D (H)] |
(D,(H,)]6B;.t —F (SM). BI X (1999 4, dtt,
ERKKEN) - (BRBRER).
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B W BT IR ISR T SR MU 2 L B ST

H R BRI A LA By R R,
BRI T RN 24 LR RAGHRIE, TUR
HHERREFREASTHEREE S, VEEW
ettt 2 Hr R AL EE IR

1.2 MaMm@EWNREZEAPKRIENR

EX 6 = [EHEE Ty AR A 1] B R4

e 3 W, 23 A H0HE S 7 Y 23 18] A R
HFEATHERZANREHETEX R K
R, FERETEHINCRFEANITE. BT UM
RHERRBENR AT EGFER, XEFEEEY
MR SN M EEER. SREIMER R
XERFEWZENRR, FEEHRARSMEIRIER

ZS [0 B2 Z 18] By 25 (8] 56 %R, B 018 7] Touch(x,
hill) R RIME x GIIFRAR, S EFH LT
IHFEIEMEZE Touch() . RP4E Adjacency OB
Contain() FE Disjoin() . E-E Overlap( ) 4.

I 3 X B 1 J R A B S B el L 2 AL F e ik
HERZE. G0 Overlap (=, ILHE) HEERARIE «
SUBE A BES , Overlap (x, WA 1135) EEH
AT EHIE W, B A L3RR A bk o
P ocse. BrLd, = RIFR TN RIB N RA s B
KR, X TR I i 25 R R 1 B M 15 BTt
B BALFBE S AL, R FBEER (Concept tree)

RALMERBEEE, 2ROELITES
AOIM™ 2,

BH#E1 ZEEERHETHZREAINCRIB
WTTE (8 X 6 LA )

Input

1) [BJRIME G A 25 (B $i 4 (Gl i = TRI 44 S 07

AR ERNA S, L
RIBEEI e L5 #Y Ser( ) #24E).
2) e E Xt R B IE T ER S W
Concept tree (i 1 /B 35 851 F MK & 22
FIET ).

3) [a] AR i 23 [H] 4 0 ¢ 2 38 1) ( B g4k (]
B E R ARE, QB SEFEERE §)
m, S EFEREEAE S O ERNTEEKRT
60M Touch(x ,wideroad)” , “ 1~ BE W it &k %
Not-close-to( x, railway)” %.

Output
SRIFINERIFRAES
Method

77 R B B R,

Step 1 Relevant_Themes = Extract_task_
relevant_theme( Spatial Date Cube) ;/ T ZS[E]1 %K
FESL T RERIR GIS AKX BRI E Z.

Step 2 Relevant_SDB = Extract_task_relevant

_objects( Relevant_Themes)/ M= %S |6] [ |2 H ik
HAES X ZRIXNRES.

Step 3 MBR_Predicate_ DB = Find_MBR_
predicates( Relevant_SDB, Taskrelated predicate) ;/
F MBR Jri: B Adi v+t 5 20 A R B AR 56 B 2 1]
N K AR B, MBR 2 GIS " oI5 8] SE R iy B
/J\Jilﬁiﬁﬁ/ RSN R RG] HEE R F

ZEIRR AR S| MBR R ALk, i Al =
I‘ETJXﬂL%!E@ MBR 3§ 4] B B8 X R BT R &R (FE L XX
ik 16).

Step 4 Spatial_Predicate = Compute( MBR_
Predicate_DB ,Taskrelated objects,Concept tree) ;/
KRB R HEE SR, ITEREFENSEES
[EI¥RTIR R IR

2 FTEHEFEXRENASHEGTE

2.1 ZEEEXRHEY

2 (E BE B B9 38 25 R I =5 Rl X R AR AR
Z WM B 3% JL{/BE B (Euclidean distance) #E1Tt
H.OBSEH R, A SR B A SE PR B AR A
RHBEW S EJUTER, RE R RRFFESE AR
FRABERY, WERY, MR, BEAKE B
W, BN RZEEENTERERTH BB E
FEMTERE , AN 1 o 22 DU P 2

EXT HEFEEHD

BRI(L) =N o N PES:
Pt R Vo, AEAREBNEN AL, < i<
n;(2) —HEAMXHERHES 0,0 = {o,,
0,,,0.1, Yo, e R, <i<m,RAN_HTEKX
B EEWLAp Mp, MENBEERTHER
( Euclidean distance) A 2

d(p..p;) = o/ (px —px)t + (py = py)°
(2)
EX 8 WAL EEBYMAELE, NEAH
BRI FRRA d (p,,p) , EREGEIBRYEW
SEI AR, BERY o, B— M hibZinE, H
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P(V,E) RFR,V BIEBESY LN K FRI A
EE:V = {00, 0t EREREZHERN
KRERE = {e e, e, ,HH e, R v, Moy,
ER, < i<k BHRYSHEEFE.: MUREFH
TR

EX9 AT BEFAEERSZE R —R
KR, MRFANBUR R ZBIMNELS P(V,E) Fr
RERM R AL, MR SR A BA T
W MR MBS DER,D = 1d,,4,,
o,d, b URER D M d WEEBd,,d e D,i #],
i,je[l,,n]. Ve € E,JNE -~ Fpeline N
d, i d; B AT

FESCER[10] HBIF 55 5 B R A5 ) 119 25 ) 3 2
BRES TR 07 k. X T IR BSP_tree 975 (A 44
SEHPRREMNANSEX R p, Mp, BERF AL
P£7 (Step 2). AR AF“AI LM, S EXTRZ
Vi) ) B g VT AR A B2 ) &5 ] B ok 1198 (Step
6). &Y p, Ml p, Z BIFFAE R , B Ao ix
BRI RTEAR , RAE X RS R BT R R R4
(Step 4) BLMRA(Step 5) KM E BN E S
B30 dinpeE M LID NN AT RSTR PR SUE: 2
R AME X FELRMAR U, MR RN TR EE
B, R A R BB R S A
XFF R AR YR, BT B A R R 5 R B
CHT AT IR p, M p, BEERE TR, B
A AR B, W 2. XMF T, B RIATR
B Y BE BT B T A o S E X« D
y Z B ERE d (p.p;) , EARITRITERE
E 291 Dijkstra B .

2 HEERHNTLE
Fig.2 Visibility with obstacles

2.2 ZTEEBEXRNIAEE

HiE2 HFEEBYHTSRERITRTE

Input

(1) BB RALE R T HE /a2 E 4L
L 7 R R R ) B LR K R
fER

(2) BB HE T E P(V,E) / it
GIS BT B YRR Y R R 13

Output

PEE Distance / JE BB HE

method

Step1 Element: = Fetch(location map) /
AR X R AL E A R A

Step 2 Result;: = CheckVisibility (p;,p;,

P(V,E)) / R BSP-tree! " B2 HMRZ
6] 2 B A AE RS )
Step3 If result: = true
Then shape: = Checkshape(P(V,E)) /
R B AR
Step4  If shape: = Concex / [IRIAEERY)
Then Constructconcexgraph(p,,P(V,
E) .p;)/ R IR A B A 4 B SR M
Calculate_Dijkstra_distance(p,,p;)/
WA B X G 2 (6] AR, SR A Dijkstra 58
EITE PR EEE RS —d' (p:,p))
Step 5 Else / Bl Shape: = Concave
WRIERETTH)
Constructconcavegraph(p,,P(V,E),
p;)/ SR MIAR A R 5 40 B 2 HE SR
Calculate_Dijkstra_distance(p,,p;)/
LA 2 IR R 2 (6] R B, R A Dijkstra 58
HITE P E BRI EEER —d'(p,,p;)
Endif.

Step 6 Calculate_Euclidean_distance(p, ,p;)/
WA ER R Z A T ER YA, RAAK 2 3t
BPE B EERE

Endif

Step 7 Return Distance

EX 10 ZS[EIXFR IS

R RAAI AR R A w = (x,y) = { (%,

el

2008 4 6 H



H3IM

B TS R RS IR R 2 BRI BT 52

W (x,y) s, (x,y), | w =12, n} . BAR

— RSB RE RSB NFRRTER TR
B LA, B SRR X R ATt B e T H A
REBEWATEEEE. B0, 1k T MEEER
INXER RN AR EX R, AP ERENTESR
BREAFN. EMIRETRHESEFN,
TEEREA & A ME. I, A8 1 7 AR
B R T SR T S AR INAL. B an @ W
BEH RN w =5 % NERS T ERNER.

3 [ B LT A

3 HEhoizia@EEaERE X

3.1 HEEHMEREELR

AR 3CHR i T i g ik PR AR B S (R RSB R (B
3). BEHRARBEA THIK(HE4,5,6,7,8),
BE3 XA NMERZAMBMARERR, &
3 5 EXE %L ZAINBEREMRARXE,
AR =S [RIBESL TR SR 1,2,3 Z B B R4t
HRAMTE 3 P,

BURR
8- ) B
FERBYHN=HEEHE ZAwIXRFAHE
A
B ¥:3C0OD-Means-CLASA
Hika —Iéﬁ% s &R Hik6 R BT
pIE e R kP E B BTEHEE TBEE
F 1 %R
Biks
BEHUR KB
RRER
B3 HENBIEREER
Fig. 3 The process of the propesed method
TEE 3 o, SEER L T R RETTLOVE S RERRFERRYRRRRE" WER. BT

1,2,3 R ABEEIR B 4, 55, 5K 6,8
ETHMEERS BINFRITXR, IFREANGEE
RN R KPR T T B EHA
RSB W= BRI R IR, B IE 8 TRIB 4T3 R
B 2 0% R e
3.2 COD-MEANS-CLASA B#E %
SCHR(4,17] BRI T “ FEAE AR = (A 3R 2K
& ¥ (Clustering with Obstructed Distance,
COD)”.#2 7T tf COD-CLARANS B FH, &
¥ CLARANS B AR S “HFERBY I R KL
R MG, BT R YR O %
B R, SCH AL T k-means F7 k5 k-medoid Jf

k-means 73k ARBE G = BT REEHER
B 5, T k-medoid DI RBE S PO
A28 (RIS R A U . IR % IR R YT N TTAE,

B FBEARM T ENH S ER RN RES
R, E 41 BR, R k-means KR H R
KR REE R R Y b, 3 Tkt R R A
SEBREE OB ; TR A k-medoid 77 5 7 BB AL 2E
BR-EEXNEARLEPL, FBIT k-means
Fk B a2 m) AR R B RE. R,
COD-CLARANS W (B E R E X4 &
O(n"n),n BERIXEHHE, H n WEEBRK
A, YL TR HL B B B S TRCR 8] .
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Fig.4 The comparison of the results of the two clustering methods

BRI BRI R AR S TS
ZREAE S FHEBRNNE. ik, A3
FIH k-means JFEPATRMK G T REER
MR BV HBE RS REESHP LN,
INRAE COD [, Lt ZP LA R EEAEE
HIERIERREY b, B RS SR v aE R IR
BREPOLRNERS BRI A BT
BAMREEET (S ZESEHEEESN
RN SIENRERERBHOTES, Z
TEAMZRANEHE BTN TFENLES, X
TR ANEAR K AR /N Rl B R AR 1 R 23 1.

EXEBNRRES F U k-means BRI
MRATFIHE R0, R GIS R M X 4317 T
B, AR e L0 GUOR R, i1 — B R R 2= 1A X
2, EBE T REEENTESRBENRE. BRER
P25 A WK % & NP_Hard 0] &, ##1B kB
w2 SRR R T T R A TR ORI R L
EOTRRERM B, A RE 3, BB DRSS
MREE S EHEAN PO, KRB B #9255
MERER ARG FEELR KB S R, L)
R PAT M/ MR R BRI ERR.

&% 3 COD_Means_CLASA

Input.

(1) BEPLHEE GEALEE ) —k

(2)k-means BEHITIKE —m

B EBIMEETEBETEANITER
T

(4) 25 [BEHR 1 7 AR VE A2 [H] FE Bk
SR HHRKEMIEOIE S Set( )

(5) LB H S ANE —w

(6) = [EERY P(V,E) B

(7) BEHEHRAE

(8) BALAREG

(9) MBEE T, BIFRFET,

°
° -
°
o °
. ° o
o
o
-
°
o o
°
°

B

(10) Z%(:,6,p,A

Output

EABAEESM b NREREPLE

method

Step1 Running Weigh Algorithm. /=77
AR (B 4). IRIFEAZ [BXF R WAUE &
w , W72 EE -3 ] A X A28 [ X R it w A, 4K
PR AL e X R BT R M E M, =4
ST Z IR R E G Weighi-set( ).

Step 2 Running K-means Algorithm. /=
7k P57k (B S). 78 Weight-set () BEHE
X RERT, FAEFETER S EFETE
B/ MER AR R AR kD REES, P EF
¥ 75 PRI B m.

Step3  Running Subset Algorithm. /zfT
MFEER(ED6). 3L kN RO,
kA GIS AWM E M X s T e B — B E 2K
BT ERrTHRENS BEFRTFES
{ Subset, (), Subset,( ), - ,Subset,()}.

Step 4 Running Elimination Algorithm. /
BB R(BET). HRESHFRHARE.
25 () B R AR AR B R XSk B RR A, Horpas
)R 5T R 2 23 [A) H E IR) 2R RT A 2 (R B R A
IR RIB A KT E M S IA7. 5
Subset, (), Subset,( ),---,Subset, () PP —Ft
ARG, B FEEE S Candidateset, (),
Candidateset,( ) ,-++,Candidateset, ()

Step5 Running CLASA Algorithm. / ;Z5 7
PR KB (L 8). 3 HIEE S, Candidateset, ()
Candidateset, () ,++,Candidateset, () FAFEHER 1
MR, HEFEANEC = {Cl 5Crs "t ’Ck} SERE AL
U IR R . R PR OB ALE K BB TR A4~/
BN FRENHE

Step 6 Return the £ medoid and & clusters
3.3 COD-MEANS-CLASA piAHE %

Eix4 Weigh Algorithm ( I &%)

Input

(1) 2 [ 3 31 7 i i 23 () B B A B = A
EUEr-OUE LVACRLY Set ()

(2) B HANE —w

Output

Q) E&dMHTHEHBEENRER
Weight-set( )
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B AT EIRATE R IR 2 BRI 5

Method

Weight-set(): = set()

For each coordinate (x;,y;) in Weight-set( )
do / X} FHEANTE Weight-set() HaH TR LR

(x,5.) =w/ BEESTHENTER TN
HIRUE.

Forj=1tow-1;) ++

Weight-set(): = U (xi,,)/ H 5 AL 35

RAEREE R HHFEA Weight-set() £H
Endfor;

Endfor;

&% 5 K-means Algorithm / ZE E Rz
MRENERBERZ—, F L1613 ].

&% 6 Subset Algorithm( Bl & SEE)

Input

(1)k-means B IL B H B kNP oA
——% mediods

(2)k-means HEB/BHHP EAREKES

k clusters
(3)r A EEP LA
Output
(4) MR TR & | Subset, (), Subset, (), -,
Subset, () |

Method

Fori = 1tok do

Subset, ( ); = GIS buffering function

(mediod,, r,culster;) / K GIS B L5 X 43
FrIOEE, 435 LAk ASH G g2 (mediod) SRRy, TEAH
REE & DREEG (cluster) FEHNEEGER r
W # R, B OB R i A | Subser, (),
Subset, () ,-+,Subset,( )}
End for;

#:%7 Elimination Algorithm( 188 k)

Input

(1) B 6 HEMWFESG | Subser, (),
Subset, () ,--+,Subset, () |

(2) EEFFERHARR (Flankh i 0 iE
B8 9% B KT 60M Touch(x, wide-road) , %t
ARENS T8k 1% Not-close-to( x, railway) %)

(3) BAREER(FlmshERA/DNT6 It/ ¥
JK)

Output

(4) & W ff 1% & £ & | Candidateset, (),

Candidatestet, () ,--+,Candidateset, () |
Method
Fori = 11tok do
Cadidateset,( ) = Subset,()
For each mediod in Cadidateset;( )do
Calling algorithm 1 / & 23 [A]3F F
KEIHF
If Mediod. spatial predicate : =
Environmental factor restriction Then / X T 75 [g]
FaFhoC R IB AR WL bk o 5 ) S [P B H &
Cadidateset,( ) = Cadidateset,()- {mediod}/
TR PRZ R B
Else if Mediod. cost = Cost factor
Then / #F75 A1 $1 36 3 18 17 340 B 56 1 #th 25 A9
BARR
Cadidateset, () = Cadidateset,( )-|{mediod}/
TR & TR A ZER
Endif
Endfor;
Return Cadidateset, ()

Endfor;

Metropolis % A7E 1953 442t T AR K&
B BRUR kR HGE JGT R,
YR JOR St B IR B — e R B, (2 Rk,
RIBTEZ ISR, B BIBEE A, TR BHRR
KB A R IR R ML E R KR 55
FHER T 27 P (1 PP () R AT X B, 3 R 3 A A
R IR Y RIR KRB i, R B AL B R
2 REMEIE 2 R ICH. 29 R B &
RS, HEER %% RN 3 /K24 2 (Boltzmann)
AR AI(3)

P(E) = exp( - E/KT) (3)
HAKXP,P(E)— RELLTIKEE E KK
ik BURESEE;T— RARBRE. HHE

I EFH EEAT . FEERE TR, Yk
AT RAERS N BREZ BB, &5 LEET
REBFEMERT , WA BE R SER N | BETE
RREIRAS. BIBEE IR E BRI, R GEROTE Stk 2
REAR, (3R 25 @ 0 AR BB AR , B LI
| BEESRR/DRI. A5, YRERS R R
/R EFHRE B P(E) KT BRI,
BHBEAF—ERENARRMAE, LER SR
HEXE, BRAGUIRENRERER.
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BRELR kS RMERSBERBKUS RS
HE R RE, R 2 IR B B i S A, 2R
FeR R, R AL ST UL, IR K B SR
HXREEAFGEN RHERE". RHAEFEE
BIEEIRAS B9 E FE , Metropolis 1 B2 58 M MR IR
FEIRSERE JEA KB A LA HWRES. TEA
AE TR KB REVA A B R,
WE B 8.

Ei%8 CLASA Algorithm( iR kB H:)

Input;

(1) Wﬁﬁ%%ﬁ@*lb)ﬁ C = { CpyCyytt” ,Ck}

(2) BIRIRE T, , R AEE T,

3) % EH& S = | Cadidateset, (),
Cadidateset, () ,---,Cadidateset, () |

(4) B8, 8,p, A

Output
EAERESMENBEREDLA
method

Repeat

Begin

Generate (C’ form S ) / TFHBESSH,
BIAXS IR C PRI S, P4 AR
AL C.

AE = E(C') -E(C) / E(C) 2ff C AT
L EEN B BRI REELM, TR
HEEAEE 2 HHEBRK.

If AE <0 /WRE AENTE BIC )
wELSMW C /D

Then C:= C’andn:==n+1/NC’ ELCE
MR, 3R AE < 0 EE n.

Else if ™ /T, = random[0,1)/ &5
S S

D e 7 ':
B oo T r e el .
S W . et 2T T el A
e et wgmamt | - A D .

6 . kg 4N

% s = " ..__'-- ',"- -
SAmAREScm . oL L SH NS

7 A
wa
P 4 I
M - :\‘ %

B2 .
s dwamin e »

i .
- '- t"‘

O .
v L
s TABEE

—NSH random[0,1) , INFBIRE 2 5
ISR %
Then
C:=C // MEZBMRET,C HE
Z, ATBk S T R R A X 38R, 3 e e o .
End;

ti=t+1;

CALCULATE_LENGTH (n) / X8 n B
IEIRBIEFR P AE < OWWEL kn >pp R
— B ESH, B BHE stop criterion.

CALCULATE_CONTROL(T,); / i+ B =4
BE T, BB A ERAR, EABF T, =
Tod'. Forb o HUEFREL,6 FE—HE,0 <8 < 1.

Until stop criterion;/ 2| 92X 1k 31 | A& ¥
&, HBRAEE—FME L@ 44%E —1 medoids 28
BEE A RBWTERRRE KT A;Q =HIRE
T, < T, T, RACTWRALBHERE. TNHEE
Rz, R E T, R BER, ARG EER [T
g

Return {C| / k MRBEG Mk NRAAEREAK
Pl

End;

3.4 AW

(1) SEREER I TRIEE R HERE
B, AR A GIS [ AR FF 43 7 4 A 10 000 F0
12 000 s 048 , DAAS 6] By 36 50T X 48 B, 1t PR
F R E, B INE— R R LR . B S5
UL (x,y) AR AREBERENRNAE.
Bt ERYEE AR HH XSS, BLE
TR AGEL(V,6) T, T & S B, LUK
BARIR R, BT AR S RCE.

—

Ry . g
3. ») ,,. :

ES5 mWIOLRYEES

Fig.5 The datasets of two experiments
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Table 3 The results of two algorithms

COD-CLARANS COD-MEANS-CLASA
BERITES vEsEs €30k Sl iErd BB R B B BRI
BEH (10°m) (10°m) HEER(10° m) (10°m)
9.72 8.02 4.05 7.76
9.90 8.09 4.08 7.77
9.82 8.04 3.99 7.71
9.95 8.11 4.06 7.76
9.79 8.07 4.03 7.75
9.83 8.08 4.01 7.75
9.82 8.07 4.07 7.76
9.77 8.03 4.08 7.71
9.79 8.04 4.09 7.78
9.80 8.05 4.00 7.72
—— COD-CLARANS = COD-MEANS-CLASA [-+—COD-CLARANS = COD-MEANS-CLASA|
S -
1 2 3 4 5 6 7 8 9 10 1 2 3 - b 6 7 8 9 10
LA T IREL PR AT IR B
E8 WHEETHNOAER(XH?2) B9 FHEZNTHEIBIEER(XR?2)
Fig.8 Total distances calculated by two algorithms(2) Fig. 9 Average response distances of two algorithms(2)

(3) EWAR  LE LB 2B 10,8 1 R, BEERN-IMREES T X
FLORMZPLABEZMNRRESSHNNTE BTN S8 ORI .

E10 K1 pRELR 11 W2 HREER

Fig. 10 The clustering result of experiment 1 Fig. 11 The clustering result of experiment 2
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By, UHIEEE R SRR GAEET S
4 & £ [ERERE E E RS AR E, LW T AELEAM

S T NS R i D) NP hard IEALPER, AR 2
< a] i 2, A 423 i ‘ -
NS E < TC LT eV T B

BISUE TR R, e siE sy (S RERETRBATI L, LR A R T4
(I BBEEHAT . SRI5 3 IHCOD-MEANS-CLASA il 5 AR AL .

2 ® X #:

[ 1] Vladimir Marianov, Charles Revelle. The queueing maximal availability location problem: A model for the sitting of emergen-
cy vehicles{ J] . European Journal of Operational Research, 1996, 4(93) . 110—120.
(2] &, M8 BHASASMARIIORERAR D], EEBEER, 2005, 1(8) . 12—15.
Fang Lei,He Jianmin. Optimal location model and algorithm of urban emergency systems[ J]. Journal of Management Sci-
ences in China, 2005, 1(8); 12—15. (in Chinese)
[3]Bifes, b B ETEEBRKIGIRIMBERA AR T]. RETH, 2005, 9(23) . 12—15.
Jia Chuanliang, Chi Hong. The allocation model of fire resource based on multistage fire protection process[ J]. Systems En-
gineering, 2005, 9(23): 12—15. (in Chinese)
[4]Tung A K H, Hou J, Han J. Spatial Clustering in The Presence of Obstacles[ R]. Proceeding of 2001 International Confer-
ence On Data Engineering, 2001. 359—367.
[5]Korte G P E , Koret G P. The GIS Book: Understanding the Value and Implementation of Geographic Information Systems
[M]. USA: Delmar Publishers, January 2002. 36—62.
(6]XIEL. # FEMAM S RNIET GIS WEIINGRGEMFT]. REMESFM, 2004, 11(5) : 18—22.
Liu Yan-cheng. The research and development of the simulation training system of marine oil spill crisis response[ J]. Acta
Simulata Systematica Sinica, 2004, 11(5); 18—22. (in Chinese)
(7188 32 BT GIS MR FHRBARLI L)), BRREFFM, 2006, 6(15) : 141—145.
Zou Liang. GlS-based evacuation simulation and rescue dispatch in disaster[ J]. Journal of Natural Disasters, 2006, 6
(15); 141—145. (in Chinese)
[8]Marc Bonazountas. A decision support system for managing forest fire casualties [ J]. Journal of Environmental Management,
Available online, 2008, 22(8): 23—32.
[9]Michael J Kevany. GIS in the World Trade Center attack-irial by fire [J]. Computers, Environment and Urban Systems,
2003, 27(6) : 571—583.
[10]Kwan Mei-Po, Lee Jiyeong. Emergency response after 9/11; The potential of real-time 3D GIS for quick emergency re-
sponse in micro-spatial environments[J]. Computers, Environment and Urban Systems, 2005, 29(2) : 93—113.
[ 11] Andre Zerger, David Ingle Smith. Impediments to using GIS for real-time disaster decision support[ J]. Computers, Envi-
ronment and Urban Systems, 2003, 27(2); 123—141.
[12] Al-Sabhan W, Mulligan M. A real-time hydrological mode! for flood prediction using GIS and the WWW[J]. Computers,
Environment and Urban Systems, 2003, 27(1); 9—32.
(13] s, FIRABIM]. dba: IWHERFELARYE, 2002, 125—167.
Zhongzhi Shi. Knowledge Discovery[ M]. Beijing: The Press of Tsinghua University, 2002. 125—167. (in Chinese)
[ 14 ]Raymond T Ng, Han Jiawei . CLARANS: A method for clustering objects for spatial data mining[ J]. IEEE Transaction on
Knowledge and Data Engineering. 2002, 14(5) : 1003—1016
[ 15 ]Martin Ester, Hans-Peter Kriegel. Clustering for mining in large spatial databases[J]. Special Issue on Data Mining. KI-
Journal, 1998, 9(1): 332—338.
[16 |Han Jiawei. Data Mining: Concepts and Technique[ M]. Canada: Morgan Kaufmann, 2000. 23—56; 77—106.



— 28 — g m OB ¥ ¥ R 2008 £ 6 A

[17]Zaiane O R, Lee Chi-Hoon. Clustering spatial data in the presence of obstacles: A density-based approach[]J]. Intema-
tional Database Engineering and Applications Symposium ( IDEAS’ 02 ). Edmonton, Canada July, 2002, 8(9).
214—224.

[18]Chu S C , Roddick J F, Pan J S. A Comparative Study and Extensions to K-medoids Algorithms[ R]. In Fifth International
Conference on Optimization; Techniques and Application, Hong Kong, China, 2001. 1708—1717.

[19]Chu S C , Roddick J F, Pan J S. An Efficient K-medoids-based Algorithm Using Previous Medoid Index, Triangular Ine-
quality Elimination Criteria and Partial Distance Search[ R]. The 4th International Conference on Data Warehousing and
Knowledge Discovery, Aix-en-Provence, France, 2002. 63—72.

(20] 8t B9 —F k., #ig, BIAIM]. dbat: Aleediiitt, 1996, 1—25.

Hong Jiarong. Induction Learning: Method, Theory and Application[ M]. Beijing: Science Press, 1996. 1—25. (in
Chinese )

[ 21]Kirkpatrick S, Gelatt C D, Vecchi Jr MP. Optimization by simulated annealing[ J]. Science, 1983, 200(45) ; 671—680.

[227Han Jiawei, Kamber M, Tung A K H. Spatial Clustering Methods in Data Mining; A Survey[ R]. Simon Fraster Universi-
ty, Computer Science Technical Report, 2000. 1—28.

[23]Ester M, Kriegel H P, Sander ], et al. A Density-Based Algorithm for Discovering Clusters in Large Spatial Database With
Noise[ R]. Proceeding of Knowledge Discovery and Data Mining(KDD), 1996. 226—231.

[24]Tung A K H, Han J. Constraint-based Clustering in Large Databases[ R]. Proceeding of 2001 International Conference On
Database Theory, 2001. 405—419.

Spatial clustering mining method for site selection problem of emergency re-
sponse center

FAN Bo
School of International and Public Affairs, Shanghai Jiaotong University, Shanghai 200030, China

Abstract: This article uses urban emergency response management as the background. Spatial clustering
method is adopted to solve the site selection problem of emergency response center. Firstly, a new data model
of emergency management for clustering analysis is given. Secondly, a new spatial clustering method named
COD-MEANS-CLASA algorithm is proposed to realize the site selection of emergency center. It has the advan-
tages of applying k-means algorithm to reduce result space, using CLASA as result-searching strategy. On the
basis of GIS functions, we design a deeper analytical function by incorporating spatial obstacle factors and spa-
tial environmental factors. The experiments have proved that the algorithm does better in both performance effi-
ciency and result quality.

Key words: spatial clustering; k-means algorithm; CLASA algorithm; site selection; emergency response center



