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Abstract

Space co-location pattern mining is used to discover a set of spatial features whose instances are
frequently adjacent to each other in space. In the process of traditional space co-location pattern
mining, spatial instances are abstracted into point objects, and each instance corresponds to a de-
finite location. However, large spatial examples have multiple important location points (such as
hospital, and park entrance), and their spatial locations are different due to different cognition of
their entrances, which is fuzzy. For these fuzzy instances, this paper considers the contribution of
important location points to the instance scale, and redefines the proximity between the instances.
In addition, the traditional collocation pattern mining method ignores the spatial distribution
density of feature instances and the proximity degree between neighboring instances, and uses
static distance threshold to identify neighboring instances. In this paper, considering the distribu-
tion density of features, Voronoi diagram is used to adaptively extract adjacent instances with dif-
ferent features, and the proximity of adjacent instances is described more scientifically by com-
bining the distance decay function of adjacent instances. In this paper, a space co-location pattern
mining method is proposed, which takes into account both the fuzzy instance size and distance at-
tenuation effects. In order to realize fast mining, a mining framework for the participating in-
stances of maximal clique and hash table search is designed. Experiments are carried out on real
data sets and synthetic data sets to verify that the proposed algorithm can find meaningful pat-
terns ignored by traditional space co-location pattern mining methods.
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Figure 1. Example of a spatial data set
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Figure 2. Example of VVoronoi partitioning of features
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Figure 3. The proximity relationship of the spatial data set in
Figure 1 was divided based on Voronoi diagram
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Table 1. Membership degree set of fuzzy instance in Figure 3
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Al (0.3,0.3,0.4) B4 (0.54, 0.46)
A2 (0.4, 0.6) B5 (0.58, 0.42)
A3 (0.42, 0.58) c1 (0.3,0.4,0.3)
B1 (0.46, 0.54) c2 (0.6, 0.4)
B2 (0.38, 0.62) c3 (0.62, 0.38)
B3 (0.4, 0.6)
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Table 2. Size of the fuzzy instance in Figure 3
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Table 3. The distance between fuzzy instances, distance attenuation proximity and utility are shown in Figure 3
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TSR A S 73 B 0UZ 8 75 R P T — A value, e 4558 —MICKHL SR e A R A key, SHRK
PHIRFAE LA T A [R]85 A [0 UK BROK AT R HE AL SN 126 5 3R 1 (Key,, value, ) H o #5ANAHIAL,  TUHE
AT R A ROR R %15 i ey, » ORI S IRFAIE S S84 715 151 ( ey, value, )

Bl 4. B 42T P 1 Sl S PR TR R XUZ IR A5 2 ClHash B, S Ak
{A2,B.2,C.3,D.1} 18 key, 9{A, B, C, D}, ffi value, ¥ {(A,A.2),(B,B.2),(C,C.3),(D,D.1)} , 1 value, f1¥]
Bt key, 7> HIA{A}. {B}. {C}. {D}, f{H value, 775 ~N{A.2}. {B.2}. {C.3}. {D.1}.

ABCD ABC ACD
e e e e s S s S—!
T T T T A B C A C D
A2 B2 €3 Dl Al B3| 'c2/ A3 c3 D1
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Figure 4. Build a two-layer hash table CIHash example based on the maximal clique of the
data set in Figure 1

Bl 4. BETE 1 BI\EDRAFGENE A TR ClHash 7R {5l

WUZ WA RAPALAE TR a0y sy REH P RE B S 5 R MEN S 55860 ? H5,
XS 5 5 22 v R BREAS e e A sQ(B [ ) SR I I BB S s 75 SR AR (L SRAS (i A X b R AIE (9 2 5 52
RS 5.

SIE 3. HE MR ERA ¢ Moo SIGEIRHIHE key, A NLIIXUZ 1 A5 K 1A value, ] DA A3 2
5 ¢ KR SEHIHEENRFEK S 5561

UERA: AREEUZIG AR IE X, value, RTERLI key, TV @ T-HAIE key, I —2H 2 554 . n R ¢
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655 T key, » ISR LA value, EFEER1FHE K ¢ (92 55201 AR ¢ 192 5 5Lp = FHXUZ IS A R kA7
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4.3. BEmR

3% 1. BT Voronoi [ B S 5 RN (KSR S 451 22 1] I B 242 0k

A Voronoi BRI 748356 &5 2 (M3 4 G(V, E)

i ST E RS CPS

Wi WZEIEAR ClHash, SEBIME u. FrA KE MCs
MCs=Bron-Kerbosch-Degeneracy(G(V,E))

© © N ok~ wDdhPR

e e e T i e
© O N O A WN BFP O

ClHash—MCs
keyset—CIHash.getKeys()
whilekeyset£@do
keyset—sort_by_size(keyset)
c—keyset.pop()

foritem € CIHashdo

ifc citem.getKey()then
T(c).add(item.getValue)

. endif

. endfor

. SDPI(c)«-calculate_SDPI(c,T(c))
. ifSDPI(c) > uthen

. CPS.add(c)

. endif

. sub_c«generate_subsets(c)

. keyset«—keysetJsub_c

. endwhile

. returnCPS

BRI ISR K Bron-Kerbosch 523k SRHUN R [, P8 15045 30 A% K B s st U2
WG A5 22 T AEfifi (Step 1~2), SR 5 SREUBUZ W A5 38 1 1) B A B BV e 155, 4% AT TAE B AE AR & keyset H (Step
3). HIEHAT while JEPARHEEA AT RILS . FEIGFA T, K keyset 42458 XA/ 7 HET (Step 4~5), HUH
K — MR R B ¢ (Step 6). AN ¢ K ARG A 15 mi(Step 8), IRHUILAEN ¢ IR E
Bl (Step 9)o ARJE AL ¢ (1SRRI B8 ZE Uk B B2 (Step 12). Wi ¢ 5 KT EMERIE, HIH
AR B I B AR A 5 JAE I (Step 13~14), A=pk ¢ I T4E I3t keyset £E(Step 16~17). ft)a, K —HANE I
BB IR [H45 H 7 (Step 19).

4.4. BRI

4.4.1. REEHE

SLVRI A A 24 FE AL S K A, RO JE S0y . A IR [24) 8 W, TS ANECA n
f G P Gt 37l Bron-Kerbosch S1J: i SbRag AT i 1] 4 O (37 ) o FT BASEF-38 e B8 1 K T4 o
A AFES O(km3 ™) o k Ry A B AR AL RE, mORRHE RO REL  FH XUE 7 F  A7 A A £
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IS 24 B O (IMC]) - (IMC| AR AR £r) o A AR i D (I TR LA FE A O (1 m,yg x 27 ) o | S AR IEASE
XEE, m,, REEE KT K.

4.42. BWEIEHKE

AR SCHRE M I S0 3 B s [V RE 2R AN A 454 ClHash AR S 5Bl AERE . B w,,, ARKHEIH
TEKRE, WOKERE N |MC|, AT S5 4 I TE L 2200 O (W, < [MC|) o FTE H 3L 5 5 9291 177
BRESH LN O(Vavg X Wy ><|MC

)+ Vo REFNEE NS 5 S PG E o T RAA SO H ST 25 [T AE 9 24
90 (Vag X Wy x|MCJ)

4.4.3. SEEMEFMIERMY

SEAME: BRA 2 A) S5 1 AT I 58 R IROK B S BEORAT, IR A RASIIRATIE S R Bk 1A
THAHRRKS S5, 518 2, 513 3 #7821 &0, AR ENEREIS IR 2 T E S 4 6 - B
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IERtE: 1B 3 AT A, MRUZM A £ Al UER RS 5, 5% 1 Al DURIETH 5 8 25 18] 5F
B NG S5 e S R A BRI R, BT AR SCREAZ IR (135 i 2 A0 AR A 20

5. I

N T BAEA SRR I SEBR RCR RIS AT ROR, R AT M A Sk (i D) MISCHR (4148 H 1% e 5 ik
Joinless SHVE(5VE 2)1E4Z 0 B AP S BUR S AT I 0] _LREAT 70 EsRle . 3 id Seat 45 Rl LAS 3,
FATH SR LA G o2 38 A REVS 1200 21 2 MR B s AT I SE 4, T BUR BLL g2 () O F
B U2 7775 P 2 AR S AR T 2 5 B DTk 25 P E SR R A B S K

ARG HFIE R Python 4’5, 7EHLNILE Y Winl0 R4, 4GB WAEH LRI EE g T IR1F45 R

51. ASLHIES

ARSI T A B LS R S X AR AR A et R AR 9 M RNR, S Bt
19 28,783 > RS AL AR AN B B BRME AL IS T R, HEAT G L S8 PO PR SRVE AR F200 21 ) A B AR
ABERAISATI A S5 R B, EOSHEROREE 1 ISTER, BORLRRFEE 2 isiT4iR.

5.1.1. S HE min_prev HZE{L

AT SHONEIE R BIME d v 15 m KIETE T, s/ MREBIEAE 0.45 ) 0.65 Z ] LUKy 0.05
AT XS EE SRR, HOBR 3 4290 21 i A B A B S g AT I 1]

5 @R TER B BIEAA, S/MUEBREARIERMEIL T, Hk 1RGS2 Praeiz i 2] g
BB AW T, 505 12 IR E R BE Y B 2 T 50k 2, Hh7fEEBIE oy 0.5 I Z & N W
2. &6 BR TR BEAAE, BAMUEBEARIG RIS, PR TS 298 i 35 20
I AR D . S BRME R B CE N 2D, BARATSEGIE 2, B0 2 BIRELPIFERN K, &
%1 RS GRS . BT DUE R 1 I TN (R B RN T 2, H s mE
0.45 I ZF R W& .

5.1.2. EEHEdHEL

AATSLIG S HONTE /M EBIE N 0.6 MIETE T, BEESRIMELE 14 m ] 18 m Z[HLIBKN 1 m 34T
AT EE SRR, PR A A B 0 A A U S B AT ]

7 JEIR T AN PR AT R A B A B R B T R . AT LTS B0 7E R RE
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Figure 5. The effect of frequency threshold on the number of patterns in real data
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Figure 6. The effect of frequency threshold on run time in real data
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Figure 7. The influence of distance threshold on the number of modes in real data
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Figure 8. The influence of distance threshold on running time in real data
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Figure 9. The effect of frequency threshold on the number of patterns in syn-
thetic data
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Figure 10. The influence of distance threshold on the number of patterns in
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