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Abstract  With the development of the Internet of Things (IoT), massive spatio-temporal data
sets are collected. It has set off the climax of spatial data mining research that is represented by
spatial co-location pattern mining. The traditional spatial co-location pattern mining is mainly
used to find subsets of spatial feature sets from given spatial data sets. Spatial features in the
subsets are frequently co-occurrence in the geographic space. For example, the co-location pattern
{detention center, criminal police squadron, armed police squadron} reveals that there are always
detention centers and criminal police squadrons near armed police squadrons and vice versa. That

is to say, spatial features (e. g. , the detention center and criminal police squadron) are generally
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thought to be disordered and equal in each pattern in default. However, there are interesting
patterns whose spatial features have unequal status because distribution densities of different spatial
features tend to be different. In detail, some spatial features, which are called core features in this
paper, are surrounded by the others, but the others may have no such properties. The distribution
relationship between cancer cases and pollution sources is an example. To find this kind of patterns,
which is called the co-location core pattern in this paper, users have to set low prevalence thresholds
with neglection of those differences in the traditional co-location pattern mining. Interestingly,
co-location core patterns reveal underlying subordinative compounds. Thus, this paper focuses on
the unequal status of spatial features to propose theorems and methods to discover core features
and their surrounding features in spatial data sets. Firstly, the prevalent co-location core pattern
is defined on core neighbors. Core neighbors are strongly related to nearest neighbors. Not only
do they obey the first law of geography well but they also eliminate noise from instances of
unrelated features. Secondly, The prevalence measure theory of the core pattern is proposed.
The prevalence of a co-location core pattern depends on co-occurrence ratios of core features but
not on ones of surrounding features. Some properties of co-location core patterns are analyzed.
For example, the Apriori property is based on the anti-monotonicity of co-occurrence ratios of
core features. They are helpful to avoid exponential validation of candidate co-location core
patterns. Thirdly, an idea for calculating core neighbors of all spatial instances based on the
Voronoi diagram is presented, which can avoid setting a reasonable distance threshold for the
spatial neighborhood relationship generation in the traditional co-location pattern mining. In
addition, the classical spatial neighborhood relationship satisfies symmetry, but the core neighbor
does not. It confirms the unequal status of spatial features. Furthermore, we propose a novel
method to generate a Voronoi diagram where generators may be different geometries such as
point, line, and polygon. It is an extension method of the classical Voronoi diagram based on
concave envelope theory. Finally, the effectiveness and efficiency of the core pattern mining
algorithm are analyzed by extensive comparison experiments both on synthetic and real-world
spatial data sets. Some interesting co-location patterns which are different from classical co-location
patterns are discovered. They are understandable.
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OG- TEZS [8]_F 4 %, Voronoi &, Voronoi £ i1 JE Xt

25 (RIS A T 300 53 Bk oy 25 TR SE 4R T 56 THEAE S
i) Voronoi ¥ 43, i€ & Voronoi ( f,). FH dv, & 4>
Voronoi £ i1 1 F H 4 il IX 38 FR S #H I AR 80T 1Y
Voronoi 43Ht.

AR SC ) B A 0 R MR L A R R 8] 2 R
T 175 3 0 23 (] S5 4 46 ¢ TR AE Y Voronoi X1 43
] e B 2 Ca) g 1Y ot A ) 52 3] 4 OC 1 &5 8] 43
A AR I S ERIE A 1Y Voronoi %43 Voronoi(A) ;
117 2 () J 7 1Y) & %5 8] S 451 £ 5C T 5[] 43 A A 14
SHIERME C B Voronoi X4y Voronoi(C) , 7] LIF F|
ANl # Voronoi 43 He i BUAF 72 22 531, il 4n C1 1y
Vonoroi 43 fl C5 By, i — 4 M, O ERAE A 5 4%
fIE C 123 18] 3 A7 %5 B 22 S5 88 0K A I o A [] ) B
B TREE A 5RRE C it ix F2 E d oA —#F. il n,
E2 3| A1.C1 By BE g M 22 A K. H )2 E2 78 A1 1)
Voronoi 438t , AFE C1 ) Voronoi 433t

e C6 L C3
E2 <E14, £l 3
\ B3 A3 C4C5 A e
e B: SRR
e C: P
. Al A2 D: ZQEE
5} B ’ E: DX
BI® P opo. ‘2 *DZ R RAEA
(a) AR ITC A AEARYSE IV oronoil&]
4o (6 o o("
N i e i
B2 CTES L CH A3 Cl 5
Goa T A2 5
. H . 4
Dl | ..
B1* ' B2 (2 ‘D2

(b 2t 70 EC RIS BN oromoi
B 2 5109 Voronoi 47 bl

223 Voronoi [ Az iUTC A& s X 4. KT S 451
ENVEEPEROE JPUTERES0E SRR B2 S0 E FINRG)
Zen] DA e AT A 4 38 T A e 3. A a5
191l 22308 S 45 3 22 308 52 4 /6 BE 85 R e AT =2 Ta) Y
eI WKL B R B

3 A TG Ry 22 38 S s Ji] S 41 4 G
FHEER Voronoi X7 7= . &l 3 (a) & 4B 3T 19 B >
A TT 1 I R OSSR 2R S ) B R AR T X A
Voronoi 4375 0. ‘B AT 3 5 7 1 a3 4 0 2 2
TELR bV RAMAEIE . H b a3 2 00 P A To A 4 8 1Y
A XA P AR Y = A T8 9 4 R AT R A =
FIE A1 DI 73 A P 5 48 1) 4 A T =2 [ g o
ML HEATRI 4. AHARL b, [ 3 (b) 2 4R3I 1 W5 A AR AR
TCI3 5 A RSB 22 300 T S 4B I 3% & BT IX R i AT R
3R 5 B 3 o) S R 3 1 W A A 10T 43 ) o 2 5K



1914 it "

Hl

Y,
&

i 2022 4F

11\ 22 23 T8 S A5 i %ok & 30 DX SRR A7 R 43 1) 7S 481 5 T
08T B A A BTG S D 2 S B A B R TR 3 (o)
(1 1) 380, S PR A 5 T 3 () 2 408 30T 1 1 A A T
3 59 R 22 J I S A st o 48 G DX IS R e 4 s 401

A22 |

(b) B L2 Voronoi ¥ 537w (¢) £ 'ﬁgLﬁ/E’JVOronodeﬁ/Tm

‘1.1::,:"—';'-“_ b Sl e R
S | WA
/ = - ; ------ Voronoi il J&
o SO |

(d gl_fb 'ﬁgl_ﬂ'/ﬂ’l\/oronoﬁd]/ Nl
Ve 3 N &
L [ J
P ; 3
.‘ | T
\ ( I

(e) gg{iﬂJEVoronoi(A ) AR R R

E 3 ZIE B Voronoi K| 43 7w 1
EX 2. ZABFE. ¥ Voronoi(f,) J& %5 8] 3E 4l

£ I ETFHAE £,/ Voronoi R 43 . 45 5L i, 5 54
it Voronoi(f,) [ #J Voronoi 43 #) A= B JT . IR 4
FR i 2 1 JEFRAE £, bR SR S PR A% 4R JE.

5508 A i oT B9 S B AR AL A D JE A= s Y S
] A] BB A AR 42 . ] B 2Rt 2 BT A 4. A1 3
(e) X LY Voronoi [ J& 25 [8] S5 4 4 56 TR fiE A 11
Voronoi %] 43, f 55 B1 4k F 4 B oC A2 B 1Y
Voronoi 733, B A2 J& Bl 7E4FAE A A% 4R
& 2B CL A M b A T60 8 0 50l A T 26
Jt Al Fil A4 T #E ) Voronoi 43, (R i A1 Fi A4
#hJe C1 TEFRE A F 4R E . R, A3 8 CL
MA ERTH A Cl.1 f Cl. 2 Z (8] B9 30 B80T, 46 i
A3 e S CL 1 5 CLo2 fi By o 2N
Cl. 3,188 C1. 3 1€ A3 fJ Voronoi 433, H it A3
e C1 fEFRE A F 2R E.

o 2k 5 S5 A By LA 1 BT R] A AT R
S EL 2 i 8 S92 49 B BT ZE /Y Voronoi 43 He Xt i
(9 A T Y R /N T e B e AR T I BE L IRt
HHETF 281 Voronoi & 1y 25 [A] 52 1] 5 ¢ T HEAE 1Y
Voronoi X 43 #H 8L, 76 5 T 2 108 (9 M43 | 9 T A5

[ Voronoi [&] 1% 5 [A] 52 4] 4 & T4 AE Y Voronoi K
gy b AT R RSB B 2 1 TE S B e A% AR JE Y R
BN e B AR AR B . Il An & 3 (e Hr, g5
il B1 ] A2 BE B /N E 8] A1 A3 A4 MEEE . 2
WG CL 5] A1A3 A4 BN T E 3 A2 (1)
#H .

AR AL AR RN — i Wl X R, B s 1 A,
C3TEFFIE A EI#Z 48 RA A3, A3 18R 1E
C LM E XA C4 6 C3. X A 5% 45
co-location & 47 4 H (1% 25 B8] 48 3z OC £ Y 51 2 X )

Z— B AT AR /NS0 B X A ] SR B
S BT R AE AN T 45 Hb A

ENX 3. BAEE GU,CNs). %A MK G,
CNs) B TRUS A T /225 (8] 52 4R T o AT 28 352 4 G K)
U WA EAZSE IR A IRGE 2. A (1 984 A%
A GILH CNs, FRA 11 G (T, CNs) i %8 [] 52 5]
T FI R AR E L AR B L

Fh 2 (8] S 91 5 56 F 4R E 19 Voronoi X143 DL K %
B JE I SCA] AT AT R S AE A RRAE B A% AR TR
JEHE . AR A E LIS T A HAUE — %48
JEE G(I,CNs).

W23 (0] B4 4R 1 25 ) R AE 550 mes 55 431
R n A4 G, CNs) T3 S8R 2, % R 1 A7 1]
SEAEBIRECH nx (n—1). |l T SEHILE % B & L
SIAT BFRAE B2 DA 1 AR A
SEAG Y B A /0 g m— 1. FF LG, CNs) B H &
ok (m—1) . — N R IR e=>nlog, n 5] 4H [
(o R 2% 2 B G(LL CNs) B & B, T
nx (m—1)>nlog,n, B} m—1>log, n. }LE H X
1 OUARZE 2 19 800 2 » L. G (T, CNs) 3 8 & — 14>
B L, 1 =20 ,m =6, B X R 1A% 4B
Pl S — A4~ 1 % [

EX 4. BABIRFEM dice_CNs. 7R E G
(I,CNs H, Rhzs () sE g T b s @ A B, SE 4

1 TE AN RRAE L B4R S5 A 17 48 A AR (8 T2 L)
O 4R JE - 2l dict_CNs.

Horb A R A5 S 4% T )@ R AE HE Y L R R
i F Python"**! (4 A JC B0 2 RUSEAT 476 15 1 97
FACAE P I IC R S B RRAE B A A% AR Cfi
FEA KBS AR 5. Bl [ 1
dict_CNs[E1]=[{A1,A3},{B3},{C6},{D1},
(E1}{F2} . K, {A1,A3) %R E1 7E4E A (HE
JP 5 0, %R R 5145 00 B4R & A1 A
A3. TR, 5 9 S A A% 4B B TR) & 2% S OCD).



9 1y 48 H AL . #:TF Voronoi [E 1) 25 [E] Co-Location #% 8 1% #it 1915

B 1 W dict_CNs[A1]=[{A1},{B1},{C1},
(D1}, {E2},{F2} ], Al fEFE F B 4B a2
dict_CNs[A1][5]={F2}.
4.2 Core Neighborhood Mining & % (CNM &%)
AN CNM 338 SR 4R s 18] G(TLCNs)
I4ar e AR AR J o
4.2.1 CNM &
Bk 1. CONM A
BN B AER F={/1. 2 fu ) EHIE T= {0,
iy oo, ) MFLAS (A B AL bR
By A% SRR B G CNs) % 48 8 7 3 dict_CNs FR
AR 2 23 [ SE AR G TREE /. 11 Voronoi X1] 43 Voronoi ( f, )
SEAA ) A G (R R i) gener
IR
1. dict_CNs= collections.de faultdict (list) / /) 445
MK 1 9 2T 5 LR B3R List
2. F=list(F)
3. F.sortO) //¥RAEHER
4. FOR index, f, IN enumerate(F) ; / /i Jj 451 3 3%

WEmys

5. Voronoi( f,) =Voronoi _gen(f,)

6. FOR: IN I.

7. gener= tree_query (i, Voronoi( f,)) //#if i
1 f LA s

8. dict_CNs [i][[index]= gener //¥ i 7E f, L
B A% 4B o A7 A

9. END FOR

10. END FOR

11. RETURN dict_CNs

4.2.2  CNM 53k g i (8] 52 2% B8 | IE A 1 70 5¢ 45k
v

CNM F:56 1 D0 AR s 5 i dict_CNss.
55 2~3 R RRAE AT HER. 2B 4 ~10 R AL B
TP B 5 P AR A ] S AR OC TARAE f Y
Voronoi ¥ 4345 7 2P R & WAL S i 78 /. B
AR 3 26 8 L R M A% AR AT e A Ak B 6 7 R E .
55 11 A il B A% 4B J 18] A4 TR 4 AR S 7 g

BAFELE F ERRRERC  m 25 () 2Bl 4E T B
AR S s ISP 27 4 AN R A 1) SE 9 KA /. A
T o082 208 M4y B Ry T 80 oy 1. CNM
BHEE 5 A Voronoi (f) 1 - 4 s} 0] &2 2% B2 Ky

()(%log2£>w. %5 7 A& Bh Voronoi [ 17 it 45 ¥4

oo

KDTree™ 25 ¥ ] 5 2 4 O (log. - )+ 4

A By 7 08 A AR S AT A I TR) AR R

Jg OCL) s[RI B4 59 42 102 1] &2 2% J&E
o(nlogzg). 2 Bk AT ) A R

O(mnlog2%>. Hi%5 8 5 A %1, dict_CNys [ — 4~

EXT A2 BN O G BB ¥ 25 B & 4= 5 R
OGn®™) [ 8B FHE M TR 45 >l O Gmn) . 1 F 76 %5 1] K E
AR b onzm, PR AR Ja 7 M RO T A T AR A
). WL SRR SR 4~ 10 Bl B SR IR AT iR,
B Xt m A4~ Voronoi( f,) F 47 115, L B} B (8] &2 4% )&

EE ()(nlogg£>.

CNM Rk 4~10 19 SN P PR IE T 4T Z 52
I EAT AR AL AR 2 40 J 0 B 2 i, L A 7 AR
TIE T4 10 A0S 2 A% A8 T DR G B 12 E e R 3 A i) 3
AT RSB B A A 408 e ELAZ AR i 5 i Fp AN A7 AE AN
208 Ja 1) S 451

5 #Z#EK

AT ST A% B T B & B R AR B O A
Z ot B A R R AR 1 S R s )R G 1 AR L IR
T B A BB AT, ¥ 3t T Core Pattern
Mining(CPM) J3% . Efff % T Apriori-like 5 3% %
R 325 A A= A 2 55 2P 3 1 JEL AL L 8 XS 32 A A
A R L
51 BEEREX

ENX S, &KX Candidate Core Pattern
(CCP). ##i c={F, .F,} (Jih F, . F,CF) B 1
MICER FVRE 2 A Jo R Fo 2R it g F A A
RS B MFREE S ¢ y— i i%k co-location
WA BB T R i A X (CCPY L Hop Fifk
R, Fo BN J5 4k Fy R B R AEFR Oy F, v AR AR 1Y 4%
FRALE.

TR L [0 )RR AL ¢ B FTEK . c[1]
FOREW A c[Lo]=F ,c[1]=F, EZHEX ¢
TR I S BOPR R ¢ BB Bl an, 1 R (A
{B,C}}&—1 3 Wiz s

EX 6. MEEAZE A ¢ AT S core_row(o).
WL LR s el T dEs R, H I
(AT B2 SR 2 I v AT R S B i A A e 4 10 T
T AT AT — AN A B B HAE [0 c[1 ]
MR IR 2R A P G I = {11, 1.} RfEik%
B o By — M A%AT 5L

Hoh IR LRI SRSE ] LFR Ry T0 0 ) 4k 52



1916 it " . 2% i 2022 4
). g e AR ¢ 1Y B B AT S A IR B SRR R ¢ IR
W RSB i8R core_table(o). R RBTAE AT 2 R A S AR P
i, 1 Ak A% AL (A Chmy# sk SRR
Sk (ALY, {BL1, CLy), {({A2), {B2,C2}}, 5.2 CPM Hi%
{{A3},{B3,C3,C4,C5,C6}}}. 5.2.1 R e A M
EXT. 5% CPR. &% fEHEEZEELR MRl ES5X5ES5EMBRAE Y5

W A% R AR S D) 7 A R A A 2 ¢ Y A% 3R S )
AN BB S RRAE S0 SE A B L (B
FRNFE fAEEEERE X ¢ EMES5ECH
CPR(c, f)).

W ¢ Mk Az ASE £ €[ 0], core_table(c)
AR ¢ BRI, CPR (e, fO B X4k
%‘%%:
| 7, (core_table(c)) |

|/ '
Horp“n" RR R AW BCE A B, B 1 rp i ik #%
BEH{AYABCH RSB R e A LT
ALA2 A3 ML EM S 5% CPR({{A}, (B,
Cyy,A)=3/3.
EX S8 fiEZKENX c WS 5E CPIL &
A ¢ A% S 5 5600 Fo/ D H FR O o 38 1% B X
cW¥Zz5E CPI,icly CPI(o). |
CPI(c)= min {CPR(c, f)}.

f €clo]

B, &’ 14 CPIC{{A},{B
({{A},{B,C}},A))=1.

EX9. #H min_cpi RHAPHEMNRNES
5B BE s ¢ J&— M A AR 2 K4 2 AL Y o
%S 58 CPI(o) Zmin_cpi i, c E—4>
co-location B A AL, R FRIZAE X .10 c€ CPP.

B A2 2 SRR AR 2 R G T A R AE 1Y
12 5 2 R 75 18 JE A% FR AE 78 4% RRAE JF 3 DA Y
S LA R AE T A AR RN R i?EEI’JKﬁiE.
A T, AR A RRAE ) S B (O AR ) L (AT
M IRIR ) R — AR TR 2 R%&?Hkmﬂﬁﬁﬂﬁ
A HE & BT B 3 43 A1 o AT MORT SRR TS AR X
LB PRI R IR AE K RE A BEE I DA A Y S 491 o3 A X
EEB A 5L S colocation £ Z 8] 1Y . & X 5
z—.

P e A A ) ST 0, BE R IE 4R FEI’JE
B AR TR ARG 7 5 G 78 AT fig
g A% A 2 R R AR e U i A A 328 A AR 2

m—1 m—k

iﬁzi%ﬁz Dk % e TS % (27— 1)+
k=1 1=1

Gox 2= D b x 2= D BRI
. e O BORE R E N m TR R & A I0R

CPR(Caf\):

,C}})=min(CPR

Ak — & I B AL OIS A R IE % 2 S
AL NGS5 B BB 08 Y K —E N S S
AL S 5 B WA R B 0 15 D 59 32 .
. AR e T =[],
Lo e[0T+ A Ry A% AT S 9] v iy 9K 552 481 1 T 38 52
{9110 2 S 8 S A0 ) A% B8 Ja o AR B A S5 9] 0, 5 A A
W e BAZAT S0 1 iy 30K S5 491 v IR 32 S 01l —
SEMALEAE R RAT S AT SR S Bl . Rz,
TR B LI B AR AR L 4R | 2 A AR Y,
P R A S 81, 5 A A R AL AR X I A% A T S4B £ T
IS o R 32 S 0 A — o B S A ¢ I AZ AT 5K
191 i B8 52 81 b LG V€ [0 CPR({c[0],
11}, fH)=CPRU 0], (1]}, f
X{F){ﬁé‘/[ojz{flvf29""fk}»C[O]:{fn
f29“'vfwfk+1}7mu
CPI(c)=CPI({c[0],c[1]}
=min’!| {CPR({c[0].c[1]} S fi) )
=min{mini—; {CPRUTOTU{ far1)sc[1T}sfD s
CPR({c[0],c[1]} s fir))
=min{min—, {CPRU{'[0],c[1]}. [},

CPR({c[0].c[1]}sfue)}
<min!_, {CPR({c'[0],c[1]},
=min/—, {CPR({[0],c' (1]}, f)
=CPI().

Y 'To]=cl0].c'[1]Cc[1TH « B iR A~ 52 41
£ EAE co-location &2 ¢ WY 4% A7 55 1] 11 Fir 5K S5 f
I8 2% S A — E L AE T R AT S Y i
YRS S Z AR, R, Y € c'[o]:
CPR({c[0],c[17}, fO<CPR{c[0].,[1T}, D

=CPRU{[0].[11}. 0.
Xl‘ﬁc‘/[ljz{f‘l,fg,'",fk},C[l]:{f1 s fases
Ses freeny s
CPI(c)=CPI({c[0],c[1]D)

=min, ) {CPR({c[0],c[1]},

:min/€ (o] CPR( I:Oilv( [1]U fﬁ\l fz)}
=min; ¢.r0){CPR({c LoL 1. f )
=CPIC{[0],J[17)=CPI(). JEEE,

MR 2. ARSI SE R R, 2 B, — A i
PR FUR A U L iR A A I 4K AN A2 1 BT A
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AR HAXSE . JEF Voronoi B Y75 8] Co-Location #4512 #i8

1917

TR AR IR S5 22— Ak ke A A S T 9K —
I B ) AR P AR A — AR R AR A L 2%
EAZAE A SR A
. BA R .Y C[1]=c[1],
Lo c[o]mt 5 ¢ MR 24 CPI(e) =
ming e o) {CPR (e, f) } =min_cpi. XHE S5 HEM
BRI VEUE W R A,
fi€[0]:CPRUCL0].'[1]} . f) =
CPRU{c[0],c[1]}, f) =min_cpi.
I AF R o — L R Z IREK.
2 CL0]=cl0].'[11C e[ 10 fy BT Ji1 3" C
c:CPI(H= ming e o7 { CPR(, )} <<min_cpi=
37,€[0]:CPR( . f)<min_cpi, HESHRE
BZ 5 E AT H, V€ CPR (e, f) =<
CPR( ., f). I, 3, € [0]:CPR(c, f,)<<min_cpi.
E .
5.2.2 EAAKIE
H R AL AR 5 ¢ B9 A% 3R S0 B9 S SCRT R AR A%
e G CNs) AR R o 1% 5
core_table(¢) s Z M THEE G(I,CNs) E#AIRITHE ¢
(1 BT A W K 3 A o TR LA R T A R AR
TP I [ 52 % B A A 2 48 B . AR /N 8 i
— AN S T B R IR BT R AR
&i% 2. C_check &,
A AR o AR E T M dict_CNs /NS 5
JE BB min_cpi AFE BT IHIEF I fea_count , ¢
TE M S BT [_index , S2 BT @ FFAE I - 4 ins_ fea
. BOOL (Y
ARt SCEITETT IR b B 4B 8 core_neibs, FEAETE A% £
SE 5] v B0 SE B S e pr_core.
PR
1. core_neibs, cpr_core = collections. de faultdict ( set)
/ /W) iR Ak
FOR /i IN ¢[1]: //38 I3 A% 7 AE
FOR f; IN c[0]: //3# i #% %3 fiF
FOR 7 IN f;: / /38 Dy 6 B R AE 18 52 4]
core_neibs| f;].add(dict_CNs[ i][ f_index
LA1D /7@ « 78 f; B4R Js
END FOR
END FOR
END FOR
count_neibs= Counter (core_neibs.values()) / /553t
JE A2 7 AR TE BT B 1 A% 408 B TROB
10. core_table = filter (lambda x : count_neibs[ x]= =
len(c[1]) ,core_neibs. keys()) / /¥ 1k #% 3¢ 52 5]
) T 91K S 1)

wl =~ w Do

© 0 NN O

11. FOR core_row IN core_table: / /i jj Aij 3% 5 )
12. FOR i IN core_row: / /i Ji 45 i
13. cpr_corelins_feal i]].add (i) / /¥R FRAEIC 5%
%28
14. END FOR
15. END FOR
16. CPI=MIN(len(v)/ fea_count[ k]
FOR k,v IN cpr_core. items() //iTBMS 5%
17. IF CPIZ=min_cpi: / /% F 55 E ok
18.  RETURN TRUE
19. END IF
20. RETURN FALSE

C_check S48 1 Wb b M G AR &5 55 4 ~6
A oRARAFAE £ S ] 0 TERRARAE S, B RS R
dict _CNsli][ f_index[ f; 11355 3~7 RAEAZFRHE
FAERTIR L0 AT A A 4R 5 4 2~8 R T A
BFFIEE AT IR [0 i A A% 40 5 45 9 2 ST i
9K [0 & i BT A A% 408 i 8 A% R AE vt B U8
55 10 B URATIK [0 b 09 BT A 4% 40 J e B A AR %
FRAE AR 0T 1O BEEH B S 1 A i 3R 5 431, ok e
P HORICA core_table H1 355 11~16 a2 5
RRSHENE GRS 558 17~20 it
O S A ASE 3 AT M 0 [ 2

C_check BIL45 5 AU T 4T B 08 In B 4% 1752
51 4 17 50K S5 ) S BB R SR A AR T 5 B 2~ 8 PR IE
TAT B AR R AE A A 9K A4 A2 408 (i 3 A i K S
D FRYE e B HIEFHIC S5 55 9~10 BARIE THEE
3 4 115 9K S 9 A FE A AR AL ARAE AR BT
1R A AT RE B 6 Fpr. DRI 3 R 174 % 32 i 90K 52 451 o
(A 3 S 01— AT R AR A ARAE L A B LA
S A% AR L AR TIE T B HEBR ) 0 B R AT REAF &
BEAT S 00 58 . B4 2~10 5 A7 %0 . 4 3% v 4 1k
T 9K S 3] — 5 2 A AZ AT S 1 R S 2 11~
16 A5 PR IUE T BT A 1 4% AT S 49 19 115 9K S 451 340 1 ) i
S5 TS 5EMIE 5 17~20 B 0RE T %8
2 A P B E A R 191, 25 b c_check B3k BEIE
T L KE 1 0 R B X ¢ AR A0 B R ]

A FF B0 F A% 12 A 2R wt-o B, L b K
w i G4k o B BRILBIECR n, BRRAEECH m, P
BB AE 10 SE B BCH n/m. c_check S35 5 1E
OCD) WA &2 24 BESRBUSE ] & 48 f, A% AR . 28 4~
6 A WYX B AL R 24 BE Ry O(n/m) . 35 3~T7 %) u
ANEFFAESEAT T 30 7 o 7 8 B [8) 52 2% B Sk O Cun /)
55 2~8 X v AN E kAT T 7 L OF- X R A A
K OCuvn/m). FIES 9 B 5T T o MEERRHE



1918 it <A

e i 2022 4

Y E O A% AR JE I R AT I8 - 2 (R) A2 e
JE o OCuvn/m). 55 11~15 */Flfﬁﬁé%%%'ﬁﬁ%
R X A SR SE R AT Tk 3 s b TR AR S
B A BE N s P 2 ) B2 2% B2 O O Cun/m). 5
17~19 mtEI E 2= OC1). % |, c_check & &
B S 2 IF TR &2 2R BE Sl O Cuon/m) . FE 23 [8] KRB0
wson/m. R FEIE B E AT B A0 o %6 4% 4 2
A A I [1] 52 4% B S R R B 6.

5.2.3 Core Pattern Mining(CPM) 5. %

5% co-location B IZHE A VF 251 Z L
Appriori-like [ 75 HEATIZ . th T A5 15 48
co-location B A% X AF1E B & 22 7 A SO T 4%
Z 5G5S 5 R B AR R Y e g s,
it T 0% B 3 Y i e - B IE Y CPM B33

#ik 3. CPM k.

A B/ MES 5B min_cpi SRIELE F

i . R CPP

A8 i B[R] R B A M dict_head . B Ay

AR [ 5 2K B BB S B 7 M diee_tail SRS & o 1)
JGE M I 4 union ().

R

1. CPP=setO) // W1t N 75 4k

2. dict_head ,dict_tail,

new_head=collections.de faultdict(set)
FOR f_pre IN F
FOR f_pro IN F-{f_pre}:

IF c_check({{ f_pre} . { f_pro}}): //2 T #%AE=
dict_tail[ { f_pro} .add({ f_pre})
dict_head[ { f_pre} .add({ f_pro})
CPP.add({{ f_pre} . {f_pro}})

END IF

END FOR
. END FOR
. WHILE TRUE.
13.  new_head=dict_head.copy()
14.  dict_head.clear()
15.  FOR k,v IN new_head.items() :
16. Ch=ck_gen(v) / /B SEH B

© (o) ~ (2] ul =~ w

e
o= O

17. IF NOT Ck.

18. CONTINUE

19. END IF

20. FOR ¢ IN Ck:

21. IF c_check({k,c}):
22. CPP.add({k,c})

23. dict_head[k].add(c)
24. dict_taill ¢].add (k)
25. END IF

26. END FOR

27. END FOR

28.  1F NOT dict_head :

29. BREAK

30. ENDIF

31. END WHILE

32. FOR k.v IN dict_tail.items() :
33.  v=union(v)
34, CPP.add({v,k
35. END FOR

36. RETURN CPP
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Background

In recent years, with the continuous development of data
collection and processing technologies and the rapid develop-
ment of location-based services, spatial data mining has
attracted high attention. As one of the important directions
of spatial data mining researches, spatial co-location pattern
mining has also achieved a golden period of development.
Traditional spatial co-location pattern mining aims to discover
the corresponding subsets of spatial features whose objects or
events are located in close spatial proximity with high
probability. Definitely, a variety of patterns have been
defined, such as prevalent patterns, sub-prevalent patterns.
patterns with rare events, and patterns with key feature.
Similarly, various binary neighborhood relationships have
been proposed to represent spatial proximity according to
distance threshold or not.

The features are disordered and equal in each of the
patterns mationed earlier. That is to say, the traditional
co-location pattern mining mainly focuses on that objects or
events in any one of features are in the vicinity of the others’
with high probability. However, users may be interested in
the pattern where objects or events in some of features are in

the vicinity of the others” with high probability. Therefore,
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a novel pattern named core pattern has been defined in this
paper.

Neighborhood relationships in the traditional co-location
pattern mining satisfy symmetry, whether the distance
threshold or other methods are used. However, an object is
located in the vicinity of another, and the latter is not
necessarily in the vicinity of the former, for example, the re-
lationship between a panda and the bamboo forest where it
lives. In this paper, we have proposed a novel directed neigh-
borhood relationship named core neighbor based on Voronoi
diagram to describe the spatial distribution density differences
of features.
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