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Abstract  Spatial co-location pattern mining refers to the discovery of a set of spatial features in large
spatial data sets, and instances of these features frequently appear together in the geographic space. The
traditional co-location pattern mining algorithms usually employ an incremental mining framework,
generating high-size candidate patterns from the low-size prevalent patterns and compute their participation
index (prevalence metrics of the co-location pattern). The participation indexes of candidate patterns are
compared with a minimum prevalence threshold given by usersto filter prevalent co-location patterns. This
iterative process continues to be executed size-by-size, al prevalent co-location patterns are generated
completely. Although this mining framework can yield a correct and complete mining result, the cost of
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execution time and memory space is very expensive. In addition, this mining framework is very sensitive to
the minimum prevalence threshold used to filtering prevalent co-location patterns. If the minimum
prevalence threshold is changed, the whole mining process needs to be restarted. Since the row instances
supporting the prevalence of a co-location pattern are a clique relation under the neighbor relationship, all
row instances of the co-location patterns are included in the maximal cliques of the spatial data set, thus
they can be used to generate all row instances of all spatial co-location patterns. Therefore, under the
premise of discovery of complete and correct prevalent spatial co-location patterns, a Co-location Pattern
Mining agorithm based on Maximal Clique and Hash Map (CPM-MCHM) is proposed to address the
above shortcomings. The CPM-MCHM algorithm not only avoids the problem of the expensive running
time posed by the size-by-size candidate-test framework, but also reduces the sensitivity of the algorithm to
the minimum prevalence threshold. Firstly, a hit operation-based and partition Bron-Kerbosch algorithm is
presented to enumerate al the maximal cliques of an input spatial data set. The performance of this
enumeration maximal clique algorithm is examined by experiments to prove that it can quickly and
accurately enumerate all maximal cliques. Secondly, these maximal cliques are compressed into the hash
map, by utilizing the characteristic of the hash map to speed up collecting row instances of all co-location
patterns. Finally, using the generated hash map and downward closure property of the participation index, a
two-stage mining approach is proposed. The first stage generates clique candidate patterns and collects their
participation instances, and then calculates the participation indexes of these candidate patterns. The second
stage calculates the participation indexes of al remaining patterns based on the participation instances of
features in the clique candidates of the first stage. Through the two stages, the participation indexes of all
patterns can be obtained efficiently, thereby all prevalence co-location patterns can be effectively filtered.
At the end of the paper, a lot of comparative experiments were conducted on real and synthetic data sets.
Compared to aclassical algorithm and two algorithms proposed in the past two years, when the scale of the
experimental data reaches 200,000 spatial instances, the mining time and space cost of the proposed
CPM-MCHM algorithm were reduced by more than 90% and 70% respectively, and the CPM-MCHM
algorithm advantage of increasing the experimental data volume was more obvious.

Keywords spatial data mining; spatial co-location pattern; two-stage mining framework; maximal
clique; hash map
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Bron-Kerbosch 42 4l it X A4~ 43 X 1) iir 47 1K
VAT, o Je o 4 vl %) S 45 DA 25 1) 5 4 rh B
AT AT A A2 4. 38 2k 3 P A3 DX A2 4 0 7 R
I BB A SRR SE B 2% B I EE, W is S 2s
[EJFEDY, B RETE NAEA PRI A BB R A B 4, %
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A SEEIRE S

1.function Partition-Based(S)
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THRRNERAN S5, e o iEm 20, 281
FER 2 RUE T PR BO A S5 R IEf PR, T2
R 5 1, B—MBITRE NG, At K
2 [ AT AR, 50 B Bt A i ) e sd = O v
S5, 5 2, FIRBi 0 - A O R I AE
R R (FE Ak v If BN fEAE B AR )
B ) i TG A AR e k. flan, XF T
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KIAFED, G — B BoT 845 R i 2 r R
(A T4 —E W B, (H5 3 8 /M
SV BB A R P N, W BeRR T T
ARREANSHE.

BE 3 M BAZR L

#IA: CL-hashmap

By TR AEOR B

1.function FindPrevalent()
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BEHEAT RS, IER] CPM-MCHM 3505 i {0 i ik

TEXT R B AT AR AR PR R AT LU, 34 5 SR 9]
2 B 5L T A A 5E 5 (clique-based(NDS)) il SCRik[10]
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F2 EXHIREEWSH

G5 pAZEE(m?) SRR RRERE e
1 90,000 30,000 71,608 13 R
2 120,000 x 70,000 120,355 15 i

53 SLIGiEfE
ARSCLLTR 3477 T PEAl $2 H A Ak
(1) Mook B . 3T KA Aiis B A
i1 4l Bron-K erbosch 587 R 72 i A8 K A 52
(2) #Z4rkfe. MR E R EBMEEE.
(3) nl gt M e AN R AR 4R S5k
BEE F 38
5.4 ¥EEHRKHA
K 7 FE 8 R T HEAS IR 2S (M B a4E T = Fiilk

2400
2000 ~F7C {£4t Bron—Kerbosch 5.3
-+ m--- 775l Bron—Kerbosch 5 A
Z 1600 - —e— HFAEH AKX K
= Bron-Kerbosch #.%; J/
E 1200 |- ,
& )
" oo |- y
/
400 | & ..m
_ AT
0 . P _'. P s " .
20 40 60 80 100
SR (x1000)

B 7 FER R B b I8 17 I [a]

180
- —A—- {£4; Bron-Kerbosch .#:
150 |- ---@---- %l Bron-Kerbosch .4 A
= e EFEHMAK s
= 120 - Bron-Kerbosch 3k e
ey A
= “
£ 90 - d
i -
60 - ‘<f-"'
30 |- 27
Ak--7T7 |
I ® ® )
20 40 60 80 100
SR (<1000)

18 TEM i 5L ] 4R Hh s 47 I [H)



536 it A

Bl

L
&

i 2022 4%

KM E Rzt e E. NER T LUEH, BEE
SR IS £, SR ESR s T i AR
{H LT85 1943 IX. Bron-Kerbosch 44 v 15 47 i}
[i) P 18 B G/ T 0 AN R AR . SRR T AE
AFZS RN AR EEIECR T, TR
43X Bron-Kerbosch 2 3= &40 A /N T4 @ Bron-
Kerbosch 5.9 fil 4 HiLff) Bron-Kerbosch &% (11817
BFla], AT LA A SCR B 43 KR ia 7 ik ey
4 Bron-Kerbosch B3 3% 4l i A A B 2408
55 {ZHEMREXTLL

A SZE IR T joinless Bk R A SCHE
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Background

With the rapid development of information, data has
penetrated into every industry today and has become an
important production factor. There is a stronger demand for
the mining and applying of the massive data. Spatial data,
which carries geospatial information, is a common type of
the data. It has richer and more complex semantic inform-
ation than general data. Therefore, the mining of spatial data
is more complicated than the transactional data. Spatial data
mining aims to dig out a large amount of potential and
useful patterns from spatial databases, and has been widely
used in many fields. Spatial co-location pattern is a set of
spatial features, and their instances are frequently located
together in space. For example, supermarkets often appear
near communities, and mosquitoes tend to accumulate in
places where plants are lush.

Traditional co-location pattern mining algorithms such
as join-based, partial-join, and joinless all use a size-by-size
candidate-test mining framework, which requires candidate
patterns to be generated and their table instances to be
collected, but when the amount of spatial data is very large
and/or dense, the number of table instances is huge, Then
collecting table instance will cause a lot of execution time
and memory space. Therefore, this paper proposes a novel
two-stage mining framework named Co-location Pattern
Mining algorithm based on Maximal Clique and Hash Map
(CPM-MCHM). Instead of relying on table instances, this
paper uses maximal cliques to compress neighbor rela-
tionships of instances of patterns, thereby saving space

overhead. And then, the maximal cliques are compressed in
a hash table structure instead of converting it into transac-
tion data.

At the same time, the traditional spatial co-location
pattern mining algorithms are extremely sensitive to the
minimum prevalence threshold. When the user changes the
minimum preval ence threshold which is used to measure the
prevalence of patterns, the algorithm must re-perform the
mining process, which leads to the repetition of many steps.
CPM-MCHM avoids the problem efficiently. When the
user-specified prevalence threshold is changed, only a small
number of steps need to be redone to obtain new prevalent
collocation patterns. Finally, it is proved by theory and
experiments that the algorithm proposed in this paper can
find all prevalent patterns completely and correctly. In
addition, we verified that CPM- MCHM can effectively
improve the performance of co-location pattern mining on
both synthetic and real data sets.
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cliques and hash tables.



