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Mining Spatial Association Rules in Two-direction
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Abstract Spatial data mining is different from data mining in transaction DB. In most case, the relationships between
the tuples in transaction DB do not be taken into account. But in spatial database, there are relationships not only be-
tween the attributes, but also between the tuples, and most of the associations exists between the tuples—objects,
such as adjacent, intersection, overlap and other topological relationships. So the tasks of spatial data association rules
mining include not only mining the relationships between attributes of spatial objects, which we call vertical direction
DM, but also mining the relationships between the tuples, which we call horizontal direction DM. This paper analyses
the storage models of spatial data, uses for reference the technologies of data mining in transaction DB, defines spatial
association rules, including vertical direction association rule, horizontal direction association rule and two-direction as-
sociation rule, discusses the measurements of interestingness of spatial association rules, and propose the work flows of
spatial association rules data mining., During two-direction spatial association rules mining, we propose an algorithm to
get non-spatial itemsets. By spatial analysis, we can transfer the spatial relations into non-spatial associations and get
non-spatial itemsets, Based on the non-spatial itemsets, we can make use of Apriori algorithm or other algorithms to
get the frequent itemsets and then, spatial association rules come into being. To confirm that, we mine in the land u-
sing spatial DB to get spatial association rules to validate the algorithm. The test results show that the algorithm is effi-
cient and can mine the interesting spatial rules. :

Keywords Data mining, Spatial data, Association rule, Vertical and horizontal direction
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Apartment_ house table

Name Location Price Area House—num
Aigleng Str12-13 3000 200 120
Bulic Strll-2 2300 155 200
School table
Name Chairman Population Location
Wanli John 200 Strl-23
herla Mark 350 Strl7-2

MRFEER LF 25 8 KB X R A TR Td (= E X
)2 I8], inF Apartment_house 1 Aigleng 5 Bulic A8 2
FHHEIPRR ERXRMT R XK. REZIN XRREX
ARZBUFESEALBERXR, 1F Apartment house
Aigleng A8 5 School X & 8 Wanli 2K XKL E.
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Bt % . N Apartment house H1 ) Location 55 Price 2 [a]
B2 (8] e BE X6 R AT Area 5 House num 2 [6] i 3F 25 6] 36 B
XFR.
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Polyline theme and

Spatial DB

select b.name

from  Building b
where  b.price>=3000
b.closetosea=1

Query

y

Polygon theme

is_a(X, house) A close_to(X,sea)—is_expensive(x)(20%,90%)

Rule

B 1 A s ) KB IE 48
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Spatial Query

where adjacent(f.geometry, r.geometry)

Point theme select f.name, r.name
from factory f, railway r
Spatial DB Polyline theme
Polygon the;

Rule
is_a(X, factory) —close_to(X,railway)(30%,75%)
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—
Spatial Query non-spatial itemsets
Select h.name, s,name [—| hname | sname hname | pname
Polyline theme From Apartmenthouse h, School s Hi S2 Hl P3
Where Meets(h.geometry, s.geometry) H2 S3 H3 P7
Polygon theme /
DM tasks
| DM tas} filter I
] Re_upgrade

Rules
is_a(X,apartmenthouse) A\ close_to(X,school) A g

close_to(X,park)—is_expensive(x)(10%,80%)

) 4 e
N
4&&
Prune&Join
DM frequent itemsets | Y

B3 X 2 AR A2 4

3 EHETT

A 3 R A 3 T ) 2t A8 225 1) 380408 A o AL ) 53R 45 4 i
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2 184, /NI 142 4,
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Input; Spatial database SD, themes including a—house tab, ele_
Sch_tab
Cutput: no}l:—spatial object sets a_house&.ele_sch (A—house, ele—
sch)
Begin
DBSizeH=COUNT(SD. a_house) ;
DBSizeS=COUNT(SD. ele_Sch);
Geo R1=&,R2=0;Geoset a_ house&.ele_sch;
for(i =1;i<<=DBSizeH;i++){
for(j=1;j<<=DBSizeS;j++) {
R1 = BUFFER(a_ housei);
R2 = INTERSECT(R1. geometry, ele_schj. geometry);
if (R2=TRUE)

Insert a_housei, ele_schj into a_house&-ele_sch;

return a—house&-ele_sch;

AW 321 H A B BUFFER R B/ EBIRE. RIE
EEEFER E/EVTREARSH2. 08T 5K
Lz,

B_AREF—SBIMIEZ R ZIRERM L, EER
EFFEMBEEER, KA Apriori BiEX L% RITR#HFT
BURLAERE, B AR IE. MEEREEE, E TR
FOEEMER E, BREBADE -2, WM CEHRTEE L
. BEELU SR ERIRREZEES. 3R ETENN
SrAEMIR K 2, NIk 3.

MR, AR HRM R RS ER R, A
BT A E SRR ERR MR . 24T ihH
B, KR T Ed TERTOAE TN TRAA%,.HE
HBEL, ZAFENARETRY BREAFRHERATH,
frie—HWBE. T/DRMBRET GHTA S s
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Wit RAMBEE . 5350 — KSR B MG AL 2
FEPERARMBER. 2ATEHARRARAERR BER
X 8 2 BHE BN B A BB S BEME. R, X
NERBE A BBNE, R A B RIE D ENBER
HIRETE. RITBHAEEMOILFELPEHTENR, X
—BIsh R BT A RN . AT, B TEREIPE
KA REEMBARTRMHBI B ERT . LHRY, KEE
7 Bk RE S B 1 8 BE X R B R R LI, B T 9 R 38 T B
HFFRER.

A2 EPREARFERAEARI A

k Itemsets(Ly) Count Expcount S% C%
a—house h_sch 890 328 16.3 36.9
a_house ele_sch 1584 834 37.5 52.7

2 a—house pk 340 124 6.3 36.5
a—_house sqr 1365 910 43,7 66,7

3 a_house h_sch sqr 459 203 9.4 44,2
a_house ele_sch sqr 1189 793 33.5 66,7

A3 wEEABEANF A
s REAN

1 is_a(X,a_house) A adjacent_to(X,sqr)—exp (X)(43. 7%,
66.7%)
is—a(X,a-house) A adjacent_ to(X, ele_sch)—exp (X) (37.

2
5%,52.7%)

is_a(X, a_house) A adjacent_to(X, ele_sch) A adjacent—to
(X,sqn)—exp (X)(33. 5%,66.7%)
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FEEBEZ R 5 A B P — R, BRI
BAE TR, A FE X BB AR AT ELE— L5
FT » AN 142 5 2 (6 R A AR O ABRAL , LA R AE SERR PR B L B
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