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® partial periodic pattern mining is an important data

mining model with many real-world applications.

A partial periodic pattern represents a set of items that
repeats itself at regular intervals in the data. It is thus useful in
characterizing the cyclic behavior

The current partial periodic pattern models are not ideal for
some applications because they disregard the crucial
information about the spatial (or geometric) characteristics of
an item.

With this motivation, this paper proposes a more flexible
model of partial periodic spatial pattern that exists in a
spatiotemporal database.

Three constraints, maximum inter-arrival time (maxIAT),
minimum period-support (minPS) and maximum distance
(maxDist), have been employed to determine the
interestingness of a pattern in a spatiotemporal database.

* Letl={iy, iy -, i}, n21, be aset of spatial items. Let P; denote
a set of coordinates for an item i; € I. The spatial database SD is
a collection of items and their coordinates. That is, SD = {(i,, P;;
),(iy, Pip ), (i, Py )} Twoitems, i, i, € |, are said to be
neighbors to each other if Dist(i,, i) < maxDist

* Atransaction t,4 = (tid, ts, Y ), where tid > 1 represents the
transaction identifier, ts € R+ represents the timestamp and Y
C | is a pattern. An (irregular) temporal database TDB is a
collection of transactions. Thatis, TDB = {t;, t,, -, t,}, 1 <m<
| TDB|.

o Let TS* = {ts*.45 , ts%igp , =, t%qc 1, tid,, tid,, tid. € (1, | TDB]),
denote the set of all timestamps in which the pattern X has
appeared in the database

* Let ts*, and ts*, denote two consecutive timestamps at which X
has appeared in TDB. Time difference between ts*, and ts*, is
defined as an inter-arrival time of X, and denoted as iatxp

* Period-Support : Let A C IAT® denote the set of all interesting
inter-arrival times of s in S. That is, if there exists iats, €
IATS : iats, < maxIAT, then iats, € A The period-support of s is
the number of periodic occurrences of s.That is period-
support(s) = |A|.
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_ e Partial periodic spatial pattern: A spatial pattern X is said to be a partial

periodic spatial pattern if its period-support is no less than the user-
specified minimum period-support (minPS). That is, X is a partial
periodic spatial pattern if PS(X) 2 minPS and max(Dist(i,, i, | Vi, i, € X)) <
maxDist.

Algorithm 1 ST-ECLAT (Set of items (). spatial TABLE I: Spatial database = TABLE II: Neighbors

database (S D), temporal database (7D B), maximum distance Item | Coordinates Item | Neighbors
(maxDist), maximum inter-arrival time (maxlAT), mini- a (0,0) a hd
mum period-support (minPS) b (3.3) b :;de fa

. . . i : (0.7 C €

1: Scan the spatial database and find neighbors for each item :1‘ & ‘i; T abefg
using a distance function. Let _-"'v"{ij) denote the set of - (5.6) e bedf g
neighboring items for an item i;. f (7.7) f bdeg

2: Scan the temporal database and generate ts-list for each g (7.1) g bde f
item. Simultaneously, calculate period-support for each
item ¢; by traversing its ts-list.

j . : .

3: Find partial periodic spatial items by pruning uninteresting TABLE III: Running example: temporal database
items that have period-support less minPS. Sort the tid | ts | items fid | ts | items fid | ts | items
partial periodic spatial items in descending order of their I |1 | abeefg 5 |6 | acd 9 | 12 | abef
support values. Let S denote this sorted list of partial 1 |2 | abef 6 |7 | bedfg 10 | 13 | abdef
periodic spatial items. Let T'S(S) denote the set of ts- ERE T 18 | ack e
i ) o N i 4 5 | cdeg 8 [T | acefq 12 115 | aedfg
lists for all partial periodic spatial items in S.

4: Initialize o = () and call depthFirstSearch(a, TS(S), S).

Algorithm 2 depthFirstSearch(c, TS(N(«)), N(a))

: a2 b e de f i " tla cb de f
1: while TS(N(a))! = 0 do HEEEEEE FR EEEEER FRs
2 iy, ts-list(i;) = T'S(N(a)).pop();{extract item and its Eleieqepetel fetepi ooz flefsfia] ol
| Mo | R, e 1 . 1 e > EEEEEED EE | EEEEE ER
ts-list from T'S(N(«)) using pop function} ClEEIE e =T EEEEE R E
output « U ¢; as a partial periodic spatial pattern; HAEHHEERA HHE HEHEEEE B
. set N(aUi;) = N(a) N N(i;); B e EE | EEEEER
5:  set suf fixltems = (). Sl FIEIES Iy |EE 65 I
; ; 3 X e 1115 i 15
6: for iy ts-list(z;) in TS(N(«)) do R o
¢ te-list of items PS5 values
: if i € N(aUi;) then (a) (b)
: generate ts-list(a U 7)) = ts-list(a) U ts-list(z;); Fie. 1: Find N neriod; Al Af _
9: PS(aUiy)=calculate PeriodSupport(ts-list(aU 'g. 1: Finding partial periodic spatia I[E{T]‘; @) ter scanning
i) the temporal database and (b) Sorted list of partial periodic
i ; ;e spatial items

10: if PS(aUir) > minPS then P

11: suffixItems.append (i, ts-list(av U iy)):

12:  depthFirstSearch(a U 7;, suffixItems, N(a Ui;));
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Fig. 2: Performing depth-first search on the itemset lattice
using item a. (a) prefix pattern a., (b) prefix pattern ab, (c)
prefix pattern abd and (d) prefix pattern ad
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Fig. 3: Evaluation of n-ECLAT and ST-ECLAT algorithms

TABLE V: Few interesting patterns generated in Pollution

database
5.No. Patterns (or station ids) color
1 {868, 872, 874, 876, 881} Green
2 {43_.-";_’., 4256, 4312, 4263, 4335.- Red
4230, 4236, 4329, 437_;"}
3 {11‘:’3, 1225, 1261, IEEJII."'.-} Blue
4 {3‘;}416, 3954, 3503, 4032, 3097, 393‘:}} Pink
: 2
e
== o s
- L Okayama
----- -.-.; g
— [ * >
— g 2 P S ol
A - - ‘ = <
o .. -
: e Y / Hif®sSima-
- £ ” b el S v

[ S —

Fig. 4: Areas where people have been regularly subjected to
unhealthy levels of PM2.5 concentrate
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