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Abstract. As mobile devices proliferate and networks become more location-
aware, the corresponding growth in spatio-temporal data will demaalysas
techniques to mine patterns that take into account the semantics of suchglata
sociation Rule Mining has been one of the more extensively studied datagminin
techniques, but it considers discrete transactional data (supetnoargequen-
tial). Most attempts to apply this technique to spatial-temporal domains maps
the data to transactions, thus losing the spatio-temporal characteristiggowWe
vide a comprehensive definition spatio-temporal association rules (STARS)
that describe how objects move between regions over time. We deffiportin

the spatio-temporal domain to effectively deal with the semantics of satzh d
We also introduce other patterns that are useful for mobility dagdionary re-
gionsandhigh traffic regions The latter consists afourcessinksandthorough-
fares These patterns describe important temporal characteristics of segimh

we show that they can be considered as special STARs. We providierffal-
gorithms to find these patterns by exploiting several pruning properties

1 Introduction

The need for spatio-temporal data mining and analysis tqubs is growing. Some
specific examples include managing cell phone networks aaltird) with the data gen-
erated by Radio Frequency Identification Tags. Mining suata dould detect patterns
for applications as diverse as intelligent traffic managaimsensor networks, stock
control and wildlife monitoring. For example, consider thevement of users between
cells of a mobile phone (or similar) network. Being able tedict where users will go
would make cell hand-over decisions easier and improvewialtidl management. Also,
since most people own a mobile phone these days, the daté loewlsed for fast and
inexpensive population movement studies. Local govertsngauld find the ability to
answer questions such as “how much is this park being us&dRich areas are con-
gested?” and “what are the main routes that people takedhrthe city” useful. The
latter query would help design better pedestrian and velhdgltes to take into account
the main flows of people.

We therefore consider a set of regions, which may be any shiapiee, and a set
of objects moving throughout these regions. We assumettisgpossible to determine
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which objects are in a region, but we do not know preciselyratam object is in that
region. We do not assume that objects are always somewhtre iegion set, so in the
example of a mobile phone network, turning the phone off pageproblems for our
methods. We are interested in finding regions with usefuptenal characteristics (thor-
oughfares, sinks, sources, and stationary regions) aes thét predict how objects will
move through the regions (spatio-temporal associati@sjul source occurs when the
number of objects leaving a region is high enough. A sink haiglanumber of objects
entering it. A thoroughfare is a region through which manjeots move - that is, many
objects enter and leave. A stationary region is where maigctsbtend to stay over
time, while a STAR describes how an object moves betweemmsgiTogether, these
patterns describe many mobility characteristics and carsbd to predict future move-
ments.

We take the approach of mining our patterns on a time windowirbg window
basis. We think this is important because it allows us to Beehanging nature of the
patterns over time, and allows for interactive mining - irtihg changing the mining
parameters. Even though the patterns we consider occupatialsettings, they are all
temporal patterns because they describe objects movemeantsime as well as cap-
turing changesn the way the objects move over time. To understand thissiden each
pattern set; as capturing object movements over a ‘short’ period of timeur algo-
rithms this is the interval paifl'l;, T1;11]. That is,{; captures how the objects move
between the time intervalBl; andT'I;, ;. Then, as the algorithm processes subsequent
time intervals, the patterns mined at these points will inegal change, forming se-
guenceof pattern sets< &;,&;41, ... >. This change in theatternsthat are output can
be considered longer term changes. Such changes in thengattescribe the changes
in the objects behavior over time. Another way to think abibig is to consider the
objects motion as a random process. If the process is stayionwe would expect the
patterns to remain the same over time. If the process is atwsary, the patterns will
change with time to reflect the change in the way the objecigemo

There are a number of challenges when mining spatio-terhgata. First, dealing
with the interaction of space and time is complicated by tw that they have dif-
ferent semantics. Secondly, we also need to deal with tlersargtics effectively. This
includes considering the effects of area and the timeamatevidth not only on the the
patterns we mine, but also in the algorithms that find thostepes. Finally, handling
updates efficiently in a dynamic environment is challengiagpecially when the algo-
rithm must be applied in real time. We adoptiata streanmodel where spatial data
arrives continuously as a sequence of snaps$igtSs, ..., and the model that we mine
must keep up with this. Unless sampling techniques are gsetl,algorithms cannot do
better than scale linearly with time. Since processing ffaial snapshots is expensive
in general, we focus our attention there. We deal with exealtrtiques in this paper,
but it is possible to use probabilistic counting techniqueggether with our algorithms,
as demonstrated in one of our experiments.

2 Contributions

We make the following contributions:



— We give a rigorous definition of Spatio-Temporal AssociatiRules (STARS) that
preserve spatial and temporal semantics. We define the pisnotspatial cov-
erage, spatial support, temporal coveragad temporal supportBecause these
definitions retain the semantics of the spatial and temptiaénsions, it allows
us to mine data with regions of any size without skewing trsailts. That is, we
successfully extend association rules to the spatio-teahgdomain.

— We define useful spatio-temporal regions that apply to dj@oving through such
regions. These asgationary regionsandhigh traffic regionsThe latter may be fur-
ther broken intasources, sinkandthoroughfaresWe stress that these are temporal
properties of a spatial region set, and show that they areiadgpes of STARs.
We also describe a technigue for mining these regions efflgiby employing a
pruning property.

— We propose a novel and efficient algorithm for mining the S$AR®R devising a
pruning property based on the high traffic regions. Thisvaldhe algorithm to
prune as much of the search space as possible (for a givesetydtafore doing the
computationally expensive part.

Our algorithms do not assume or rely on any form of index (sastan R-tree, or
aggregated R-tree) to function or to obtain time savingsuth an index is available,
the algorithms will perform even better. Our time savingmeoabout due to a set of
pruning properties, which are spatial in nature, based eoliservation that only those
patterns that have a support and confidence above a thresfeoidteresting to a user
(in the sense that they model the data).

The rest of the paper is organized as follows. In Section 3wweey related work
and place our contributions in context. In Section 4 we gexesal related definitions
of STARs that highlight some of the differences in interpm@tSTARs. We close the
section with a detailed example to illustrate the subtietie Section 5 we define hot
spots, stationary regions and high traffic regions. In $adiwe describe our algorithm
for mining STARs. The results of our experiments on STAR minare described in
Section 7. We conclude in Section 8 with a summary and dosstfor future work.

3 Related Work

There has been work on spatial association rules (examulkgle [1, 2]) and temporal
association rules (examples include [3, 4]) but very litttgk has addressed both spatial
and temporal dimensions. Most of the work that does can legoedsed as traditional
association rule mining [5] or sequential association mleing appliedto a spatio-
temporal problem, such as in [6].

The work by Tao et al. [7] is the only research found that astld the problem
of STARs (albeit briefly) in the Spatial-Temporal domain. &s application of their
work they show a brute force algorithm for mining specifictapéemporal association
rules. They consider association rules of the fd¢rmr, p) = r;, with the following
interpretation: “If an object is in regior; at some time, then with probabilityp it will
appear in regiom; by timet + 7. Their algorithm is a brute force technique that takes
time quadratic in the number of regions. They use FM-PCSAcslkes [8] for speed,



have a simple STAR definition and ignore the spatial and teaim®mantics of the
data (such as the area of the regions or the time intervahyvidt

Other interesting work that deals with spatio-temporatgrat in the spatio-temporal
domain includes [9-12, 7]. Mamoulis et al. [12] mine peropatterns in objects mov-
ing between regions. Wang et al. [10] introduce what they ftalv patternswhich
describe the changes of events over space and time. Theideoesents occurring
in regions, and how these events are connected with changesghbouring regions
as time progresses. Ishikawa et al. [11] describe a techrfiggumining object mo-
bility patterns in the form of markov transition probabéi# from an indexed spatio
temporal dataset of moving points. In this case, the tramsfirobabilityp;; of an (or-
der 1) markov chain i€ (r;|r;) wherer; andr; are regions, which is the confidence
of a spatio-temporal association rule, although this ismettioned by the authors.
Tsoukatos et al. [9] mine frequent sequences of non spatigparal values for regions.

The work we have listed above is quite different from ours &hal. [7] consider
a simple spatio-temporal association rule definition, dedalgorithm for finding the
rules is brute force. Patterns that can be interpreted afRSEke considered by [11,
10], but they focus on very different research problems. digerithm of [11] will find
all transition probabilities, even if they are small. Amahgther things, our algorithm
makes use of the fact that users will not be interested irs toddow a support threshold,
and uses this to prune the search space. And most importaotig of the related work
consider the spatial semantics of the regions, such asrayedp they consider spatial
support or similar concepts.

Dealing with the area of regions correctly is important fterpretation of the re-
sults. Many authors implicitly assume that the spatialaegican be specified to suit
the algorithm. However, this is usually not the case. Calla mobile phone network
are fixed, and have a wide range of sizes and geometries dagamdgeographic and
population factors. Data mining applications have to beettmed to work with the
given region set, and we cannot ignore the influence of diffesized regions. In the
case of mining mobility patterns of moving objects (inchaglisources, sinks, station-
ary regions, thoroughfares and STARS), ignoring area Wéisthe results in favour of
larger regions because they will have more objects in theravenage. By taking the
region sizes into account, we avoid skewing the results aakkrour STARS compara-
ble across different sized regions. Finally, although figssible to scale most patterns
by the area after they have been mined, this is undesirabbube it prevents pruning
of the search space. Our algorithms deal with the spatipéoeah semantics such as
area effectively throughout the mining process and pruaes#arch space as much as
possible.

No previous work could be found, despite our efforts, thaisiders sources, sinks,
stationary regions and thoroughfares. We think these noatt&re very important be-
cause they capture temporal aspects of the way that objests im space.

4 Spatio-Temporal Association Rules

Given a dataset’ of spatio-temporal data, define a langudgthat is able to express
properties or groupings of the data (in both time, spacephjett attributes). Given two



sentencep; € L andp, € L that have no common terms, define a spatio-temporal as-
sociation rule ag; = ¢o. For example, the rule “late shift workers head into the itity
the evening” can be expressediageShi ftW orker(x) AInRegion(OutsideCity) A
Time(Evening) = InRegion(City) A Time(Night). To evaluate whether such a
spatio-temporal rule is interesting I, a selection predicatg T, 1 = o) maps the
rule to {true, false}. The selection predicate will in general be a combinatiosugf-

port and confidence measures. For example, if the support@rfaience of a ruld?;

are above their respective thresholds, th€R R;) evaluates to true.

The languagel can be arbitrarily complex. We consider the special caserevhe
objects satisfying a query move between regions. A qyesifows the expression of
predicates on the set of non spatio-temporal attributeh@fobjects. We explore a
number of definitions of such STARs in this section to highiigubtleties. We deal
only with the STAR of Definition 2 outside this section, so teader can safely focus
on this on the first reading, without missing the main ideathefpaper.

Definition 1. STAR (alternatives)Objects in region-; satisfyingg at timet will:

(a) appearin regionr; for the first time at timet + 7. Notation:(r;, t, Qr, g) = r;.
(b) be in regionr; attimet + 7. Notation:(r;, ¢, 7,q) = r;.

(c) appearin regionr; by (at or before) timet + 7. Notation:(r;, [t, 7], ¢) = ;.

Note that (a) distinctly defines the timestf at which the objects must arrive. (b) is
less rigid and allows objects that arrived earlier than tinter to be counted as long as
they are still preserdt time ¢t + 7. () counts the objects as long as they have made an
appearance in; at any time within¢, ¢ + 7]. We generalise (c) in our final definition:

Definition 2. STAR: Objects appearing in region; satisfyingq during time interval
TI, will appear in regionr; during time intervall'l., whereT'I, N T1, = () andT'I,
is beforé T'I... Notation: (r;, T1s, q) = (rj, T1.).

Note that all the definitions are equivalent wHER, = ¢, TI, = ¢t + 1 andr = 1.
We are interested in the rules that have a high confidence ighdsbipport . We will
use the notatiom; = r; or ¢ for a STAR when we are not concerned with its exact
definition. We will consider the problem of more rigorous pag definitions that are
more appropriate in a spatio-temporal setting later.

Definition 3. Definesupport of a rule {, denoted by (¢), to be the number of objects
that follow the rule, and the support (with respectjmf a regionr duringT'1, denoted
byo(r,T1,q), to be the number of distinct objects withimluring T'T satisfyingg.

Definition 4. Define theconfidenceof a rule { whose antecedent contains region
during T'I, denoted by:(¢), as the conditional probability that the consequent is true
given that the antecedent is true. This is the probabilig the rule holds and is analo-
gous to the traditional definition of confidence and is given(d) = o(¢) /o (r;, T1, q).

We illustrate the above definitions with an example.

2 We actually mine rules whefEI, andT'I. are adjacent, but it is easy to generalise our methods
so that this restriction does not hold.
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Fig. 1. Example data for STAR mining.

Example 1.Consider Figure 1(a) which shows the movement of the setjettds =
{a,b,¢c,d,e, f,g} inthe time-framgt, ¢ 4+ 3] captured at the four snapshots+ 1,¢ +
2,t + 3. Assume thay = ‘true’ so that all objects satisfy the query.

Consider the STAR = (ry,t,@1,q) = ro. From the diagram{b, c, ¢} follow
this rule, so the support of the ruled$¢) = 3. Since the total number of objects that
started inry is5 = o(r1,t,q) = [{a, b, ¢, d, e}/, the confidence of the rule ig¢) = 2.
For¢ = (r1,t,@Q2,q) = ro we haves(() = 2 because€{a,d} follow the rule, and
c(¢) = 2. For¢ = (r1,t,@3,q) = r, we haves(¢) = 0 because no object appears in
ro for the first time at time + 3.

The STAR¢ = (r1,t,1,9) = ro is equivalent to = (r1,¢,@Q1,q) = ro. But
for ¢ = (r1,t,2,q9) = ro we haves(¢) = 4 becaus€a, b, c,d} follow the rule (for
this STAR definition we count them as long as they are stiltetet timet + 2), and
c(¢) = %. For¢ = (r1,t,3,q) = ro we haves ({) = 4 since{a, b, d, e} follow the rule
(we don't countc because it is no longer i at timet + 3), andc(¢) = %.

(r1,[t,1],q) = re = (r1,t,1,q) = 192 = (r1,t,Q1,q) = ro. For{ = (11, [t, 2], q)
= ro we haves(¢) = 5 becausga, b, ¢, d, e} satisfy the rulee satisfies even though
it has left byt + 2. Since all objects fromr; have made an appearance-inby ¢ + 2
we must haver ((r1, [, k], q¢) = ro) =5forallk > 2. For{ = (r1, [t + 1,1],q) = r2
we haver(¢) =2 andc(¢) = 2 =

The STAR( = (11, [t,1],q) = (r2, [t+1,t+k]) is equivalent tqry, [¢, k], ) = 72
for k > 1. For the STARC = (r1,[t,t + 1],9) = (r2,[t + 2, + 3]) we haveb
distinct objects {a, b, ¢, d, e}) appearing in- during [¢,¢ + 1] and6 distinct objects
({a,b,c,d, e, g}) appearing in during [t + 2,t + 3]. The objects following the rule
are{a, b, c,d, e} so the support of the rule Band its confidence i§ = 1. For¢ =
(ri,[t+1,t+2],q) = (ro, [t + 3]) we haves(¢) = 3andc(¢) = 3.

Counting the objects that move between regions is a simgle e main idea is
that if S; is the set of objects in; at timet andS; is the set of objects in, at time
t + 1 then the number of objects moving from to r» during that time ig.5; N S|
(assuming objects don't appear in more than one region ate) ti



4.1 Extending Support into the Spatio-Temporal Setting

Defining support in a spatio-temporal setting is more cooapéid than we have consid-
ered so far. Specifically, the size of any spatial atom or iarthe rule should affect the
support. Thatis, given the support in Definition 3, two ruldsse only difference is the
area of the region in which they apply will have identical gap. Consider Figure 1(b)
wherer; C Ry, and objecta, b, ¢, d} move fromr; to r, between time andt + 1.
Then the rules; = r, andR, = r, have the same suppdrHowever, among these
sets of equivalent rules we would prefer the rule coverimgstinallest area because it is
more precise. A similar issue arises when we wish to comersupport of rules that
cover different sized regions. Consider again Figure T{bg support of:; = r5 is4
ando(rs = r4) = 2 while 0(R; = R3) = 6 which is higher than the other rules but
only because it has a greater coverage. This leads to th&us@rcthat support should
be defined in terms of the coverage of a rule.

Definition 5. Thespatial coverageof a spatio-temporal association rufe denoted by
¢s(¢), is the sum of the area referenced in the antecedent and goestof that rule.
Trivially, the spatial coverage of a region is defined ags(r;) = area(r;).

For example, the coverage of the rule=- ro is area(r1) + area(rs). This remains
true even ifr; = ry so that STARs with this property are not artificially advaysd
over the others. We solve the problem of different sizedamgby scaling the support
o(¢) of arule by the area that it covers, to gsatial support.

Definition 6. The spatial support, denoted by, (¢), is the spatial coverage scaled
support of the rule. That iss(¢) = o(¢)/¢s(¢). The spatial support of a region
during T'T and with respect tq is os(r;, T1,q) = o(ri, T1,q)/¢s(ri).

Consider again Figure 1(b) and assumesthbave unit area and th&; are com-
pletely composed of the they cover. Then we have (r, = r2) = o(r1 = 12)/ds(r
= ry) = 4/2 = 2, 04(r3 = 1r4) = 2/2 = 1 andos(R; = Ry) = o(R; =
Ry)/¢s(R1 = Ro) = 6/4 = % The ruleR; = R, no longer has an advantage, and
in-fact its spatial support is the weighted average of its t@amposing rules.

We do not need to scale confidence because it does not suifeitfiese problems.
Indeed, increasing the size of the regions in a rule will oerage increase both(({)
ando(r;, T'1s), so larger regions are not advantaged. Confidence is alsmdifional)
probability, so scaling it by spatial coverage would remthis property.

In a spatio-temporal database we must also considgethporal supporandtem-
poral coverage

Definition 7. Thetemporal coveragef a rule ¢, denoted by, ({), is the total length
of the time intervals in the rule definition.

For example, the temporal coverage of the (uleT I, ¢) = (r;, T1.) is|TIs|+|T L]
where|T'I| is an appropriate measure of the time interval width.

3 Since{a, b, ¢, d} follow the rules, the support is 4 in both cases.



Definition 8. Thetemporal supponf a rule(, denoted by (), is the number of time
interval pairsTI’ = [TI,, T1.] over which it holdé.

Note that we did not perform scaling by temporal coverageshart, this is because
we view the temporal coverage as being defined by the useraedach rule mined
will necessarily have the same temporal coverage. A morgtioated reason presents
itself when we consider mining the actual rules. For examassume the temporal
coverage of a rulg¢ is 7. We have at least two options, either we count the temporal
support of the rule during, ¢ + 7|, [t + 1,t + 1 + 7], [t + 2, + 2 + 7, ... or during
[t,t+ 7], [t + 7,t + 27], [t + 27, t 4 37], .... Scaling by temporal coverage would only
make sense in the second case. If we assume an open timeswatadt has no end, or
is sufficiently large that we can assume this) then the nurabepportunities to gain
a support count (that is, for the rule to hold) in the first cdses not depend on the
size ofr. That is, the temporal coverage is not a factor. Notettvaporal supporonly
applies to the case where a user is interested in which STé®saur over time (and
hence STARs which rarely occur are not interesting).

The reader should note that the definitions of STARs that weapply to a specific
time interval and describe how objects move during that tifites is quite general in
the sense that the mined STARs can be analysed for changasmwegfor periodicities,
or simply aggregated in time (using temporal support) to fewlrrent patterns.

Both temporal and spatial coverage are defined by the udee application. Spatial
coverage is inherent in the size of the regions. Temporareme is more flexible and
determines the window for which rules must be valid, but ¢ghigice is the same for all
rules. When mining STARs we attempt to find rules that hagpatial supportabove
a thresholdmin.SpatSup andconfidenceaboveminConf. If the user is interested in
summarising STARs over time, we additionally output onlgsé rules wititemporal
supportaboveminT empSup.

5 Hot-Spots, High Traffic Areas and Stationary Regions

Definition 9. A regionr is a dense region ohot spot with respect tog during 7'1
if density(r,T1,q) = os(r,T1,q) > minDensity, whereminDensity is a given
density threshold. We also defineas dense during'I’ = [T1;,T1;1] if it is dense
during both bothl'7; andT'7; ;.

We define a region to have high traffic (with respect to some quepyf the num-
ber of objects that satisfy and are entering and/or leaving the region is above some
threshold. A stationary region is one where enough objectain in the region. These
patterns are a special type of STAR. They are also easy tadmukider twesuccessive
time intervalsT'I; andT'I>. Then the number of objects (satisfyipythat are inr in
TI, that were not there ifi'I; is the number of objects that enteretetweer’I; and
TI,. Let S; be the set of objects (satisfying that are inr during7'l;, and letS; be
the corresponding set fa@rl,. We are clearly looking fofSy — S1|, where— is the set
difference operation. Similarly, the number of objectsrieg r is |S; — S»| and the
number of objects that remain infor bothT'I; andT'I5 is |:Sy N Sa|.

4 Of course, we then omif I, andT'I. from the notation of.



Example 2.Consider again Figure 1(a) durifiy’ = [[t,¢],[t + 1,¢ + 1]] = [t,t + 1]
and assume the thresholdis{e, b, ¢} enterr, duringT'I’, sor, is a sink and because
they came fromr, 1 is a source. Durin@'I’ = [t + 1,t + 2], {g, b, ¢} remain inry so

it is a stationary region duringI’. If the threshold i€, it would also be a thoroughfare
becaus€a, d} enter while{e, f} leave durindl'I’. r, is also a stationary region during
[t +2,t+ 3] becaus€a, b, d} stay there.

To express high traffic regions as STARs, note that if we: le¢ the set of regions
excludingr but including a special region.;,., then the number of objects entering
rduringTI’ = [TI;, T1;1] is just the support ofx, T'I;,q) = (r,TI;+1). We need
re1se t0 cater for the case that an object ‘just’ appears (disagp&@m the region set.
We model this as the object coming from (going tg)... This situation would happen
in the mobile phone example when a user turns his/her pho(&®nwe now formally
define high traffic areas and stationary regions.

Definition 10. A regionr is ahigh traffic region with respect to query if the number
of objects (satisfying) enteringr (n.) or leavingr (n;) during 71’ = [T1;,T1;41]
satisfy
«
¢s(r)
whereminTraf fic is a given density threshold ang, is given by definition 5. Note
thatn, = o((x,T1;,q) = (r,T1;y1)) andn; = o((r, T1;, q) = (x,TI;i41)).
Such regions can be further subdividedulf/ ¢+ (r) is aboveminTraf fic we call
that region asink. If n; /¢ (r) is aboveminTra f fic we call it asource,and if a region
is classified as both a sink and a source we callttharoughfare.

>minTraffic : a =neorn

Definition 11. If the number of objects remainingifndenoted by, satisfiesdﬁ =
o((r,TIL,q) = (r,TIi+1))/¢s(r) > minTraf fic then we callr a stationary re-

gion. A stationary region may or may not be a high traffic region.

Note that if we definerrea(x) = 0 then the definition of high traffic areas is a
statement about thepatial supportof special types of STARs. For stationary regions
however, we get as a consequence of Definition 5 ﬁ%‘s =2 -04((r,TL,q) =
(r,TI;+1)). We definen, /¢s(r) : a € {e, 1, s} as thespatial supporbf these patterns.

The following theorem allows us to prune the search spacérfding high traffic
regions and stationary regions.

Theorem 1. If minTraf fic > minDensity then:

1. The set of sources durif@'l;, T'I; ] are a subset of dense regions durifig;

2. The set of sinks during'Z;, T'I; 1] are a subset of dense regions durifig; , ;

3. The set of stationary regions durifif;, TI;, ] are a subset of the regions that are
both dense during’; and duringT'[; ;.

Proof. Due to lack of space, it has been omitted. Please see [13].

As a consequence, ifiinTraf fic > minDensity then the set of thoroughfares dur-
ing [TI;,T1I;11]is a subset of the regions that are dense at fiifieand at timeT'7; ;.
These properties prune the search for high traffic regiamsyes can find high traffic
regions by settingnin Density = minT'raf fic, mining all hot-spots and then mining
the hot-spots for high traffic areas.



6 Mining Spatio-Temporal Association Rules

Hy: Dense Hi+p: Dense
during 7% during Ti4r
_ T=ANC
Thoroughfares

In this section we exploit the high
traffic area mining techniques to de-
velop an efficient STAR mining algo-
rithm for the STARs of definition 2
(omitting ¢ for simplicity).

As a motivation to why this is use-
ful, assume a set of regior®. Then
there arg R|? possible rules for each
TI', since there aréR| starting re-
gions and|R| finishing regions. Us-
ing a brute force method, this would
require|R|? counts of the number of Fig. 2. lllustration of the complete mining pro-
objects in aregion. Our algorithms adcedure.
dress this quadratic time component.

The reader may find it useful to refer to Figure 2 while readtmgfollowing. We
exploit the following theorem:

5 CH: N Hiwr)
Stationary

regions

maxy (area(ry))+ming (area(ry)) )

Theorem 2. LetsizeFactor = iy (area(rs))

If sizeFactor - minSpatSup > minTraf ficthen duringl'l’ = [TI;, T1;14]:

1. The set of consequent regions of STARs with spatial sugpoveminSpatSup is

a subset of the set of sinks,

2. The set of antecedent regions of STARs with spatial suppboveminSpatSup is

a subset of the set of sources,and

3. The set of STARs whose consequent and antecedent arentheausd have a spatial
support aboveninSpatSup correspond to a subset of stationary regions, with equality
when2 - minSpatSup = minTraf fic.

Proof. Due to lack of space, it has been omitted. Please see [13].

The steps to mine STARs of definition 2 with spatial suppodvabninSpatSup
and confidence aboveinConf during the time intervall'I] = [T'I;, T1;;;] are as
follows:

1. SetminDensity = minSpatSup - sizeFactor and mine alhot-spotduringT'I;
and duringl'I;; to produce the setf; andH; 1.

2. SetminTraf fic = minSpatSup - sizeFactor and find the set ohigh traffic
areasand stationary regionsrom H; and H; . Denote the set afourcesby A,
the set ofinksby C, the set othoroughfaredy 7" and the set oftationary regions
by S. Recall from Theorem 1 that ¢ H;, C C H;y1, S C H; N H;y; and
T:AQCCHZ'QHZ'JFL

3. By Theorem 2A contains all candidates for the antecedent of STARspntains
all the candidates for consequents of STARs &rwbntains all the STARs where



the antecedent is the same as the consequent. Using thisiuatemhe rules corre-
sponding to the elements dfx C'— S x S andS for spatial support and confiderice
We keep all rules that pass these tests.

We then apply the above procedure for the next successivé gtestampsl'l; | =
[TI;4+1,TI;1 2] and so on. We therefore generate a sequence of pattern sesp(its,
high traffic areas, stationary regions and STARSY;,&;+1,&;+2,... > over time. If
desired, we aggregate the patterns by counting the numbeteofalsT I’ for which
each of the the patterns hold. If the total number of thesedihporal support as defined
earlier) is above the threshaldin T empSup after the procedure is complete, we output
the pattern. Th&'I are given by achedule algorithnthat splits up the timestamps into
a stream of time intervals. There are many possible choimeshfs algorithm, two
examples of which we have considered in section 4.1.

If regions are of different sizes, then in the worst caseasiblm where a very large
region and a very small region exist the pruning will be lezffitient. In the limit-
ing case we obtain the choice which gives the lower bauithy,oice o f region geometry
sizeFactor = 1. On the other hand, the best pruning occurs when all the megice
the same size, in which cas&zeFactor = 2 and set of stationary regions corresponds
exactly to the set of STARs with the same antecedents an@queasts. In this case we
set2 - minSpatSupport = minTraf fic = minDensity in the procedure above and
we don’t need to check the rules corresponding for support.

An optional pruning method may be applied that takes int@astan objects maxi-
mum speed or other restrictions on its movement. That isA&RSill not exist between
two regionsr; andr; if they are so far apart that it is impossible to reagtfrom r;
during the time interval’I’. Define a neighbourhood relatiag¥i(R;, R;) that outputs
the subses of R; x R; suchthatS = {r;,r; : N(r;,r;) =1,r; € R;,rj € R;}. Here,
R;, R; are sets of regions, amd(r;, ;) is 1 if and only if 7; andr; are neighbours. By
‘neighbours’ we mean that; can be reached fromy; duringT'I’. This relation allows
restrictions such as ‘one way’ areas, inaccessible aradsnaximum speed of objects
to be exploited for further pruning the search space. If sucdlation is available, we
now need only to evaluat¥ (A, C) — S x S.

The reader should note thet x C — S x S| < |R x RJ, and that the amount
by which it is smaller depends on the data anth.SpatSup. We effectively prune the
search spacas much as possible given the dataset and mining paramstéose doing
the computationally expensive part. Our experiments shavthis time saving is large
in practice, even for very small spatial support thresholds

Finally, to tie up the theory, we define the temporal suppbm bot-spotas the
number ofT'I’s for which the region is dense. Consequently, the readarldhmote
that thehot-spots, stationary regions, high traffic aremsd STARsall have spatial and
temporal support defined for them, and apply over two suaaetme intervalsl'l’ =
[TI;,TI;1].

5 Note thatS may or may not be contained ihU C' and may in fact be disjoint. This is why we
need to evaluate all &f for STARs. Since some overlap may occur, we save repeated work by
evaluatingA x C' — S x S rather thand x C.



7 Experiments

7.1 Efficiency and Scalability

We generated four datasets for our experiments consistihg, 600 points, each mov-
ing through(0, 1)? at timestamp$, 0.01,0.02, ..., 1 according to the rules «— = + X,

y — y + Y whereX ~ uniform(—0.01,0.05) andY ~ wuniform(—0.01,0.1). We
useTI’ = [t,¢t + 1],[t + 1, + 2], .... Toroidal adjustment was used so objects wrap
around the unit square when they reach its boundary. Theligiistributions were
Gaussianwith mean0.5. Our four datasets differed only in the variance of the aiti
distributions, witho? € {0.05,0.1,0.2,0.3} corresponding to what we shall call our
Compact, Medium, Sparse and Very Spatatsets. The speed and the randomness of
the motion has the effect of spreading the objects out raghiekly over the workspace,
so all the datasets become sparse toward the end of thedimgstindeed, the datasets
were chosen to thoroughly exercise our algorithm. We useckgion configurations in

n x n grids where the number of regions was var(@€, 81, 144, 225, 324, 441), while
keeping the total area covered constanitsdt= 50625. [13] provides more detail.

We evaluate the performance gains of the algorithm over gelfarce algorithm
performing the same task on the various datasets, usingreliff parameter settings.
We didnot use a neighbourhood relation to further prune the searatespahese ex-
periments. We varied the spatial support thresheith.SpatSup € {0.05,0.075,0.1}.
Due to our region configuration (which givesze Flactor = 2), and using the results
from the theory, we always haveinSpatSup - 2 = minDensity = minTraf fic.
We usedninConf = 0.0 andminTempSup = 1.

The choice of aery lowspatial support threshold«{in.SpatSup = 0.05) was made
so that many rules were mined for all the datasets, and thighgohoportion of regions
would be dense and high traffic regions according to the sparding thresholds. For
example, for thel5 by 15 region setyminSpatSup = 0.05 corresponds to a region
being dense (high traffic) if at lea82.5 objects occupy it (move into it or out of it).
Since there are0, 000 objects and onlyi5> = 225 regions, on average each region
would have more than4 objects in it, more than sufficient for the support threshold
Furthermore, since objects will move on average more thanof the way across a
region during each timestamp, there will be plenty of olgenbving between regions
to provide support for high traffic regions and STARs.

For the compact and medium dataset case (Figure 3(a) andn@)jme taken by
the pruning algorithm for all support thresholds grows Higantly slower than the
brute force approach. For the very sparse dataset (Figdjg 8te time for both algo-
rithms grow at a similar rate fominSpatSup = 0.05, but the pruning algorithm is
still significantly faster. Recall that for thlew setting of the support threshold, almost
every region becomes dense and a high traffic region. Folighehsupport thresholds,
the pruning algorithm is able to prune more regions and suEsgly performs much
better. The other datasets fall between these two casesll Rext the more regions are
pruned, the smaller the quadratic component of the alguarigh In all cases it can be
seen that pruning is very beneficial and that the amount uelsespace can be pruned
is determined by the properties of the dataset and the sujpesholds. Since users
will be looking for patterns with high support, this is ideal
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Fig. 3. Results on the different datasets with different support settings.

7.2 Performance when using Sketches to Handle Real-Time &mming Data

Handling millions of objects moving in real time, streamithgta is generally not pos-
sible due to time and space considerations. We used FM-P&&Ahes [8] to reduce
processing time and space at the cost of accuracy. Usingthpact dataset we were
able to achieve precision and recall values of 67% using 8#\of the space and less
than 38% of the time of exact methods. Since the size of FMAP§K8tches scale log-
arithmically in the number of objects, they can be used tallmmillions of objects.
By increasing their size, errors can be reduced. More dedaibe found in [13].

7.3 Finding Patterns in Noisy Data

In this experiment we generate a dataset with a known pattednadd noise to it.
We used al0 x 10 region layout.100 objects were spread evenly (10 per region)
over one row of the grid and made to move with a constant viglaii one region
(0.1 of the unit square) per time stamp to the right. The grid wagidal, so objects
leaving on one side emerge on the other. We then added varigubersN of uni-
formly distributed objects to the region layout, moving hlwitarious speeds. We used
N € {1000, 2000, 3000, 4000, 5000}, and the distribution defining the objects’ change



in location wasX ~ Y ~ wuniform(—a,a) with o € {0.05,0.1,0.15,0.2}. The
datasets were generated in the unit square, which was agaled that each (square)
region had an area ab0. With aminSpatSup < 0.05 therefore, this creates the same
10 STARSs at each time interval. We setnSpatConf = 0.

We first setminSpatSup = 0.05 (and henceninTraf fic = minDensity =
0.1), thus ensuring a recall af and examined the effect of the ‘noisy objects’ on preci-
sion. As illustrated in Figure 4(a), precision fell for alitasets as the number of objects
was increased. We also note that the way the noisy objectedniowpacted on the
false positives. Objects that moved fast or slow createéféalse positive STARS. The
worst drop in precision (supported by further experimerith finer grained variation
of ) was for objects moving wituni form(—0.1,0.1). This meant that they moved
enough on average to move between regions, but not enougbvie too far away and
thus ‘dilute’ their support.
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tions. Recall il in all cases. theminSpatSup.

Fig. 4. Results for mining a pattern in noisy data.

Overall, the results were quite good: for a recalllof’e achieved precision above
0.98 for all datasets witf2000 or fewer noisy objects. That is, when the number of noisy
objects was twenty times the number of objects creatingatget pattern (this meant
there were two times as many noisy objects in regions of tHERSThan objects sup-
porting the desired pattern). For most of the datasets tHerpgance for3000 or more
noisy objects was not very good. We therefore sacrifice otieperecall score for some
increases in precision by increasimgn Spat Sup. Generally, increasingvin.SpatSup
will reduce recall but increase precision. We use liaedestdataset for this. That is,
with the noisy objects moving withni form(—0.1,0.1). Figure 4(b) shows the result-
ing precision-recall curve. Clearly, even for th@)0 noisy object case we are able to
achieve precision and recall aba¥85, which is an excellent result. That is, with noisy
objects50 times the number of objects supporting the desired patteowjng over an
areal( times the area of the desired pattern, witlset to maximise the false positive
rate, we are still able to get precision and recall abngs.
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Conclusion

We have introduced rigorous definitions of important sp&imporal patterns while
retaining the semantics of space and time. Most notably,ave kffectively extended
association rule mining to the spatio-temporal domainth&rmore, we presented effi-
cient algorithms for finding these patterns in object mopiliatasets. These algorithms
prune the search space as much as possible before doingrtipaitztionally expen-
sive part. By mining the patterns on a time interval by timeeiwal basis, we can not
only find current patterns in streaming data, but also seethese patterns evolve over
longer periods of time. This will be the focus of future work.
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