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Abstract—This paper describes an algorithm for determining ~ period 1pm to 5pm. The proposed algorithm also considers
if an event occurs on a routine basis within a fixed time interval gaps in spatio-temporal routines. These account for thescas
and also determines the period of that interval. The algorithm where a person may visit the garage for an hour every

is geared towards the observation of routine actions taken by kdav but not kend d also th h
humans that are consistently recurring but not exactly periodic. weekday but not on weekends, and also the case where a

The goal of the algorithm is to determine the minimum period ~ Person may visit the kitchen for two hours in the evening
of the interval in which the event occurs that also encloses everyday except on those rare days when he has to work
the entire duration of the event. The proposed algorithm, |ate.
that focuses on a single event type, is tested with artificially ; ; . ; in dife
generated data and data from a sensor network testbed that ficEIltiSng\t/ﬁzraT \?vjt)g/tltc(’) fgﬁgggli;‘ogﬂrglsgngﬁ; ]:;):srignaltrl;i(rjslf
verlfy Its correct operation. ) ) U i
the events making up a routine are not themselves periodic

or even approximately periodic, and we must discover those
periodic time intervals containing those events which expo

A number of sensor network systems have been deployethe fact that the events occur in regular intervals. Second,
for monitoring a person’s whereabouts at varying levels ofthe period of these periodically occurring time intervas i
granularity ranging from home level monitoring to world- not known beforehand and must be discovered. Third, the
wide GPS monitoring. Such systems have demonstrated a Iperiodically occurring envelopes need not extend acrass th
of success towards the collection of high quality data, creentire interval of observations, and there may be “gaps” be-
ating a set of new challenges for data processing especiallyveen collections of periodically occurring envelopes athi
in the area of understanding the structure of behaviors Thimake up a routine. Fourth, events occurring in periodically
is a promising area of research that could lead to new waysccurring envelopes can be interleaved with “noise” events
of analyzing behavior, precisely quantifying changes andn the form of extra events in an envelope, and events
observing habits to a level that could closely monitor darta between envelopes.
medical conditions while also providing assistive sersice In addition to its immediate usability in understanding

In this paper, we present a method geared towards studyvent properties, the solution to the problem described her
ing the habits of a person to the extend they can be capturdtas promising implications in routine analysis and sensing
in time and location information collected by a sensor netn the case of the former, there is a lack of a mathemat-
work. We study the notion of “spatio-temporal routines” andical representation of a human routine with respect to its
propose a new algorithm for determining whether an eventomponents. The proposed algorithm exposes the properties
occurs consistently within a fixed time interval, withowslf ~ of individual components by treating them as single events.
being periodic. Drawing on the experiences and lesson$his will help group together all the components of a human
learned from our sensor network testbeds in elder mongorinroutine, allowing us to study their structure in order to de-
[1], in this work we place our emphasis in the treatment of avelop more abstract mathematical interpretations of nesti
single event. With this, the key property of human routinesFor the latter, understanding the periodicity of eventd wil
we wish to capture is that although an event, such as aost likely enable a new form ofop-down sensinghat
kitchen visit for two hours, may occur on a regular basis,could compensate for the lack of sensors for directly sensin
it will most likely not occur exactly, or even approximately human behaviors and routines. Instead, of requiring custom
periodically over any significant portion of the interval of sensors, the proposed algorithm could be used to recognize
observation. Similarly, while a person may visit the garageroutines from their indirect timing properties, allowiniget
for an hour every afternoon, he may do so anytime betweesensing of complex behaviors using simple off-the-shelf
1pm and 4pm, and therefore, the actual visit itself will (inos sensors.
likely) not occur periodically. What does occur periodigall The rest of the paper describes the components of the
however, and this will be the point we will exploit in our proposed algorithm. Section Il surveys the related work in
ultimate definition of spatio-temporal routines, is the dim the sensor networks and data mining literature. Section Il|
interval in which the garage visit takes place, i.e. the timeprovides the problem statement followed by an overview

I. INTRODUCTION



of a simplified version of a sliding window algorithm used type of periodicity we consider is fundamentally different
to determine if a candidate period of an event is indeedsiven an event type of interest, we do not require events
the period in Section IV. Section V provides an algorithmof that type to occur (approximately) periodically in the
for discovering a set of candidate periods by efficientlyon-segments. Rather, we only require that time windows
pruning out impossible candidates. In section VI we providecontaining events of that type occurs periodically in the on
the algorithm for selecting the period out of the previouslysegments, and the event itself can occur in any random point
generated set of periods. Section VII provides suggestionim that time window. This is a necessary requirement because
on how to use the proposed algorithm without knowledgeunlike previously considered applications, such as irugnt
of its parameters and section VIII presents our evaluatiomeplenishment, individual events comprising human ragin
results using real and synthetic data. Section IX concludealmost never occur perfectly periodically even within a Bma
the paper. portion of the time interval.

In [7] the authors consider a slightly different problem,
where the events are modeled as lines in a 2-dimensional

In [2], the authors consider a sequence of data setgpace representing the start time and the duration of the
and the goal is to look for sets of elements which occurevents. Consequently, events are clustered together, teo as
periodically in the sets. For example, if the sequence ofnaximize the overlapping of the line segments that belong to
data sets are given &@;,D-,...,D,, then an element  the same cluster, minimizing at the same time the number of
occurs periodically if there ar& o < n, so that beginning clusters. Although this approach can provide indicatiohs o
with D,, x occurs in everyth data set. Hence, only perfect periodicity by finding events that occur at approximately th
periodicity is considered, and the original data is assutned same time and having the same envelope, it does so using
be pre-segmented into buckets. In [3], the authors considere-specified temporal windows and neglecting periodicity
a problem with the same set-up as that of [2]. Howeverwithin these windows. Moreover, it is largely dependent on
instead of discovering elements which occur with perfectthe duration of the events, and attempts to cluster the gvent
periodicity, the authors considers the problem of findingin a way that minimizes the envelopes around them. On
subsets of elements which occurs frequently among all théhe contrary, the algorithm presented in this paper, attemp
data sets. Also, the elements in eabh are considered given a class of events to determine the optimal envelope
as a sequence of symbols where order matters. In [4], tharound them. In fact, our method can be combined with
authors consider a set up where a sequence of events withe algorithm presented in [7] to achieve optimal selection
time stamps and a specified window length is given. Anof windows and, hence, clusters. Concerning some simpler
event set is defined to be frequent if there are at leasiorms of finding periodicity. Circadian rhythms, namely
some specified number of time windows with the specifieddiscretizing time in bins of fixed size and measuring the
length in which the events in the set occur. The periodicitypercentage of events in these bins [8], [1], can be used
of time windows are not considered. In [5], a sequencedo provide a rough estimation of when these events occur.
of symbols is considered, and the time line is viewed afHowever, the amount of detail provided by these methods
being composed of segments where a segment is consideresdinot adequate enough to characterize the actual petpdici
“valid” if a sequence of symbols is perfectly periodic in the of the events.
segment, i.e. the symbol sequence is repeated a number of
times exceeding some user specified threshold. The aim in
that work is to discover the combination of disjoint valid We are given a sequence wfevents where all the events
segments, with respect to a particular symbol sequence, than the sequence are of the same type, and an occurrence time
has the desirable maximality properties in terms of rejpetit  is given for each event. We assume that events are classified
and length. There is some resemblance here with our workt a lower layer using approaches such as clustering or gram-
in that we also consider imperfect periodicity where themars [9], [7]. Lete denote the event type. We will consider
periodicity does not hold over the entire time interval butevents of the same type as equivalent, so for simplicity of
only over a portion of it within certain limits. However, the notation, we will useavent e&io0 mean an event df/pe e Let
fundamental difference here from our work, is that a symbolp; denote the occurrence time of thi event in the given
sequence must repeat itself without the interleaving oéioth sequence, and 1€t denote the set of all occurrence times. So
noisy symbols in a time segment in order for that segmentt@; < ps < ... <p, andP ={p; | i € {1,...,n}}. LetF
be considered one where the symbol sequence is periodic. Bnd.S be two user specified parameters whereetermines
[6], the time line is viewed as contiguous on/off-segmentswhether events of type occur frequently enough, and
where on-segments denote portions of the time line wheres a real between 0 and 1 which determines if events of
the event occurs periodically or approximately periodical typee occurs over a significant enough fraction of the entire
within some user specified “jitter factor.” In our work, interval of observation. We cal" and .S the frequencyand
we also consider an on/off-segment model, however thesupportrespectively. Letnin,., be a user specified positive

Il. RELATED WORK
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Figure 1. (a)A routine with parameters: S=0.7, F =nin,.,=2. (b) The temporal property, periodic partition and spairaperty of the routine.

integer greater than or equal to two which determines wheinmdexed by its position in the given event sequence. A reutin
events of type repeat in enough periodically occurring time may have more than one temporal and spatial property pair
intervals to qualify as a regularly reoccurring behavi@t L. associated with it. Note that in order for evento be a
denote the length of the interval of observation. We assumeoutine, we only require that there exist (a sufficient nurhbe
the interval of observation has been discretized in theaos of envelopes which are periodic. There may be a complete
time unit. So if the time unit is a minute, and the interval lack of periodicity or even approximate periodicity among
of observation is thirty days, then the total length of thethe event occurrence times themselves.
interval of observation id = 24 % 60 * 30, and the set of See Figure 1(a) for an illustration of a routing}
all occurrence times is a subset of, 2, 3,..., L}. with period 12 hours, where is the event of a garage
We say that a time interval is agnvelopeof evente if  visit with duration of an hour which we denote by
an occurrence of event begins and ends in the interval. {garage, 60minutes}. The envelopes are denoted by the
Formally, we say that event is a spatio-temporal routine rectangles, and each envelope contains an event of the same
(or just aroutine), and we symbolize it with{e}, if there  type as evene. 7 is the set of all the envelopes, and is
exists a set7 of envelopes, where all the envelopes havea temporal property of the routine. The spatial property
the same lengths, and the following hold: are the events contained in the envelopes. The first three
1) The number of envelopes fh is at leastF": |7| > F. envelopes occur periodically and the last three envelopes
Condition 1 says that an event must occur frequentlyoccur periodically, and there is a break in the periodicity
(as deemed by user specified paramdi®rin order  of the envelopes between the third and fourth envelopes. A
for it to be considered a routine. periodic partition ofZ contains two sets, the first of which
2) There is a partitior? of 7 such that each set i®  consists of the first three envelopes, and the second of which
contains at leastin,., envelopes, and the envelopes consists of the last three envelopes. See Figure 1(b) for an
in each set ofP occur periodically and with the same illustration of the routine{e} with its temporal properties,
period. The period is required to be at least the lengttperiodic partition, period and spatial property labeled.
of each envelope iff, and given any pair of set®; An aligned routine with period! is a routine of period
and P, in P, the distance between the left endpoint! with at least one temporal propery where the distance
of any envelope irf?; and the left endpoint of any between the left endpoints of any two intervalsZnis a
envelope inP, is not equal td. Let I(P’) denote the multiple of the periodi. See Figure 2(a) for a temporal
smallest time interval containing all the envelopes inproperty of an aligned routine. For example, suppose a
P’ for eachP’ € P. person visits the kitchen for an hour on most days in the
3) I(P’) andI(P") do not overlap for any?’,P” € P,  time interval between 8am and 10am for breakfast. That the
and the sum of the lengths éfP’) for all P’ € P is  person does not visit the kitchen between 8am and 10am on
at leastSL. Monday and Tuesday correspond to gaps or interruptions
Conditions 2 and 3 ensure that although a behaviorin the routine; however, when the person does eat breakfast
need not reoccur regularly over thentireinterval of  on Wednesday, one may reasonably assume he will still do
observation to be considered a routine, it should reoc-so between 8am and 10am. In an aligned routine, once the
cur regularly overmostof the interval of observation. routine is resumed after an interruption, it would be as if
When the above hold, we calll a temporal propertyof  there had been no interruption.
the routine, and we calP the periodic partition of7. We Given a sequence of occurrence times and user specified
call the period of the envelopes in each setfof period  parameterd, S andmin,,, our aim is to determine if is
of the routine. Thespatial propertyof the routine are the an aligned routine, and if so, find the smallésiuch thate
events contained in the envelopesZofwhere each event is is a routine with period. We call this the routine discovery



problem. Towards this end, we present an algorithm forA. Intuition: Sliding window algorithm

identifying a subset of thosé which cannotbe the periods  \yg il first illustrate the intuition behind the sliding
of routine ¢, and thus generate a set of candidate period,indow algorithm for discovering aligned routines. Corsid
Whlgh can be gyaranteed to contain Bﬂiufih thate is & the event of a kitchen visit with duration of an hour, which
routine with period/, assuminge is a routine. Secondly, \ye denote by(kitchen, 60minutes), and kitchen visits
given a candidate periotl we present an algorithm with \yhich |ast approximately an hour are also considered to be

complexity polynomial in|P| for determining ife is an  {he same type of event. Suppose the event is an aligned
aligned routine with period, and if so, return a temporal g tine with period] = 24hours. See Figure 2(a) for
property of the routine. The key challenge in this problemy, temporal property of the routine. Note that there is a
is that _in a routi_ne,_ t_here need not be periodicity, or eVersequence of contiguous time intervals, each of lehgsiach
approximate periodicity, between the event occurrencks. T hat each envelope in the routine belongs to one of the time

periodicity is only required to occur between envelopes (Ofintervals, and no two envelopes are in the same interval.
unknown length) containing some significant enough portion

of the event occurrences, and furthermore, the period of the No Kitchen visit in this interval
periodically occurring envelopes are also unknown. (kitchen, 58 mi) kitchen, 61 min) (Kitchen, 58 min) (itchen, 58 min)
. t—| ]| | it | —
IV. ROUTINE DISCOVERY ALGORITHM: ALIGNED 125m  5pm 12pm  Spm 1Zpm ~ Spm 12pm  Spm 1%pm  5pm
ROUTINES I=24hours  I=24hours  I=24hours =24 hours
a
Given parameter$’, S andmin,.,, the routine discovery "{ L e — , — T |
algorithm determines if there is a routine with those param- \ \ I I I I
eters, and the smallessuch that the event is a routine with
. . . . I=24 hours 3 (b)
period/. The outline of the algorithm is as follows: ! : : : : |
. . . . t |  — 1 1 e 1
i Generate a set of candidate periods for evemthich — I I I I \
is g_uaranteed to contain dliwheree is a routine with i nWaters s of e s
period].

I Beg'”r_"”g W!th the sr_nalles_t Candldat?_ period, _deter-Figure 2. Spatio-temporal routingkitchen, 60mins)} occurring daily
mine if {e} is a routine with a specified candidate petween 12pm and 5pm, with = 4, min,.c, = 2 and S = 0.6, with no
period. If {e} is a routine with the specified period, phase shift.

say, then determine a spatial and temporal property | et 1, denote the length of the entire interval of observa-

pair for the routine, and return thge} is a routine  tion and lett, denote the first time point on the interval. Let

with period!. W denote a sequence of contigudus] + 1 time intervals

We carry out step i by identifying a subset of thdée each of lengthl, and wheret, — [ is the left endpoint of
which can be guaranteed twt be the period of routine the first interval in the sequenc@V=[t, — I, to], [to,t1],
assuminge is a routine. To do so, we extend the distance[t;, ts], ...,[t(%]_l,t(%], andt; — t,_, = [ for eachi.
based pruning approaches considered in [5], [6] which ar&ee Figure 2(b). Let be the left endpoint of the earliest
based on the observation that if an event is periodic wittoccurring envelope in the routine, and létdenote the
period! while satisfying a user specified support, then theredistance betweenand the left endpoint of the time interval
must be a sufficient number of event pairs for which thein W containingt. See Figure 2b. If we “slide” the entire
inter-event time isl. We extend this approach to the casesequence of time intervals i to the right byd, then we
where the periodicity is not between event occurrences buill discover a set of envelopes (of events with the same type
between envelopes of unknown length. as (kitchen, 60mins)) which make up a temporal property
The challenges in step ii are that the occurrence timesf a routine{(kitchen,60mins)} with periodi. Sinced is

of evente need not be periodic or even approximately at most/, it follows that by sliding the sequence of time
periodic in order fof e} to be a routine, and events occurring intervals inWV to the right one time unit at a time, we will,
in periodically occurring envelops can be interleaved withafter at most time units, discover thatkitchen, 60mins)
“noise” events in the form of extra events in an envelopeis a routine of period with parameterd” = 4, min,., = 2
Furthermore, there may be one or more “gaps” betweemndS = 0.6. See Figure 2(c).
sequences of periodically occurring envelopes with noise
events possibly occurring in the gaps. The algorithm for
determining if {e} is a routine with a candidate peridd In this section, we present an algorithm that identifies
is based on a sliding window sequence approach. In thén O (|P|log(L)) steps all the candidate periods for the set
next section, we will illustrate the intuition behind thesia  of occurrence timed”. Our algorithm is based on a set of
sliding window algorithm. constraints that eliminate values that cannot be valicbpleri

V. GENERATING CANDIDATE PERIODS



It is easy to observe that the maximum possible period « If none of the above holds, goto Step 1.

is obtained when our routing¢e} reoccurs onlyF times

over the entire interval of observation, in which case th
maximum possible period will bg,, ., = % Similarly, the

minimum possible period,,;, is obtained when all given
occurrences of are included in the routine, and the routine
reoccurs over an interval of leng®\Z: [,,,;, = %. In order
e to be a routine with period, wherel,,;, < } < lmaz
there have to be at leadt, = max(F,Sl—L) envelopes in

the temporal property ofe}, since we need to have more .

envelopes than our frequendy and we need to have at
least one envelope in every set of the periodic partition o
the temporal property. A pair of envelopes in the tempora
property areadjacentif the distance between their left
endpoints isl. The number of adjacent pairs of envelopes
in a temporal property of the routine is minimized when
there are onlyf’; envelopes in the temporal property, and the
number of envelopes in each set of the periodic partition o
the temporal property isvin,.,. Hence, there are at least
Q) = maz(minge, — 1, Lmifﬁj(minmp — 1)) pairs of
adjacent envelopes in any temporal property of roufiap
with period I, where [ -"i—| is the maximum number
of sets in P that allows each of the sets to contain at
leastmin,.., envelopes. The difference between the occur
rence times of any two non-identical events is calleter-

occurrencetime. Clearly, all inter-occurrence times of the

Step 1:1f |p; —p;—1| > 21, then leti = i+ 1 and go to step

€0: else, letj = i — 1 and goto Step 2.

Step 2: If |p; — p;| < 2I, then letC(l) = C(I) + 1, and
if C(1) > Q(l), then stop, and return thatis a candidate
period, else lej = j—1 and repeat Step 2. |p; —p;| > 21,

then leti =i 4+ 1 and goto Step 0.

The complexity of the procedure will be worst case linear
in |P| + Q(1). However, the procedure will have to be run
r every ! in (0,27). An additional observation that can

0
F’nelp us drastically eliminate the times we need to run the

above procedure is that ifis not a candidate period and,
consequently, there are less th@(i) inter-occurrence times
that lie betweer®) and2l, any number less thancannot be a
period since it will also have less th&h(() inter-occurrence

{imes inside(0, 27). Using similar arguments, whehis a

candidate period every number greater thanill also be a
candidate period. These observations are summarized in the
following lemma: 4
Lemma 1:Suppose| ;=] > e If 1, where
. rep . rep_ .
Imin < 1 < lmaz, IS NOt @ candidate period of routife},
then nol’ wherel’ < [ is a candidate period of routinfe}.

Also, if | is a candidate period, then dll wherel,,,, >
I’ > 1, are also candidate periods.

events in two adjacent envelopes can range between 0 ah@Mma 1, suggests a divide and conquer approach for
91. These observations lead us to the following necessarfetermining efficiently the smallest € [lnin, lmas] that

condition for/ to be a period of routinde}:

Claim 1: If {e} is a routine with period, thenl,,;, <
I < lmnaz, and there are at lea€l(l) inter-occurrence times
t where0 < ¢ < 21.

Any [ that satisfies Claim 1 is calledcandidate periocf
spatio-temporal routinge}. The cardinality of the candidate
period set will depend on the given set of occurrence time
and the parameters’ and S and will include all actual
periods. Following, we introduce a procedure that use
Claim 1 to determine if, l,,;, <1 < l,n4- The procedure
uses dynamic programming principles to check if there ar
more thanQ(!) inter-occurrence times that are in the range
(0,2). The basic premise is that if the time betwegrand
Pk, Wherej < k, is greater tharRl, then the inter-start time
betweerp; andp, must be greater thal for all i < j. The
procedure examines all times A one by one beginning
with p;. Let C'(I) be the number of inter-start times we
have found at each step of the procedure which are
the interval(0, 2!). To begin with, let = 2 and letC(l) = 0:

Step O:

o If C(I) > Q(l), then stop, and return thdtis a
candidate period.

o If i =|P|+1andC(l) < Q(I), then stop, and return
that/ is not a candidate period.

is a candidate period. This will allow us to consider as
the set of candidate periods the intervidll,,q.]. Our
algorithm proceeds similarly to binary search and uses the
procedure introduced before to check if the middle point
of our current subinterval is a candidate period. If it is a
candidate period then the subinterval on its right is cheécke
otherwise the smallest candidate period is contained in the

Yeft subinterval. Based on this, we next give a procedure

of complexity in the order oflog(l;mae — lmin)|P| for

sfindingl. In the following, letU denote initially the interval
élmi'ru lmaw]:

Step 0:Let a be the left endpoint of/ and letb be the right
endpoint ofU, and letl = [%5%] + a. If [ is a candidate
period then goto Step 1; else goto Step 2.

Step 1:If I — 1 > a, then letU = [a,] — 1], and goto Step

0; else return.

.Step 2:1f [ +1 < b, then letU = [l + 1,b], and goto Step
rE'J; else returnl + 1.

The number of candidate periods which are generated is
dependent on the routine parametdrs S, min,., and
the given occurrence times. To prune further the set of
candidate periods, the following is a necessary condition
which candidate periods must satisfy in order to be an actual
period of a routinee. If {e} is a routine with period, then



for ¢ > 1, there are at Ieas@mffm J(mingep, — 1) inter-  winy(p) =i — 1. To check for a routine our algorithm will
occurrence times in the interv(a(h’—lﬁl, (i+1)l). Modifying ~ go through all events in the sequence combining adjacent
the procedure given above to take into acount this conditiomvindows to form valid segments. A significant speed up of
is straightforward. our algorithm can be achieved by not considering values of
V1. DISCOVERING ALIGNED ROUTINES WITH GIVEN /\_ that cannot lead to valid segments_.ébf(p) derjotes the

’ distance betweep and the left endpoint of the interval of

CANDIDATE PERIOD W, wherep is contained, namelwiny (p), then it is easy

In the previous section we provided an algorithm for ex-to observe that there is no reason to increassy values

tracting a set of candidate periods given our input sequencgegs thanmin,cp 65 (p), since no window that didn't already
In this section, we will continue by providing an algorithm contain an event will start containing one.

that given each candidate period determines whether the Formalizing the above discussion, we now introduce

candidate period is an actual period of the routfa¢. The 5 etailed algorithm. For ease of exposition, we
algorithm uses a sliding window approach to discover ingi in the following assume there is an ordering
time O(| P|?) one of the possible temporal properties of theql,qz,...,qn of the given occurrence times i® where
routine{e} given a period, provided such a property exists. ; _ So(q1) < o(gs) < ... < So(qn). The algorithm
Following, we say that a time interval (equivalently win- {4 ne outlined below can be easily generalized to the
dow, as we define later orpntainsan occurrence of event ~,se where the previous condition does not hold, and
e, Or just event, if the event is contained inside the given he implementation of the algorithm is of the generalized

time interval, namely there is @ € P such that the start \ersion, Let) be any set of valid segments, and V)
time and end time op are both contained in the interval. jonote the set of all windows contained in some valid

We say that a time intervala, b] is avalid segmentf all  gegment. The algorithm for finding a temporal property of
the following conditions hold: {e} given the set of candidate periods follows. As in the
« the length of the interval is a multiple of rest of this section, the algorithm assumes that the interva
o [%5%] > min,.p, and of observation begins at time 0:
« each interval (window)a +il, a + (4 1)!] contains an
occurrence of event for i € {0,1,2,..., [27%] -1}, porg — 0 to n:

Hence,e is a routine with period if and only if there are
non-overlapping valid segments the sum of whose lengths
is & wheref > SIL, and% > F. We remind thatSL is
the interval over which the routine reoccurs afdis the

« Step O
If & =0, then letA = 0; else, letA = dp(qx). Let
Sy = 0, left = winx(p1), a = left, 3 = o, i = 2,

support. andreps = 0.
Based on these requirements, our algorithm proceeds by * Step 1 .
splitting L, the entire interval of observation, to a proper Let 3 = win,(pi), and goto Step 2.
number of intervals or windows of lengthand counting « Step 2 )
the number of adjacent windows that contain the event It 5 Sf‘e:ral' 3

More specifically, given a candidate peribdet N = [%}

be the smallest number of windows of lendtlvhose total
length is greater thati.. Let W, denote a sequence &f
intervals each of lengthi, where —[ is the left endpoint
of the first interval in the sequence, namély,=(—I,0],
0,1, (,21],...,((N = 2)I,(N — 1)I]. Note that as time 0

is considered the occurrence time of the first evente

‘P. However, the endpoints of the envelope including the
events of routind e} might not be both included in the same
window of W,. Consequently, we will need to consider all
possible shifts ofV,. Hence, for anyA where0 < X\ <,

let W, denote the sequence of time intervals obtained by
shifting W, to the right by A time units: Wy=(—1 + \, A,

VL], (4 0,204+ A ((N = 204 A, (N = DI+,

Leti =14+ 1. If i <n then goto Step 1,
else ifi > n then goto Step 3.
If 86> «a+ 1 then goto Step 3.
e« Step 3
Let right = o and leta = .
If (right —left + 1) > min,.p, then letSy = Sy U
{[(Teft =)l —1+ X, (right)l — 1+ ]}, and letreps =
reps + (right — left + 1).
If (N—a+1) < minge OF (n—i+1) < Minyep,
then goto Step 4.
Leti =i+ 1, setleft = a and goto Step 1.
« Step 4
If reps > F and(reps)l > SL, then stop the algorithm
Also, letwiny(p) = [E=] indicate the window where ;nirgztumf = T(5>); otherwise, ifk = n, then return
p € P is contained. Clearlywin(p) =i if p is contained -
in the ith window of W, unlessp is the left endpoint of Lemma 2:{e} is an aligned routine with periotlif and
the ith interval of W, (or equivalently, if p is the right only if the output of the above algorith is not the empty
endpoint of the(: — 1)th interval of WW,), in which case set. Furthermore, i is not empty, therZ is a temporal



property of routinee with period]. min,.2® be the largestnin,., such that the given event is

The complexity of each iteration of the above procedurea routzi)ne with parameters’ = F™%, min,., = min, "
is linear inn, where we remind that = |P|, and since and S = 0.5. And let S™* be the largest suppor$
there are at most iterations, we have that the complexity such that the given event is a routine with parameters
of the above algorithm is polynomial in, the number of F = F™, min,., = min;;* and S = S™. Given
occurrence times. a particular setting for the parametef$S and min,ep,

So far, we have silently assumed that our routines aréhe routine discovery algorithm determines if there is a
aligned. In our technical report [10], we give a polynomial routine with those parameters, and the smallest petiod
time algorithm with respect t{P°| for general routines which  such that the event is a routine with those parameters. The
may not be aligned. The algorithm for the general case igeriod discovery procedure takes as its input the sequénce o
based on the algorithm for aligned routines given above, an@vent occurrence times, and find8'**, min;;5* and S™*®
the output of the algorithm is a s&t of non-overlapping in that order using the routine discovery algorithm. The
valid segments. Our main result for the general case is thperiod discovery procedure outputs the period found by the
following. For any intervab, letlen(v) denote the length of ~routine discovery algorithm with the parametéts= F"*,

v. If e is a routine with a temporal properfy with periodic ~ min,, = min 5" and S = S™*. In our implementation
partition P and period/ such that:(i) For each?’ € P:  of the period discovery procedure, we approximgte’® in
I(P') is a subinterval of a valid segment with length at increments of.1.

least 3min,cpl, (i1) Yprop Tineee=Llenll(P) > P and

EP  mingep l

(i11) N prep “hree—Lion(J(P') > SL, then the se (V)

EP  mingep

is a temporal property of routinge} with period!.

VIIl. EXPERIMENTAL EVALUATIONS

The period discovery algorithm given in Section VII was
evaluated with a mix of tests using artificially generatethda
as well as data collected by our deployed testbeds [1]. The
artificial data was used to stress test the algorithms while
also trying to preserve the similarity to data generated by

Given a sequence of event occurrence times, if the usédumans. The evaluation is comprised of four main compo-
already knows the parameters of the kind of routine henents. The first component demonstrates the effectiveriess o
is interested in, then the routine discovery algorithm carthe period discovery algorithm using bedtime data colkkcte
be used to determine if the event is a routine with thoseéby our testbed. The second component verifies the basic
parameters, and a temporal property of the routine if ongroperties of the period discovery algorithm by evaluating
exists. For example, given a sequencexafccurrence times the algorithm on artificially generated sequences of event
for bathroom visits, the user may like to know if there occurrence times which satisfy the requirements to be a
is a routine with parameters’” = 0.90n, min.e, = 3 routine with a specified period and routine parametgrs
and S = 0.7. More often than not however, it may be S andmin,.,. More specifically, the generated routines are
that a user suspects or knows a particular sequence e@bmprised of numerous valid segments (routine occurrénces
event occurrence times is the result of some routine beingnd gaps (interruptions in routine occurrences) between th
performed, and the user would like to confirm that therevalid segments. The noise in the form of “extra” events
is a routine, and discover the period of the routine. In thiswhich do not occur as part of the routine is determined by a
case, the routine discovery algorithm cannot be used tlirect parameter which is the fraction of event occurrence times
to discover the period of routines because the parameteighich are chosen uniformly randomly from the interval
of the routine, i.e..F’, S and min,.,, are not known, and of observation. The third set of experiments evaluates the
different parameters can result in routines with differentalgorithm on artificially generated event occurrence times
periods being discovered. Hence, we will in the following which are generateevithout using routine parameters,
give an algorithm, which we calperiod discovery that S and min,.,. Instead, beginning at some random offset,
builds on the routine discovery algorithm to find periodsthe interval of observation is considered as a sequence
of routines with unknown parameters. In Section VIII we of contiguous intervals of length where! is the period
will demonstrate the effectiveness of the period discoveryof the routine, and, ideally, an event occurrence time is
procedure using artificially generated and actual routines chosen uniformly randomly from each of the intervals. To
Let F' = %, min,e, = 2 and S = 0.5 be the “minimal”  approximate sensor failure and routine interruptions, & us
settings for the routine parameters. These settings are mispecified parametety determines the probability that an
imal in the sense that a routine, if one exists, should coveevent occurrence time is not generated for an interval in
at least50% of the interval of observation and contain at the sequence, and as before, a paramgtéetermines the
least half of the occurrence times. LEt"** be the largest fraction of event occurrences which are generated as noise.
frequency F' such that the given event is a routine with The last set of experiments evaluates the period discovery
parametersF’ = F™%, min,.,, = 2 and S = 0.5. Let  algorithm on artificially generated event occurrence times

VIl. DISCOVERING PERIODS OF ROUTINES WITH
UNKNOWN PARAMETERS
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which comprise a routine with “build-in gaps”. In the algorithm in the presence of noise and routine interrugtion
routines considered in the previous experiments, gaps im terms of human behavior, noise will manifest itself as the
routines are viewed as the result of routine interruptions ooccurrence of an event outside the expected form (i.e the
sensor failures. However, some routines have build-in gapsccurrence of a bedtime event in the middle of the day that
in which periodically occurring intervals of identical lgihs  represents a very occasional nap). For this we artificially
generally do not have occurrences of the event. As beforeggenerated a set of routines with some specified pdremt
user specified parametejsaind~y determine respectively the routine parameters’, S and min,., which are composed
probability that a routine is interrupted and the noise lleve of numerous valid segments, where the “gaps” between the
valid segments denoting routine interruptions have length
A. Basic case using testbed data which are random integer multiples of the specified period.

To test the base case of the algorithm we considered & noise paramete, a real number between 0 and 1, deter-
sequence of bedtimes collected from our testbed over afines how many of the event occurrence times are chosen
interval of one month. In the data set, bed times often hadiniformly randomly from the entire interval of observation
differences on the order of two to three hours across diftere i-€., if 7 = 0.1, then enough random event occurrence time
days, i.e., 10:23pm versus lam. Using the period discover@reé generated so thdd% of the event occurrence times
procedure, we find a period of 1440 minutes, i.e., 24 hour@re not generated specifically for the routine, but are ahose
for a dataset with no gaps. Another dataset with some gaﬁgndomly from the interval of observation. For evaluation
in the data, where the person did not stay at home duringurposes we generated routines where the finest time unit
some of the weekends resulted in a similar outcome; 1438o0rresponds to 1 minute and the lengtiof the interval of
minutes which is approximately 24 hours. observation is two months. The results for different spedifi

This test demonstrates the basic properties of the algd?€eriodsl, wherel = 180,400, 740, 1440, 2160 minutes, are
rithm using an obvious case, that of human bedtime. Otheghown in Figure 3. For each specified peripave generate
types of analysis of the data which only takes into accountwenty different sequences of event occurrence times which
periodicity, or even approximate periodicity, between thesatiSfy the requirements to be a routine with the SPECifiEd
sleep times, would likely be insufficient. period [ and routine parameters, .S and min,.,. Each

sequence of event occurrence times is used as input to the
B. Generating event occurrence times using routine paramperiod discovery procedure. The periods found by the period
eters discovery algorithm are then averaged over the twentystrial

The next test verifies the basic properties of the period® OPtain @ mean period. We find that the period discovery
discovery algorithm, and evaluates the robustness of thRrocedure is in general effective at determining the actual
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period of the routine when noise parametes less than or _ __actual period=3 hours
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C. Generating event occurrence times without routine pa-
rameters

N
@

mean period
N
>

In this test we generate event occurrence times without
using routine parametes, S and min,..,, and thus more
closely approximate how an actual sequence of event oc-
currence times are obtained. We take as the basic time unit ‘ ‘ ‘ ‘ ‘ ‘

1 hour. We use four parameters to generate a sequence of oo e e e e
event occurrence times, namélyl’, » and~y. The parameter

T is the length of the interval of observation, ahspecifies Figure 5.

the period of the event. So f = 3, then beginning at

some random offset the event should ideally occur in each 5 4 tines with build-in gaps

INg
>

N
N

N

time interval[(i — 1)l + w, il + w], for i =1,2,3,..., over
the entire interval of observation. For each of the inteyval The routines we considered above do not have any “build-
(i — 1) + w,il +w], i = 1,2,3,..., the parametery in” gaps. An example of a routine with a build-in gap is

determines the probability that an event which should occugn event which (ideally) occurs in the six hour intervals
in the interval does not occur in the interval. Hengeis  [Sam, 11am], [11am, 5pm|, and[5pm, 11pm] every day, but
the probability that either a sensor malfunctions and doesloes not occur in the intervell1pm, 5am). The interval

not observe an event which took place, or that the routind11pm,5am) is the build-in gap of the routine, and the
is interrupted. The noise parameteris between 0 and 1, period of the routine is six hours. Thepetition factorof the

and determines how many of the event occurrencesare routine is three since each occurrence of the routine ieglv
generated specifically as part of the routine, but are idsteathe event occurring in three consecutive intervals before a
chosen uniformly randomly from the interval of observation build-in gap occurs. A routine with a build-in gap corresgon

If » = 0.1 for example, then enough occurrence timesto meals and bathroom visits where the event presumably
are chosen uniformly randomly from the entire interval of would not occur when the subject is sleeping very soundly
observation so that they make 1% of the total number of in the middle of the night. We generate sequences of event
event occurrences. The results for different specifiecbgeri occurrence times corresponding to routines with a build-
I, wherel = 24, 36,48 hours, and different settings fgrand  in gap as follows. A period, say = 6 hours is first

~, are shown in Figure 4. For each specified pefiadd the  specified, and also the time interval of the day over which the
specifiedn and v, we generate 100 different sequences ofroutine occurs, i.e., an event occurs in each of the intsrval
event occurrence times. Each sequence of event occurrenferm, 11am|, [11am, 5pm|, and [5pm, 11pm| everyday. As
times is used as input to the period discovery algorithmbefore, we lety denote the probability that an event does
The periods found by the period discovery algorithm arenot occur in an interval in which it is suppose to occur,
averaged over the 100 trials to obtain a mean period. Frorand we let the noise parametgrdenote the fraction of the
this test, we find that the actual period of a routine cartotal number of event occurrence times which are chosen
be closely approximated by the period discovery algorithmuniformly randomly from the interval of observation.

when the parameterg andn are less than or equal 2. We first generated sequences of event occurrence times



for a routine where the event occurs in the five inter-routines that are hard to sense with simple sensors. By
vals [5am, 8am]|, [8am, 11am], [11am,2pm], [2pm,5pm|,  being able to identify which sensor events occur with the
[5pm, 8pm] every day (ideally), with a build in gap in the same periodicity, we hope that in the near future we will
interval between 9pm and 6am of the next day. This routindbe able to consume the sensor measurements collected by
has period = 3 and repetition factor five. For each setting of our testbeds in new ways. The fact that we can discover
n and-~y, we generate twenty sequences of event occurrencevents with the same periodicity suggests that we will be
times using the specifieg and~, and after inputting each able to identify the components of a routine in a more
sequence into the period discovery procedure, we averaggbstract way. In the immediate future, our plan is to appdy th
the results over the 20 trials to obtain a mean period. Walgorithm on our collected datasets, some of which spanning
find that forv < 0.1 andn < 0.4, the mean period more than one year, to identify and study the components
approximated closely the actual period of three hours. Seef routines that happen periodically. The outcomes of this
Figure 5. We next generated sequences of event occurrena@alysis will be targeted to human behavior analysis in the
times for a routine where the event occurs in the threestudy of depression and cognitive decline processes.
intervals[6am, 12pm), [12pm, 6pm] and[6pm, 12am] every
day (ideally), with a build in gap in the interval between
12am and 6am. This routine has periogt 6 and repetition [1] A. Bamis, D. Lymberopoulos, T. Teixeira, and A. Savvides.

. . . Towards precision monitoring of elders for providing assistive
factor three. We obtain a mean period for each setting of services. InProceedings of the 1st international conference

n and+y in the same manner as before. As in the case for o, pErvasive Technologies Related to Assistive Environments
I = 3, we find that fory < 0.1 andn < 0.4, the mean ACM New York, NY, USA, 2008.

period approximated closely the actual period.
We next considered a routine with a build-in gap and [21
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