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Abstract—This paper describes an algorithm for determining
if an event occurs on a routine basis within a fixed time interval
and also determines the period of that interval. The algorithm
is geared towards the observation of routine actions taken by
humans that are consistently recurring but not exactly periodic.
The goal of the algorithm is to determine the minimum period
of the interval in which the event occurs that also encloses
the entire duration of the event. The proposed algorithm,
that focuses on a single event type, is tested with artificially
generated data and data from a sensor network testbed that
verify its correct operation.

I. I NTRODUCTION

A number of sensor network systems have been deployed
for monitoring a person’s whereabouts at varying levels of
granularity ranging from home level monitoring to world-
wide GPS monitoring. Such systems have demonstrated a lot
of success towards the collection of high quality data, cre-
ating a set of new challenges for data processing especially
in the area of understanding the structure of behaviors. This
is a promising area of research that could lead to new ways
of analyzing behavior, precisely quantifying changes and
observing habits to a level that could closely monitor certain
medical conditions while also providing assistive services.

In this paper, we present a method geared towards study-
ing the habits of a person to the extend they can be captured
in time and location information collected by a sensor net-
work. We study the notion of “spatio-temporal routines” and
propose a new algorithm for determining whether an event
occurs consistently within a fixed time interval, without itself
being periodic. Drawing on the experiences and lessons
learned from our sensor network testbeds in elder monitoring
[1], in this work we place our emphasis in the treatment of a
single event. With this, the key property of human routines
we wish to capture is that although an event, such as a
kitchen visit for two hours, may occur on a regular basis,
it will most likely not occur exactly, or even approximately,
periodically over any significant portion of the interval of
observation. Similarly, while a person may visit the garage
for an hour every afternoon, he may do so anytime between
1pm and 4pm, and therefore, the actual visit itself will (most
likely) not occur periodically. What does occur periodically
however, and this will be the point we will exploit in our
ultimate definition of spatio-temporal routines, is the time
interval in which the garage visit takes place, i.e. the time

period 1pm to 5pm. The proposed algorithm also considers
gaps in spatio-temporal routines. These account for the cases
where a person may visit the garage for an hour every
weekday but not on weekends, and also the case where a
person may visit the kitchen for two hours in the evening
everyday except on those rare days when he has to work
late.

Discovering spatio-temporal routines poses four main dif-
ficulties that we try to address in our algorithm design. First,
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 expose
the fact that the events occur in regular intervals. Second,
the period of these periodically occurring time intervals is
not known beforehand and must be discovered. Third, the
periodically occurring envelopes need not extend across the
entire interval of observations, and there may be “gaps” be-
tween collections of periodically occurring envelopes which
make up a routine. Fourth, events occurring in periodically
occurring envelopes can be interleaved with “noise” events
in the form of extra events in an envelope, and events
between envelopes.

In addition to its immediate usability in understanding
event properties, the solution to the problem described here
has promising implications in routine analysis and sensing.
In the case of the former, there is a lack of a mathemat-
ical representation of a human routine with respect to its
components. The proposed algorithm exposes the properties
of individual components by treating them as single events.
This will help group together all the components of a human
routine, allowing us to study their structure in order to de-
velop more abstract mathematical interpretations of routines.
For the latter, understanding the periodicity of events will
most likely enable a new form oftop-down sensingthat
could compensate for the lack of sensors for directly sensing
human behaviors and routines. Instead, of requiring custom
sensors, the proposed algorithm could be used to recognize
routines from their indirect timing properties, allowing the
sensing of complex behaviors using simple off-the-shelf
sensors.

The rest of the paper describes the components of the
proposed algorithm. Section II surveys the related work in
the sensor networks and data mining literature. Section III
provides the problem statement followed by an overview



of a simplified version of a sliding window algorithm used
to determine if a candidate period of an event is indeed
the period in Section IV. Section V provides an algorithm
for discovering a set of candidate periods by efficiently
pruning out impossible candidates. In section VI we provide
the algorithm for selecting the period out of the previously
generated set of periods. Section VII provides suggestions
on how to use the proposed algorithm without knowledge
of its parameters and section VIII presents our evaluation
results using real and synthetic data. Section IX concludes
the paper.

II. RELATED WORK

In [2], the authors consider a sequence of data sets,
and the goal is to look for sets of elements which occur
periodically in the sets. For example, if the sequence of
data sets are given asD1,D2, . . . ,Dn, then an elementx
occurs periodically if there arel, o < n, so that beginning
with Do, x occurs in everylth data set. Hence, only perfect
periodicity is considered, and the original data is assumedto
be pre-segmented into buckets. In [3], the authors consider
a problem with the same set-up as that of [2]. However,
instead of discovering elements which occur with perfect
periodicity, the authors considers the problem of finding
subsets of elements which occurs frequently among all the
data sets. Also, the elements in eachDi are considered
as a sequence of symbols where order matters. In [4], the
authors consider a set up where a sequence of events with
time stamps and a specified window length is given. An
event set is defined to be frequent if there are at least
some specified number of time windows with the specified
length in which the events in the set occur. The periodicity
of time windows are not considered. In [5], a sequence
of symbols is considered, and the time line is viewed as
being composed of segments where a segment is considered
“valid” if a sequence of symbols is perfectly periodic in the
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
segments, with respect to a particular symbol sequence, that
has the desirable maximality properties in terms of repetition
and length. There is some resemblance here with our work
in that we also consider imperfect periodicity where the
periodicity does not hold over the entire time interval but
only over a portion of it within certain limits. However, the
fundamental difference here from our work, is that a symbol
sequence must repeat itself without the interleaving of other
noisy symbols in a time segment in order for that segment to
be considered one where the symbol sequence is periodic. In
[6], the time line is viewed as contiguous on/off-segments,
where on-segments denote portions of the time line where
the event occurs periodically or approximately periodically
within some user specified “jitter factor.” In our work,
we also consider an on/off-segment model, however the

type of periodicity we consider is fundamentally different.
Given an event type of interest, we do not require events
of that type to occur (approximately) periodically in the
on-segments. Rather, we only require that time windows
containing events of that type occurs periodically in the on-
segments, and the event itself can occur in any random point
in that time window. This is a necessary requirement because
unlike previously considered applications, such as inventory
replenishment, individual events comprising human routines
almost never occur perfectly periodically even within a small
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
space representing the start time and the duration of the
events. Consequently, events are clustered together, so asto
maximize the overlapping of the line segments that belong to
the same cluster, minimizing at the same time the number of
clusters. Although this approach can provide indications of
periodicity by finding events that occur at approximately the
same time and having the same envelope, it does so using
pre-specified temporal windows and neglecting periodicity
within these windows. Moreover, it is largely dependent on
the duration of the events, and attempts to cluster the events
in a way that minimizes the envelopes around them. On
the contrary, the algorithm presented in this paper, attempts
given a class of events to determine the optimal envelope
around them. In fact, our method can be combined with
the algorithm presented in [7] to achieve optimal selection
of windows and, hence, clusters. Concerning some simpler
forms of finding periodicity. Circadian rhythms, namely
discretizing time in bins of fixed size and measuring the
percentage of events in these bins [8], [1], can be used
to provide a rough estimation of when these events occur.
However, the amount of detail provided by these methods
is not adequate enough to characterize the actual periodicity
of the events.

III. PROBLEM STATEMENT

We are given a sequence ofn events where all the events
in the sequence are of the same type, and an occurrence time
is given for each event. We assume that events are classified
at a lower layer using approaches such as clustering or gram-
mars [9], [7]. Lete denote the event type. We will consider
events of the same type as equivalent, so for simplicity of
notation, we will useevent eto mean an event oftype e. Let
pi denote the occurrence time of theith event in the given
sequence, and letP denote the set of all occurrence times. So
p1 < p2 < . . . < pn andP = {pi | i ∈ {1, . . . , n}}. Let F

andS be two user specified parameters whereF determines
whether events of typee occur frequently enough, andS
is a real between 0 and 1 which determines if events of
typee occurs over a significant enough fraction of the entire
interval of observation. We callF andS the frequencyand
supportrespectively. Letminrep be a user specified positive
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Figure 1. (a)A routine with parameters: S=0.7, F = 4,minrep=2. (b) The temporal property, periodic partition and spatial property of the routine.

integer greater than or equal to two which determines when
events of typee repeat in enough periodically occurring time
intervals to qualify as a regularly reoccurring behavior. LetL
denote the length of the interval of observation. We assume
the interval of observation has been discretized in the chosen
time unit. So if the time unit is a minute, and the interval
of observation is thirty days, then the total length of the
interval of observation isL = 24 ∗ 60 ∗ 30, and the set of
all occurrence times is a subset of{1, 2, 3, . . . , L}.

We say that a time interval is anenvelopeof evente if
an occurrence of evente begins and ends in the interval.
Formally, we say that evente is a spatio-temporal routine
(or just a routine), and we symbolize it with{e}, if there
exists a setT of envelopes, where all the envelopes have
the same lengths, and the following hold:

1) The number of envelopes inT is at leastF : |T | ≥ F .
Condition 1 says that an event must occur frequently
(as deemed by user specified parameterF ) in order
for it to be considered a routine.

2) There is a partitionP of T such that each set inP
contains at leastminrep envelopes, and the envelopes
in each set ofP occur periodically and with the same
period. The period is required to be at least the length
of each envelope inT , and given any pair of setsP1

andP2 in P, the distance between the left endpoint
of any envelope inP1 and the left endpoint of any
envelope inP2 is not equal tol. Let I(P ′) denote the
smallest time interval containing all the envelopes in
P ′ for eachP ′ ∈ P.

3) I(P ′) andI(P ′′) do not overlap for anyP ′,P ′′ ∈ P,
and the sum of the lengths ofI(P ′) for all P ′ ∈ P is
at leastSL.
Conditions 2 and 3 ensure that although a behavior
need not reoccur regularly over theentire interval of
observation to be considered a routine, it should reoc-
cur regularly overmostof the interval of observation.

When the above hold, we callT a temporal propertyof
the routine, and we callP the periodic partition ofT . We
call the period of the envelopes in each set ofP a period
of the routine. Thespatial propertyof the routine are the
events contained in the envelopes ofT , where each event is

indexed by its position in the given event sequence. A routine
may have more than one temporal and spatial property pair
associated with it. Note that in order for evente to be a
routine, we only require that there exist (a sufficient number)
of envelopes which are periodic. There may be a complete
lack of periodicity or even approximate periodicity among
the event occurrence times themselves.

See Figure 1(a) for an illustration of a routine{e}
with period 12 hours, wheree is the event of a garage
visit with duration of an hour which we denote by
{garage, 60minutes}. The envelopes are denoted by the
rectangles, and each envelope contains an event of the same
type as evente. T is the set of all the envelopes, and is
a temporal property of the routine. The spatial property
are the events contained in the envelopes. The first three
envelopes occur periodically and the last three envelopes
occur periodically, and there is a break in the periodicity
of the envelopes between the third and fourth envelopes. A
periodic partition ofT contains two sets, the first of which
consists of the first three envelopes, and the second of which
consists of the last three envelopes. See Figure 1(b) for an
illustration of the routine{e} with its temporal properties,
periodic partition, period and spatial property labeled.

An aligned routine with periodl is a routine of period
l with at least one temporal propertyT where the distance
between the left endpoints of any two intervals inT is a
multiple of the periodl. See Figure 2(a) for a temporal
property of an aligned routine. For example, suppose a
person visits the kitchen for an hour on most days in the
time interval between 8am and 10am for breakfast. That the
person does not visit the kitchen between 8am and 10am on
Monday and Tuesday correspond to gaps or interruptions
in the routine; however, when the person does eat breakfast
on Wednesday, one may reasonably assume he will still do
so between 8am and 10am. In an aligned routine, once the
routine is resumed after an interruption, it would be as if
there had been no interruption.

Given a sequence of occurrence times and user specified
parametersF, S andminrep, our aim is to determine ife is
an aligned routine, and if so, find the smallestl such thate
is a routine with periodl. We call this the routine discovery



problem. Towards this end, we present an algorithm for
identifying a subset of thosel′ which cannotbe the periods
of routine e, and thus generate a set of candidate periods
which can be guaranteed to contain alll such thate is a
routine with periodl, assuminge is a routine. Secondly,
given a candidate periodl, we present an algorithm with
complexity polynomial in|P| for determining if e is an
aligned routine with periodl, and if so, return a temporal
property of the routine. The key challenge in this problem
is that in a routine, there need not be periodicity, or even
approximate periodicity, between the event occurrences. The
periodicity is only required to occur between envelopes (of
unknown length) containing some significant enough portion
of the event occurrences, and furthermore, the period of the
periodically occurring envelopes are also unknown.

IV. ROUTINE DISCOVERY ALGORITHM: ALIGNED

ROUTINES

Given parametersF, S andminrep, the routine discovery
algorithm determines if there is a routine with those param-
eters, and the smallestl such that the event is a routine with
period l. The outline of the algorithm is as follows:

i Generate a set of candidate periods for evente which
is guaranteed to contain alll wheree is a routine with
period l.

ii Beginning with the smallest candidate period, deter-
mine if {e} is a routine with a specified candidate
period. If {e} is a routine with the specified period,
say l, then determine a spatial and temporal property
pair for the routine, and return that{e} is a routine
with period l.

We carry out step i by identifying a subset of thosel′

which can be guaranteed tonot be the period of routinee
assuminge is a routine. To do so, we extend the distance
based pruning approaches considered in [5], [6] which are
based on the observation that if an event is periodic with
periodl while satisfying a user specified support, then there
must be a sufficient number of event pairs for which the
inter-event time isl. We extend this approach to the case
where the periodicity is not between event occurrences but
between envelopes of unknown length.

The challenges in step ii are that the occurrence times
of event e need not be periodic or even approximately
periodic in order for{e} to be a routine, and events occurring
in periodically occurring envelops can be interleaved with
“noise” events in the form of extra events in an envelope.
Furthermore, there may be one or more “gaps” between
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 periodl
is based on a sliding window sequence approach. In the
next section, we will illustrate the intuition behind the basic
sliding window algorithm.

A. Intuition: Sliding window algorithm

We will first illustrate the intuition behind the sliding
window algorithm for discovering aligned routines. Consider
the event of a kitchen visit with duration of an hour, which
we denote by(kitchen, 60minutes), and kitchen visits
which last approximately an hour are also considered to be
the same type of event. Suppose the event is an aligned
routine with period l = 24hours. See Figure 2(a) for
a temporal property of the routine. Note that there is a
sequence of contiguous time intervals, each of lengthl, such
that each envelope in the routine belongs to one of the time
intervals, and no two envelopes are in the same interval.

l=24 hours

(kitchen, 58 min) (kitchen, 61 min) (kitchen, 58 min) (kitchen, 58 min)

12pm 5pm 12pm 5pm 12pm 5pm 12pm 5pm 12pm 5pm

l=24 hours l=24 hours l=24 hours
(a)

t0

t0

t

No kitchen visit in this interval

W

l=24 hours (b)

(c)

t0

t

The intervals in W after a shift of time units

Figure 2. Spatio-temporal routine{(kitchen, 60mins)} occurring daily
between 12pm and 5pm, withF = 4, minrep = 2 andS = 0.6, with no
phase shift.

Let L denote the length of the entire interval of observa-
tion, and lett0 denote the first time point on the interval. Let
W denote a sequence of contiguous⌈L

l
⌉ + 1 time intervals

each of lengthl, and wheret0 − l is the left endpoint of
the first interval in the sequence:W=[t0 − l, t0], [t0, t1],
[t1, t2], . . .,[t⌈L

l
⌉−1, t⌈L

l
⌉], and ti − ti−1 = l for each i.

See Figure 2(b). Lett be the left endpoint of the earliest
occurring envelope in the routine, and letδ denote the
distance betweent and the left endpoint of the time interval
in W containingt. See Figure 2b. If we “slide” the entire
sequence of time intervals inW to the right byδ, then we
will discover a set of envelopes (of events with the same type
as (kitchen, 60mins)) which make up a temporal property
of a routine{(kitchen, 60mins)} with period l. Sinceδ is
at most l, it follows that by sliding the sequence of time
intervals inW to the right one time unit at a time, we will,
after at mostl time units, discover that(kitchen, 60mins)
is a routine of periodl with parametersF = 4, minrep = 2
andS = 0.6. See Figure 2(c).

V. GENERATING CANDIDATE PERIODS

In this section, we present an algorithm that identifies
in O (|P |log(L)) steps all the candidate periods for the set
of occurrence timesP . Our algorithm is based on a set of
constraints that eliminate values that cannot be valid periods.



It is easy to observe that the maximum possible period
is obtained when our routine{e} reoccurs onlyF times
over the entire interval of observation, in which case the
maximum possible period will belmax = L

F
. Similarly, the

minimum possible periodlmin is obtained when all given
occurrences ofe are included in the routine, and the routine
reoccurs over an interval of lengthSL: lmin = SL

|P| . In order
e to be a routine with periodl, where lmin ≤ l ≤ lmax,
there have to be at leastFl = max(F, SL

l
) envelopes in

the temporal property of{e}, since we need to have more
envelopes than our frequencyF and we need to have at
least one envelope in every set of the periodic partition of
the temporal property. A pair of envelopes in the temporal
property areadjacent if 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 onlyFl envelopes in the temporal property, and the
number of envelopes in each set of the periodic partition of
the temporal property isminrep. Hence, there are at least
Q(l) = max(minrep − 1, ⌊ Fl

minrep
⌋(minrep − 1)) pairs of

adjacent envelopes in any temporal property of routine{e}
with period l, where ⌊ Fl

minrep
⌋ is the maximum number

of sets in P that allows each of the sets to contain at
leastminrep envelopes. The difference between the occur-
rence times of any two non-identical events is calledinter-
occurrencetime. Clearly, all inter-occurrence times of the
events in two adjacent envelopes can range between 0 and
2l. These observations lead us to the following necessary
condition for l to be a period of routine{e}:

Claim 1: If {e} is a routine with periodl, then lmin ≤
l ≤ lmax, and there are at leastQ(l) inter-occurrence times
t where0 < t < 2l.

Any l that satisfies Claim 1 is called acandidate periodof
spatio-temporal routine{e}. The cardinality of the candidate
period set will depend on the given set of occurrence times
and the parametersF and S and will include all actual
periods. Following, we introduce a procedure that uses
Claim 1 to determine ifl, lmin ≤ l ≤ lmax. The procedure
uses dynamic programming principles to check if there are
more thanQ(l) inter-occurrence times that are in the range
(0, 2l). The basic premise is that if the time betweenpj and
pk, wherej < k, is greater than2l, then the inter-start time
betweenpi andpk must be greater than2l for all i < j. The
procedure examines all times inP one by one beginning
with p1. Let C(l) be the number of inter-start times we
have found at each step of the procedure which are in
the interval(0, 2l). To begin with, leti = 2 and letC(l) = 0:

Step 0:

• If C(l) ≥ Q(l), then stop, and return thatl is a
candidate period.

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

• If none of the above holds, goto Step 1.

Step 1: If |pi −pi−1| ≥ 2l, then leti = i+1 and go to step
0; else, letj = i − 1 and goto Step 2.
Step 2: If |pi − pj | < 2l, then letC(l) = C(l) + 1, and
if C(l) ≥ Q(l), then stop, and return thatl is a candidate
period, else letj = j−1 and repeat Step 2. If|pi−pj | ≥ 2l,
then leti = i + 1 and goto Step 0.

The complexity of the procedure will be worst case linear
in |P| + Q(l). However, the procedure will have to be run
for every l in (0, 2l). An additional observation that can
help us drastically eliminate the times we need to run the
above procedure is that ifl is not a candidate period and,
consequently, there are less thanQ(l) inter-occurrence times
that lie between0 and2l, any number less thanl cannot be a
period since it will also have less thanQ(l) inter-occurrence
times inside(0, 2l). Using similar arguments, whenl is a
candidate period every number greater thanl will also be a
candidate period. These observations are summarized in the
following lemma:

Lemma 1:Suppose⌊ F
minrep

⌋ ≥ minrep

(minrep−1) . If l, where
lmin ≤ l ≤ lmax, is not a candidate period of routine{e},
then nol′ wherel′ < l is a candidate period of routine{e}.
Also, if l is a candidate period, then alll′ where lmax ≥
l′ > l, are also candidate periods.
Lemma 1, suggests a divide and conquer approach for
determining efficiently the smallestl ∈ [lmin, lmax] that
is a candidate period. This will allow us to consider as
the set of candidate periods the interval[l, lmax]. 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 checked,
otherwise the smallest candidate period is contained in the
left subinterval. Based on this, we next give a procedure
of complexity in the order oflog(lmax − lmin)|P| for
finding l. In the following, letU denote initially the interval
[lmin, lmax]:

Step 0:Let a be the left endpoint ofU and letb be the right
endpoint ofU , and let l = ⌊ b−a

2 ⌋ + a. If l is a candidate
period then goto Step 1; else goto Step 2.
Step 1: If l − 1 ≥ a, then letU = [a, l − 1], and goto Step
0; else returnl.
Step 2: If l + 1 ≤ b, then letU = [l + 1, b], and goto Step
0; else returnl + 1.

The number of candidate periods which are generated is
dependent on the routine parametersF , S, minrep 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 periodl, then



for i > 1, there are at least⌊ F
minrep

⌋(minrep − i) inter-
occurrence times in the interval((i−1)l, (i+1)l). Modifying
the procedure given above to take into acount this condition
is straightforward.

VI. D ISCOVERING ALIGNED ROUTINES WITH GIVEN

CANDIDATE PERIOD

In the previous section we provided an algorithm for ex-
tracting a set of candidate periods given our input sequence.
In this section, we will continue by providing an algorithm
that given each candidate period determines whether the
candidate period is an actual period of the routine{e}. The
algorithm uses a sliding window approach to discover in
time O(|P |2) one of the possible temporal properties of the
routine{e} given a periodl, provided such a property exists.

Following, we say that a time interval (equivalently win-
dow, as we define later on)containsan occurrence of event
e, or just evente, if the event is contained inside the given
time interval, namely there is ap ∈ P such that the start
time and end time ofp are both contained in the interval.
We say that a time interval(a, b] is a valid segmentif all
the following conditions hold:

• the length of the interval is a multiple ofl,
• ⌊ b−a

l
⌋ ≥ minrep, and

• each interval (window)(a+ il, a+(i+1)l] contains an
occurrence of evente for i ∈ {0, 1, 2, . . . , ⌊ b−a

l
⌋ − 1}.

Hence,e is a routine with periodl if and only if there are
non-overlapping valid segments the sum of whose lengths
is θ where θ ≥ SL, and θ

l
≥ F . We remind thatSL is

the interval over which the routine reoccurs andF is the
support.

Based on these requirements, our algorithm proceeds by
splitting L, the entire interval of observation, to a proper
number of intervals or windows of lengthl and counting
the number of adjacent windows that contain the evente.
More specifically, given a candidate periodl, let N = ⌈L−l

l
⌉

be the smallest number of windows of lengthl whose total
length is greater thanL. Let W0 denote a sequence ofN

intervals each of lengthl, where−l is the left endpoint
of the first interval in the sequence, namelyW0=(−l, 0],
(0, l], (l, 2l],. . .,((N − 2)l, (N − 1)l]. Note that as time 0
is considered the occurrence time of the first eventp0 ∈
P. However, the endpoints of the envelope including the
events of routine{e} might not be both included in the same
window of W0. Consequently, we will need to consider all
possible shifts ofW0. Hence, for anyλ where0 ≤ λ ≤ l,
let Wλ denote the sequence of time intervals obtained by
shifting W0 to the right byλ time units:Wλ=(−l + λ, λ],
(λ, l + λ], (l + λ, 2l + λ],. . .,((N − 2)l + λ, (N − 1)l + λ].

Also, let winλ(p) = ⌈p−λ+l
l

⌉ indicate the window where
p ∈ P is contained. Clearly,winλ(p) = i if p is contained
in the ith window of Wλ unlessp is the left endpoint of
the ith interval of Wλ (or equivalently, if p is the right
endpoint of the(i − 1)th interval of Wλ), in which case

winλ(p) = i− 1. To check for a routine our algorithm will
go through all events in the sequence combining adjacent
windows to form valid segments. A significant speed up of
our algorithm can be achieved by not considering values of
λ that cannot lead to valid segments. Ifδλ(p) denotes the
distance betweenp and the left endpoint of the interval of
Wλ wherep is contained, namelywinλ(p), then it is easy
to observe that there is no reason to increaseλ by values
less thanminp∈P δλ(p), since no window that didn’t already
contain an event will start containing one.

Formalizing the above discussion, we now introduce
a detailed algorithm. For ease of exposition, we
will in the following assume there is an ordering
q1, q2, . . . , qn of the given occurrence times inP where
0 < δ0(q1) < δ0(q2) < . . . < δ0(qn). The algorithm
to be outlined below can be easily generalized to the
case where the previous condition does not hold, and
the implementation of the algorithm is of the generalized
version. LetV be any set of valid segments, and letT (V)
denote the set of all windows contained in some valid
segment. The algorithm for finding a temporal property of
{e} given the set of candidate periods follows. As in the
rest of this section, the algorithm assumes that the interval
of observation begins at time 0:

For k = 0 to n:

• Step 0
If k = 0, then letλ = 0; else, letλ = δ0(qk). Let
Sλ = ∅, left = winλ(p1), α = left, β = α, i = 2,
andreps = 0.

• Step 1
Let β = winλ(pi), and goto Step 2.

• Step 2
If β ≤ α + 1:

Let α = β.
Let i = i + 1. If i ≤ n then goto Step 1,
else if i > n then goto Step 3.

If β > α + 1 then goto Step 3.
• Step 3

Let right = α and letα = β.
If (right − left + 1) ≥ minrep, then letSλ = Sλ ∪
{[(left−1)l− l+λ, (right)l− l+λ]}, and letreps =
reps + (right − left + 1).
If (N − α + 1) < minrep or (n − i + 1) < minrep,
then goto Step 4.
Let i = i + 1, set left = α and goto Step 1.

• Step 4
If reps ≥ F and(reps)l ≥ SL, then stop the algorithm
and returnT = T (Sλ); otherwise, ifk = n, then return
T = ∅.

Lemma 2:{e} is an aligned routine with periodl if and
only if the output of the above algorithmT is not the empty
set. Furthermore, ifT is not empty, thenT is a temporal



property of routinee with period l.
The complexity of each iteration of the above procedure

is linear in n, where we remind thatn = |P|, and since
there are at mostn iterations, we have that the complexity
of the above algorithm is polynomial inn, the number of
occurrence times.

So far, we have silently assumed that our routines are
aligned. In our technical report [10], we give a polynomial
time algorithm with respect to|P| for general routines which
may not be aligned. The algorithm for the general case is
based on the algorithm for aligned routines given above, and
the output of the algorithm is a set̄V of non-overlapping
valid segments. Our main result for the general case is the
following. For any intervalv, let len(v) denote the length of
v. If e is a routine with a temporal propertȳT with periodic
partition P and periodl such that:(i) For eachP ′ ∈ P:
I(P ′) is a subinterval of a valid segment with length at
least 3minrepl, (ii)

∑
P′∈P

minrep−1
minrep

len(I(P′))
l

≥ F , and

(iii)
∑

P′∈P
minrep−1

minrep
len(I(P ′) ≥ SL, then the setT (V̄)

is a temporal property of routine{e} with period l.

VII. D ISCOVERING PERIODS OF ROUTINES WITH

UNKNOWN PARAMETERS

Given a sequence of event occurrence times, if the user
already knows the parameters of the kind of routine he
is interested in, then the routine discovery algorithm can
be used to determine if the event is a routine with those
parameters, and a temporal property of the routine if one
exists. For example, given a sequence ofn occurrence times
for bathroom visits, the user may like to know if there
is a routine with parametersF = 0.90n, minrep = 3
and S = 0.7. More often than not however, it may be
that a user suspects or knows a particular sequence of
event occurrence times is the result of some routine being
performed, and the user would like to confirm that there
is a routine, and discover the period of the routine. In this
case, the routine discovery algorithm cannot be used directly
to discover the period of routines because the parameters
of the routine, i.e.,F , S and minrep, are not known, and
different parameters can result in routines with different
periods being discovered. Hence, we will in the following
give an algorithm, which we callperiod discovery, that
builds on the routine discovery algorithm to find periods
of routines with unknown parameters. In Section VIII we
will demonstrate the effectiveness of the period discovery
procedure using artificially generated and actual routines.

Let F = n
2 , minrep = 2 and S = 0.5 be the “minimal”

settings for the routine parameters. These settings are min-
imal in the sense that a routine, if one exists, should cover
at least50% of the interval of observation and contain at
least half of the occurrence times. LetFmax be the largest
frequencyF such that the given event is a routine with
parametersF = Fmax, minrep = 2 and S = 0.5. Let

minmax
rep be the largestminrep such that the given event is

a routine with parametersF = Fmax, minrep = minmax
rep

and S = 0.5. And let Smax be the largest supportS
such that the given event is a routine with parameters
F = Fmax, minrep = minmax

rep and S = Smax. Given
a particular setting for the parametersF, S and minrep,
the routine discovery algorithm determines if there is a
routine with those parameters, and the smallest periodl

such that the event is a routine with those parameters. The
period discovery procedure takes as its input the sequence of
event occurrence times, and findsFmax, minmax

rep andSmax

in that order using the routine discovery algorithm. The
period discovery procedure outputs the period found by the
routine discovery algorithm with the parametersF = Fmax,
minrep = minmax

rep and S = Smax. In our implementation
of the period discovery procedure, we approximateSmax in
increments of0.1.

VIII. E XPERIMENTAL EVALUATIONS

The period discovery algorithm given in Section VII was
evaluated with a mix of tests using artificially generated data
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
humans. The evaluation is comprised of four main compo-
nents. The first component demonstrates the effectiveness of
the period discovery algorithm using bedtime data collected
by our testbed. The second component verifies the basic
properties of the period discovery algorithm by evaluating
the algorithm on artificially generated sequences of event
occurrence times which satisfy the requirements to be a
routine with a specified period and routine parametersF ,
S andminrep. More specifically, the generated routines are
comprised of numerous valid segments (routine occurrences)
and gaps (interruptions in routine occurrences) between the
valid segments. The noise in the form of “extra” events
which do not occur as part of the routine is determined by a
parameterη which is the fraction of event occurrence times
which are chosen uniformly randomly from the interval
of observation. The third set of experiments evaluates the
algorithm on artificially generated event occurrence times
which are generatedwithout using routine parametersF ,
S and minrep. Instead, beginning at some random offset,
the interval of observation is considered as a sequence
of contiguous intervals of lengthl where l is the period
of the routine, and, ideally, an event occurrence time is
chosen uniformly randomly from each of the intervals. To
approximate sensor failure and routine interruptions, a user
specified parameterγ determines the probability that an
event occurrence time is not generated for an interval in
the sequence, and as before, a parameterη determines the
fraction of event occurrences which are generated as noise.
The last set of experiments evaluates the period discovery
algorithm on artificially generated event occurrence times
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Figure 3.

which comprise a routine with “build-in gaps”. In the
routines considered in the previous experiments, gaps in
routines are viewed as the result of routine interruptions or
sensor failures. However, some routines have build-in gaps
in which periodically occurring intervals of identical lengths
generally do not have occurrences of the event. As before,
user specified parametersη andγ determine respectively the
probability that a routine is interrupted and the noise level.

A. Basic case using testbed data

To test the base case of the algorithm we considered a
sequence of bedtimes collected from our testbed over an
interval of one month. In the data set, bed times often had
differences on the order of two to three hours across different
days, i.e., 10:23pm versus 1am. Using the period discovery
procedure, we find a period of 1440 minutes, i.e., 24 hours
for a dataset with no gaps. Another dataset with some gaps
in the data, where the person did not stay at home during
some of the weekends resulted in a similar outcome; 1435
minutes which is approximately 24 hours.

This test demonstrates the basic properties of the algo-
rithm using an obvious case, that of human bedtime. Other
types of analysis of the data which only takes into account
periodicity, or even approximate periodicity, between the
sleep times, would likely be insufficient.

B. Generating event occurrence times using routine param-
eters

The next test verifies the basic properties of the period
discovery algorithm, and evaluates the robustness of the

algorithm in the presence of noise and routine interruptions.
In terms of human behavior, noise will manifest itself as the
occurrence of an event outside the expected form (i.e the
occurrence of a bedtime event in the middle of the day that
represents a very occasional nap). For this we artificially
generated a set of routines with some specified periodl and
routine parametersF , S and minrep which are composed
of numerous valid segments, where the “gaps” between the
valid segments denoting routine interruptions have lengths
which are random integer multiples of the specified period.
A noise parameterη, a real number between 0 and 1, deter-
mines how many of the event occurrence times are chosen
uniformly randomly from the entire interval of observation;
i.e., if η = 0.1, then enough random event occurrence time
are generated so that10% of the event occurrence times
are not generated specifically for the routine, but are chosen
randomly from the interval of observation. For evaluation
purposes we generated routines where the finest time unit
corresponds to 1 minute and the lengthT of the interval of
observation is two months. The results for different specified
periodsl, wherel = 180, 400, 740, 1440, 2160 minutes, are
shown in Figure 3. For each specified periodl, we generate
twenty different sequences of event occurrence times which
satisfy the requirements to be a routine with the specified
period l and routine parametersF, S and minrep. Each
sequence of event occurrence times is used as input to the
period discovery procedure. The periods found by the period
discovery algorithm are then averaged over the twenty trials
to obtain a mean period. We find that the period discovery
procedure is in general effective at determining the actual
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period of the routine when noise parameterη is less than or
equal to0.2.

C. Generating event occurrence times without routine pa-
rameters

In this test we generate event occurrence times without
using routine parametersF , S and minrep, 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
event occurrence times, namelyl, T, η andγ. The parameter
T is the length of the interval of observation, andl specifies
the period of the event. So ifl = 3, then beginning at
some random offsetω the event should ideally occur in each
time interval[(i − 1)l + ω, il + ω], for i = 1, 2, 3, . . ., over
the entire interval of observation. For each of the intervals
[(i − 1)l + ω, il + ω], i = 1, 2, 3, . . ., the parameterγ
determines the probability that an event which should occur
in the interval does not occur in the interval. Hence,γ is
the probability that either a sensor malfunctions and does
not observe an event which took place, or that the routine
is interrupted. The noise parameterη is between 0 and 1,
and determines how many of the event occurrences arenot
generated specifically as part of the routine, but are instead
chosen uniformly randomly from the interval of observation.
If η = 0.1 for example, then enough occurrence times
are chosen uniformly randomly from the entire interval of
observation so that they make up10% of the total number of
event occurrences. The results for different specified periods
l, wherel = 24, 36, 48 hours, and different settings forη and
γ, are shown in Figure 4. For each specified periodl and the
specifiedη and γ, we generate 100 different sequences of
event occurrence times. Each sequence of event occurrence
times is used as input to the period discovery algorithm.
The periods found by the period discovery algorithm are
averaged over the 100 trials to obtain a mean period. From
this test, we find that the actual period of a routine can
be closely approximated by the period discovery algorithm
when the parametersγ andη are less than or equal to0.2.
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D. Routines with build-in gaps

The routines we considered above do not have any “build-
in” gaps. An example of a routine with a build-in gap is
an event which (ideally) occurs in the six hour intervals
[5am, 11am], [11am, 5pm], and[5pm, 11pm] every day, but
does not occur in the interval(11pm, 5am). The interval
(11pm, 5am) is the build-in gap of the routine, and the
period of the routine is six hours. Therepetition factorof the
routine is three since each occurrence of the routine involves
the event occurring in three consecutive intervals before a
build-in gap occurs. A routine with a build-in gap correspond
to meals and bathroom visits where the event presumably
would not occur when the subject is sleeping very soundly
in the middle of the night. We generate sequences of event
occurrence times corresponding to routines with a build-
in gap as follows. A period, sayl = 6 hours is first
specified, and also the time interval of the day over which the
routine occurs, i.e., an event occurs in each of the intervals
[5am, 11am], [11am, 5pm], and[5pm, 11pm] everyday. As
before, we letγ denote the probability that an event does
not occur in an interval in which it is suppose to occur,
and we let the noise parameterη denote the fraction of the
total number of event occurrence times which are chosen
uniformly randomly from the interval of observation.

We first generated sequences of event occurrence times



for a routine where the event occurs in the five inter-
vals [5am, 8am], [8am, 11am], [11am, 2pm], [2pm, 5pm],
[5pm, 8pm] every day (ideally), with a build in gap in the
interval between 9pm and 6am of the next day. This routine
has periodl = 3 and repetition factor five. For each setting of
η andγ, we generate twenty sequences of event occurrence
times using the specifiedη and γ, and after inputting each
sequence into the period discovery procedure, we average
the results over the 20 trials to obtain a mean period. We
find that for γ ≤ 0.1 and η < 0.4, the mean period
approximated closely the actual period of three hours. See
Figure 5. We next generated sequences of event occurrence
times for a routine where the event occurs in the three
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 periodl = 6 and repetition
factor three. We obtain a mean period for each setting of
η and γ in the same manner as before. As in the case for
l = 3, we find that forγ ≤ 0.1 and η < 0.4, the mean
period approximated closely the actual period.

We next considered a routine with a build-in gap and
a repetition factor of two. More specifically, the routine
is of an event which occurs in the intervals[8am, 4pm]
and[4pm, 12am], with a build-in gap of(12am, 8am). The
repetition factor here is two. We found that even under ideal
conditions whereη = 0 and γ = 0, the period discovery
routine determines a period of 12 hours, and not the actual
period of 8 hours. The problem here is that when the
repetition factor is less than three, there are multiple ways to
“parse” the sequence of event occurrences. In other words,
an event which occurs within 24 hours in two consecutive
intervals of 8 hours followed by a build in gap of 8 hours
can also be said to occur every twelve hours with no build-
in gaps. Without prior knowledge of whether build-in gaps
are present or not, it is impossible for the period discovery
procedure to choose between 8 and 12. Such alternative
parsings are less likely when repetition factor is three or
more. While we have no theoretical results towards this end,
we find from the experimental evaluations that the period
discovery algorithm can be used to effectively approximate
the actual routine period when the repetition factor of the
routine is greater than two.

IX. CONCLUSION

In this paper we have presented an algorithm for deter-
mining the period of a single event routine. Our simulations
and analytical proofs in our technical report [10] have veri-
fied, that the algorithm works correctly and has reasonable
response to noise to be useful in practical applications. Our
evaluation used testbed data for the case of bedtime, a single
event routine that is easy to study in the absence of ground
truth data. The results in this paper demonstrate that the
algorithm has practical applications on single event data
but also has interesting implications for events and human

routines that are hard to sense with simple sensors. By
being able to identify which sensor events occur with the
same periodicity, we hope that in the near future we will
be able to consume the sensor measurements collected by
our testbeds in new ways. The fact that we can discover
events with the same periodicity suggests that we will be
able to identify the components of a routine in a more
abstract way. In the immediate future, our plan is to apply the
algorithm on our collected datasets, some of which spanning
more than one year, to identify and study the components
of routines that happen periodically. The outcomes of this
analysis will be targeted to human behavior analysis in the
study of depression and cognitive decline processes.
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