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Abstract—An important problem that arises during the data
mining process in many new emerging application domains is
mining data with temporal dependencies. One such application
domain is activity discovery and recognition. Activity discovery
and recognition is used in many real world systems, such as
assisted living and security systems, and it has been vastly studied
in recent years. However, the temporal features and relations
which provide useful insights for activity models have not been
exploited to their full potential by mining algorithms. In this
paper, we propose a temporal model for discovering temporal
features and relations of activity patterns from sensor data. Our
algorithm is able to discover features and relations, such as the
order of the activities, their usual start times and durations by
using rule mining and clustering techniques. The algorithm has
been validated using 4 months of data collected in a smart home.
Keyword—Temporal Association Rules, Temporal Features,
Temporal Relations, Rule Mining, Clustering, Smart Homes.

I.

INTRODUCTION

Activity discovery and recognition has been recently
utilized in many different application domains, such as security
and health monitoring of elder adults. Health monitoring of
elder adults based on using assistive technologies such as smart
homes, has attracted many researchers in recent years due to
the increasing aging population. An estimated 9% of adults
over age 65 and 50% of adults over age 85 need assistance with
their everyday activities. The resulting cost is significant both
for the government and for families. To function independently
at home, elderly people need to be able to complete the
Activities of Daily Living (ADL) [1] such as taking
medication, cooking, eating and sleeping.
Assistive technologies such as smart homes can greatly
help in monitoring the activities of elder adults at home. By
using a large number of different types of sensors deployed in
an everyday setting, and using techniques from activity
discovery and recognition, smart homes are able to discover
and recognize patterns of resident activities.
Activity discovery and recognition has been vastly studied
in the context of smart environments [2], [3], [4] and [6].
Despite the increasing progress in this area, a key component in
these activities, namely temporal features and relations, has
been largely ignored. One of the few works in this area by
Rashidi and Cook [5] provides a method for discovering and

representing basic temporal features of the activities, such as
the usual start times at multiple granularities. However, they do
not address discovering other temporal features and relations,
such as the relative order of the activities. Discovering the
order of the activities can be of great use in many different
scenarios, such as for predicting the next activity in an activity
reminder application or a home automation system.
In this paper, we provide a framework for discovering and
representing the temporal features of activity patterns. Our
framework called “DTFRA” (short for Discovering of
Temporal Features and Relation of Activities), discovers the
usual start times of the activity patterns in form of a normal
mixture distribution [7], using a k-means clustering technique
[8]. DTFRA discovers a similar representation for duration of
activities using a normal mixture distribution. We also discover
the order of activities using temporal association rule mining
techniques.
The temporal information that is discovered by our
algorithms can be beneficial in many different applications.
Here we mention just a few such applications:
-

Reminder systems: The discovered temporal
information can be used to construct a schedule of
activities for an upcoming period. Such a schedule is
constructed based on the predicted start time intervals,
as well as the relative order of the activities. For
example, it can be used as part of an activity reminder
system for an Alzheimer patient, in order to
automatically generate prompts to remind the patient to
initiate activities, if s/he does not follow the usual
schedule within the expected start times.

-

Anomaly detection: Discovering a confidence level for
the order relations, as well as finding the typical start
times and durations as mixture models allow us to
assign a probability to a particular activity occurring in
a given interval. Using the assigned probabilities and
using the anomaly detection methods [9], one can
exploit such information to detect the any anomalous
or suspicious activities.

-

Context aware system networks: Last but not least,
such information can be used in designing an activityaware wireless sensor network. Activity aware sensor
networks aim to augment wireless sensor network with

context awareness by taking advantage of the
behavioral pattern information such as temporal
information. Temporal information allow the sensor
networks to act more intelligently by determining
which sensors need to be awake at any given time, in
order to route data more efficiently with respected to
the predicted activities within a given time period.
The rest of this paper is organized as follows. First we will
describe the related works. Next we will explain our model in
more detail, followed by the results of our experiments on the
data obtained from an elderly smart apartment. Finally we end
the paper with conclusions.
II.

In the framework presented in this paper, we will provide a
method for discovering various temporal features, and we will
present and discuss the results of applying our methods to a
real smart home dataset.
III.

MODEL DESCRIPTION

The architecture of our model called DTFRA is illustrated
in Fig. 1. It consists of two main components: temporal feature
discovery, and temporal relation discovery. Each component
will be described in more detail in the following subsections.

RELATED WORK

In recent years, the data mining community has observed
remarkable progress in discovering association rules from
transactional data. The notion of association rules was first
proposed by Agrawal et al. [10] to capture the co-occurrence of
items in transaction events. Because a transaction typically
includes a timestamp as well as the transaction items, an
interesting extension to the concept of association rule is to
augment it with the time dimension. This extension suggests
that we may discover different rules when different time
intervals are considered. As a result, some rules may hold
during some time intervals, while not during the others. When
we consider the association rules augmented by their temporal
intervals, we refer to them as temporal association rules [11].
Activity patterns in smart environments also include a
timestamp. The timestamp indicates when a particular activity
has occurred, or more specifically when a specific sensor was
triggered. Just like the association rule mining, adding the
concept of temporal features to the activity patterns can be
quite useful, and in some cases necessary. For example, in a
home automation system, the concept of time needs to be taken
into account to anticipate the time when activities should or
would occur. Despite the potential use of temporal features in
activity patterns, this key aspect has usually been ignored and it
has not been exploited to its full potential. Gottfried et al. [12]
mention that reasoning about time and space in smart homes is
necessary, because certain things have to be done at certain
times and places, and in association with other contexts. Our
study goes beyond just highlighting the importance of using
temporal features. Here we present a framework to discover
and present the temporal features of activities by inferring
temporal association rules among different activities. As
another related work, Rashidi and Cook [5] have suggested a
method for discovering and representing temporal features of
the activities. They propose a method for presenting the usual
start times of the activities. However they do not consider other
temporal features and relations, such as the order of the
activities. Galushka et al. [13] also discuss the importance of
temporal features for learning activity patterns; however, they
do not exploit such features for learning activity patterns in
practice. Jakkula and Cook [14] show the benefit of
considering temporal associations for activity prediction. Their
main focus is on investigating methods based on using Allen’s
temporal logic [15, 16] to analyze smart home data, and to use
such analysis for event prediction.

Figure 1. DTFRA architecture.

The input to DTFRA is an activity pattern dataset, and its
output is a set of temporal relation rules. To make it easier to
follow the description of our model, we will consider the
“taking medication” activity as an example throughout our
discussions. More activities will be discussed in the
Experimental Results section.
A. Activity Pattern Dataset
The input dataset consists of a set of individual sensor
events collected from various sensors deployed in the space.
Each sensor event consists of a sensor ID and a timestamp
Table I provides a sample of collected data.
TABLE I.

SAMPLE OF COLLECTED DATA. HERE, M11 IS A MOTION
SENSOR AND D34 IS A DOOR SENOSR.
Sensor ID

State

Timestamp

M11

ON

05/13/2009, 08:33

D34

OPEN

05/13/2009, 08:35

B. Temporal Activity Features Discovery
In this study, we consider two temporal features for every
activity: the start time of the activity and the duration of the
activity. For this purpose, we extract the start times of every
activity instance, and then we cluster the start times to obtain a
canonical representation for the start time of a specific activity.
Here we use the k-means clustering algorithm to construct a
mixture model for each activity ai. If we denote the start time
of an activity instance ai as ti, then the probability that ti
belongs to a certain cluster k with parameters Θ = ( , σ), can

be expressed as a normal probab
bility density function
fu
shownn in
Equuation (1).

|Θ

1





√2

The parameteers are comp
puted automattically from the
t
avaailable data. As
A we already mentioned, suuch a probabillity
meaasure for exam
mple can help us to detect anomalous
a
casses.
Thee results of finding
fi
the can
nonical start times
t
of “takiing
meddication” can be
b seen in Table II.
TA
ABLE II.

Bassed on a normaal distribution characteristic,
c
w know that
we
a standdard deviation from the meaan in a normaal distribution
accounts for about 68% of the valuees (see Fig. 3). So if we only
consideer observations falling within
w
this area, some
observaations that signnificantly deviaate from the othher values are
automaatically left outt. Such an obseervation that iss numerically
distant from the rest of
o the data is caalled “outlying observation”
or “outllier”.

THE
E CANNONICAL STA
ART TIMES OF “TAKING MEDIACTION
N”
ACTIV
VITY.

Cluster #

Mean
(hh:mm)

Num
mber of
Mem
mbers

Standaard Deviation
(h
hh:mm)

1

9:33

62
6

0:56

2

7:22

12
1

1:50

3

20:37

7

1:41

As shown in Table
T
II by callculating the mean
m
and standaard
devviation of eachh cluster, the start time of each activity is
exppressed as a mixxture normal distribution
d
(Figg. 2).

Figuree 3. Outlier detecction based on normal distribution chharacteristics.

Takking into accoount the interrval
,
and
blendinng Table II andd Table III togeether, we are leeft with Table
IV. Herre μ and σ arre the mean annd standard devviation values
for the start times of the
t ith cluster reespectively.
TABLE
E IV.

Figuure 2. A mixturee model for the starrt time of “taking medication”
m
activiity.

Besides the canonical
c
startt time of an activity,
a
we will
w
connsider the duraation of an activity. Similar too our method for
f
findding the canonnical start timess, by using a k-Means clusteriing
of
techhnique, we will
w discover th
he canonical representation
r
durrations. Table III
I shows the duration
d
of “takking medicatioon”
actiivities correspoonding to the clusters speciified in Table II.
Furrthermore, the mean and standard deviation of duratiion
valuues of each activity
a
is callculated. Againn, the canoniccal
representation is in
i form of a miixture normal distribution.
d
T
TABLE
III.

DISCOVING
I
USUAL DUARION
D
OF “TAKIING MEDICATION”.
”

Cluster #

Mean
(hh:mm)

Num
mber of
Mem
mbers

Standaard Deviation
(h
hh:mm)

1

0:07

62
6

0:01

2

0:03

12
1

0:01

3

0:04

7

0:02

DISCOV
VING START TIMES AND
A
DUARIONS OF
F THE “TAKING
MEDICATION” ACT
TIVITY.
Cluster #

Start Time
(hh:mm)

n
Duration
(hh:mm))

1

[8:37 – 10:299]

[0:02 – 0:004]

2

[6:32 – 9:12]]

[0:06 – 0:008]

3

[18:56 – 22:188]

[0:02 – 0:006]

C. Tem
mporal Activityy Relations Disscovery
Afteer the canoniccal forms of sttart time and duration
d
have
been diiscovered, next we will discoover the order of activities.
The inpput to this stagee is the featuress discovered inn the previous
stage, i.e.
i the canoniccal start time annd durations. The
T output of
this staage is a set of temporal
t
relations between activities.
a
The
temporral relations wiill determine the
t order of activities with
respect to their start time, i.e. for a specific timee point, what
activityy would be the most probablee. Such results can be useful
in a vaariety of activvity predictionn scenarios, suuch as home
automaation.
To discover the teemporal relatioons of activities, we use the
Apriorii algorithm. Leet’s denote an innstance i of ann activity a by
ai and its
i successor acctivity in the daataset by b. As mentioned in
the previous section, each activity instance
i
belonggs to specific
me. To denote an activity ai
cluster Θ with respecct to its start tim
belongiing to a speciffic cluster Θ , we will show it as . We
will show the temporral relation “b follows a” ass → . The
b |D|. Then we
w can define
dataset length will also be shown by
the supp
pport of the “foollows” relationn as in Equatioon (2) and its
confideence as in Equaation (3).
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Table V show
ws the discoveered temporal relation
r
rules for
f
the “taking meddication” activ
vity, with the correspondiing
connfidence. For thhis example, minimum
m
support is set to 0.1.
T
TABLE
V.

LIST OF
O ADLS WE CONS
SIDER FOR THE EXP
PERIMENTS.

1. Bathhing

6. Meal
M Preparation

2. Bed to Toilet Transsition

7. Personal
P
Hygieene

3. Eatinng

8. Sleeping
S
in Bed

4. Enter/Leave Home

9. Sleeping
S
Not inn Bed

5. Houssekeeping

10.. Taking Mediccation

DISCOVERING TEMPPORAL RELATIONSS OF THE “TAKING
M
MEDICATION
” ACT
TIVITY (SUPP > 0.1))

Clusster #

Start Time
T

Dura
ation

Next Activity

Coonf

1

[8:37 – 10:29]

[0:02 – 0:04]

E
Eating

0..90

2

E
Eating

0..81

[6:32 – 9:12]

[0:06 – 0:08]

Meal Preparation
P

0..11

Personaal Hygiene

0..50

Sleepingg Not in Bed

0..25

E
Eating

0..25

3

Forr our experimennts, we selectedd ten ADLs whhich are listed
in Tablle VI.

[18:56 – 22:18]

[0:02 – 0:06]

According to the results provided in Tabble V for “takiing
meddication” activvities which occcur between 8:337 and 10:29, the
t
nexxt activity is tyypically “eatin
ng” with a connfidence of 0.990.
Thiis activity usuually takes 2 to
t 4 minutes when perform
med
durring this periood. For those “taking mediccation” activitties
whiich occur betw
ween 6:32 and
d 9:12, the neext activities are
a
“eaating” and “meeal preparation”” with confideences of 0.81 and
a
0.11 respectively.. This activity when perform
med at this periood,
usuually takes 6 too 8 minutes. Fin
nally those “takking medicatioon”
actiivities occurrinng between 18::56 and 22:18, usually take 2 to
6 minutes
m
and the next posssible activitiees are “personnal
hyggiene”, “sleepping not in bed”
b
and “eaating” with the
t
connfidences of 0.550, 0.25 and 0.2
25 respectivelyy.
IV
V.

EXPERIMEENTAL RESULTTS

In this sectioon, the experim
mental results of DTFRA are
a
presented. Beforee getting into the details off our results, we
w
expplain the settinggs of our experriment.
A. Experimental Setup
u
in our experiments
e
iss a
The smart hoome testbed used
1-bbedroom singlee resident aparrtment. The sensor events are
a
gennerated by motiion sensors (th
hese sensor IDss begin with "M
M")
andd door/cabinet sensors (thesee sensor IDs begin
b
with "D
D").
Figg. 4 shows thee motion senssor layout of our smart hom
me
testtbed. To trackk people’s mobility, we usee motion sensoors
placced on the ceeilings and waalls, as well as
a on doors and
a
cabbinets. A sensoor network captures all the seensor events, and
a
storres them in a database.
d

Figurre 4. The layout of
o sensors in the 1-bedroom smart home testbed.

To provide real activity
a
patternn data for our experiments,
we havve collected daata while the resident was living in the
smart home.
h
Our trainning data was gathered over a period of 4
monthss and more thaan 250,000 sennsor events weere generated
for our dataset.
B. Evaaluation of DTF
FRA
In this
t section, wee provide the reesults of runninng DTFRA to
discoveer activity pattterns from the smart home teestbed. Table
VII shoows the Discovvered Temporall Features and Relations for
five AD
DLs. In the cluustering step, we
w ran k-meanns three times
and piccked the best reesults. Furtherm
more, for Aprioori algorithm,
we set the minimum support to 0.11 and only preesent the next
activitiees with the coonfidence greaater than 0.1 inn the results.
Moreovver,
and
are mean and standard deviaation for start
time of
o each clusteer, while
and
denoote the same
parameeters for duratioon of each clustter.

TABLE VII.

Activity

Cluster

1
1

2

3

4

5

Bathing

Bed-Toilet Transition

Eating

Enter Home

Housekeeping

TEMPORAL RELATION RULES FOR THE FIRST FIVE ADLS (SUPP > 0.1)

Start Time (hh:mm)

Duration (hh:mm)

to

to

[0:46 – 01:40]

[0:25 – 0:31]

2

[08:22 – 11:02]

[0:15 – 0:19]

3

[21:55 – 23:03]

[0:04 – 0:10]

1

[20:00 – 23:46]

[0:14 – 0:16]

2

[05:09 – 07:49]

[0:08 – 0:10]

3

[00:54 – 03:10]

[0:02 – 0:04]

1

[06:25 – 11:01]

[0:08 – 0:24]

2

[12:19 – 14:47]

[2:18 – 3:20]

3

[18:38 – 22:28]

[0:34 – 1:02]

1

[18: 03 – 20:57]

N/A

2

[09:35 – 14:07]

N/A

3

[15:10 – 17:14]

N/A

1

[12:55 – 16:17]

[1:29 – 1:33]

2

[19:40 – 23:08]

[0:01 – 0:03]

3

[04:33 – 11:53]

[0:23 – 0:39]

As we mentioned in the introduction section, this
information can be used in developing various applications,
such as an activity reminder system or an activity-aware
wireless sensor network.
In Table VIII the results for the other five activities are
presented. Considering the “meal preparation” activity, the
results show that for those “meal preparation” activities which
occur between 11:59 and 14:11, the next activities are “eating”

Next Activity

Conf

Sleeping in Bed
Bed-Toilet
Transition
Personal Hygiene
Personal Hygiene
Eating
Sleeping Not in Bed
Personal Hygiene
Housekeeping
Bed Toilet
Transition
Sleeping Not in Bed
Housekeeping

0.42

0.22
0.22

Sleeping in Bed

0.95

Sleeping in Bed
Bed-Toilet
Transition
Housekeeping
Personal Hygiene
Housekeeping
Personal Hygiene
Housekeeping
Personal Hygiene
Personal Hygiene
Meal Preparation
Personal Hygiene
Meal Preparation
Personal Hygiene
Leave Home
Personal Hygiene
Leave Home
Sleeping Not in Bed
Sleeping Not in Bed
Personal Hygiene

0.58

0.61
0.39
0.60
0.26
0.59
0.27
0.57
0.29
0.46
0.42
0.67
0.14
0.59
0.17
0.17
0.48
0.39

Personal Hygiene

0.91

0.38
0.20
0.71
0.14
0.50
0.25
0.25
0.33

0.36

and “meal preparation” with the confidences of 0.69 and 0.14
respectively. Also, “meal preparation” when performed at this
time, usually takes 2:51 to 3:11. Also, “meal preparation”
activities occurring between 7:19 and 10:23, usually take 24 to
56 minutes and their next activity is “eating” with confidence
of 0.55. Finally, those “meal preparation” activities which
occur between 17:38 and 21:44, usually take 4 to 14 minutes
and their next activity is “eating” and “personal hygiene” with
the confidence of 0.64 and 0.25 respectively.

TABLE VIII.

Activity

6

7

8

9

10

Start Time (hh:mm)

Duration (hh:mm)

to

to

1

[11:59 – 14:11]

2

[07:19 – 10:23]

Cluster

Meal Preparation

Personal Hygiene

Sleeping in Bed

TEMPORAL RELATION RULES FOR THE SECOND FIVE ADLS (SUPP > 0.1)

Next Activity

Conf

[2:51 – 3:11]

Eating
Meal Preparation

0.69
0.14

[0:24 – 0:56]

Eating

0.55

Eating
Personal Hygiene
Personal Hygiene
Meal Preparation
Leave Home
Leave Home
Personal Hygiene
Personal Hygiene
Sleeping Not in Bed
Meal Preparation
Personal Hygiene
Meal Preparation
Bed-Toilet
Transition
Personal Hygiene
Bed-Toilet
Transition
Bed-Toilet
Transition
Personal Hygiene
Sleeping Not in bed
Bed-Toilet
Transition
Personal Hygiene
Meal Preparation

0.64
0.25
0.50
0.24
0.13
0.53
0.21
0.24
0.24
0.22
0.60
0.40

3

[17:38 – 21:44]

[0:04 – 0:14]

1

[06:06 – 11:46]

[0:01 – 0:02]

2

[13:38 – 17:04]

[0:05 – 0:13]

3

[19:23 – 22:37]

[0:04 – 0:16]

1

[13:59 – 22:11]

[0:37 – 1:45]

2

[01:02 – 03:38]

[4:13 – 6:35]

3

[05:22 – 08:14]

[2:22 – 3:28]

1

[20:29 – 23:15]

[1:46 – 2:34]

2

[00:33 – 02:27]

[0:32 – 1:18]

3

[13:42 – 18:58]

[3:11 – 4:23]

1

[08:37 – 10:29]

[0:02 – 0:04]

Eating

0.90

Eating
Meal Preparation
Personal Hygiene
Sleeping Not in Bed
Eating

0.81
0.11
0.50
0.25
0.25

Sleeping Not in Bed

Taking Medication

I.

2

[06:32 – 09:12]

[0:06 – 0:08]

3

[18:56 – 22:18]

[0:02 – 0:06]

CONCLUSION

In this paper, we presented DTFRA for discovering
temporal features and relations of activity patterns. Our
algorithm is able to discover features and relations, such as the
order of the activities, their usual start times and durations by
using rule mining and clustering techniques. These discoveries
can be used in many applications, such as developing activity
reminder and anomaly detection systems, as well as designing
activity-aware wireless sensor networks.

0.78
0.22
0.50
0.16
0.14
1.00
0.59
0.19
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