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BIA: Behavior Identification Algorithm Using
Unsupervised Learning Based on Sensor
Data for Home Elderly

Cuijuan Shang @, Chih-Yung Chang

Abstract—Behavior identification plays an important role
in supporting homecare for the elderly living alone. In liter-
ature, plenty of algorithms have been designed to identify
behaviors of the elderly by learning features or extracting
patterns from sensor data. However, most of them adopted
probabilistic models or supervised learning to identify be-
haviors based on labeled sensor data. This paper proposes
a behavior identification algorithm (BI/A) using unsuper-
vised learning based on unlabeled sensor data for the el-
derly living alone in smart home. This paper presents the
observation of elder behaviors with three features: Event
Order, Time Length Similarity and Time Interval Similarity
features. Based on these features of behavior observations,
two properties of behaviors, including the Event Shift and
Histogram Shape Similarity properties, are presented. Ac-
cording to these properties, the proposed B/A is developed.
Finally, performance results show that the proposed BIA
outperforms the existing unsupervised machine learning
mechanisms in terms of the behavior identification preci-
sion and recall.

Index Terms—Behavior identification,
homecare, unsupervised learning, sensor data.

histogram,

|. INTRODUCTION

OMECARE is animportant research to deal with the aging
H issue [1], [2], due to the insufficient medical resources and
the elderly’s preference of their own homes. Nevertheless, the
elderly living alone at home has great potential safety hazard,
such as falls and fires. Because of the shortage of human re-
sources, there are not enough care givers to provide services
to the elderly. Therefore, plenty of technologies are required to
support the homecare.
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One important part and parcel of homecare is to access the
health state of the elderly living home alone. Studies [3] and
[4] have shown that behaviors are associated with the healthy
state of a person, especially an elder who usually lives regularly.
Therefore, plenty of researchers [5], [6] have proposed lots of
mechanisms to identify behaviors of the elderly based on a
variety of devices from different perspectives.

Based on the types of data collection devices, behavior iden-
tification algorithms can be divided into three types, including
video-based [6]-[10], wearable-based [5], [11]-[14] and un-
obtrusive sensor-based [4], [14]-[20], respectively. The video-
based category mainly adapted cameras to monitor the behaviors
of occupant and the changes of environment in smart homes
[6]-[10]. The collected data are video sequences or digitized
visual data. Algorithms fallen in vision-based type usually make
use of the computer vision techniques for recognizing daily
behaviors of the elderly. However, video-based behavior identifi-
cation algorithms potentially resultin the invasion of inhabitant’s
privacy, which leads to the situation that they are unacceptable.

The second category depends on the wearable devices, such
as smart watches and smart rings, to collect the movement and
location information of the elderly [12], [13]. However, it’s
inconvenient for the elderly because wearable devices require
users to wear them every day. The results are mainly affected by
the cooperation of users.

The unobtrusive sensor-based category depends on the tech-
nologies of wireless sensor networks which are applied to moni-
tor daily behaviors of the elderly in smart homes [4], [15]. These
sensors, such as pressure, infrared, water flow as well as door
magnetic sensors, are commonly deployed in smart homes to
identify behaviors of the elderly. The advantages of unobtrusive
sensors include low cost, ease of device deployment as well
as the least privacy invasion compared to cameras. Therefore,
algorithms based on unobtrusive sensors are considered as a
promising research issue to deal with the problem of behavior
identification in the smart home.

Extensive existing behavior identification studies have been
proposed based on unobtrusive sensors [4], [15], [19]. Most of
them employed probabilistic models such as naive Bayesian Net-
work, Dynamic Bayesian Network, Markova model, maximum-
likelihood estimation or queuing theory, to describe the states
and probabilities for the transition from one state to another.
These models are usually trained to fit the specific problem.
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However, to learn the model, a training dataset has to be collected
and annotated, which is expensive and time consuming.

This paper also falls in the unobtrusive sensor-based category.
The proposed Behavior Identification Algorithm (BIA) adopts
unsupervised learning based on sensor data for the elderly living
alone in smart home. The Regularity and Histogram Shape
Similarity Properties are proposed based on the observation
on basic features of the elderly living alone. According to the
proposed properties of behaviors, the BIA firstly partitions the
sensor events into multiple groups each of which will be a
collection of sensor events which are generated from the same
sensor associated with the same action in approximate time.
Then, the BIA further treats those groups as primitive elements
and groups them into several clusters each of which is associated
with a behavior and labeled with a behavior name. The main
contributions of this work are listed as follows.

1) Formalization of problem and constraints: This paper
establishes a problem formulation system to represent
the problem and goal of behavior identification for an
elderly in home. Four constraints of behavior are also
proposed, including Space, Order, Time Interval and Time
Difference constraints.

2) Presenting time regularity observation of behaviors:
Based on the observation on basic features of the elder
living alone, the time regularity of behaviors is presented,
which includes three features: Event Order, Time Length
Similarity and Time Interval Similarity features. Accord-
ing to these features, new properties are proposed to
analyze and explore the relations between sensory data
and behaviors.

3) Proposing Event Shift and Histogram Shape Similarity
properties: The histogram is used to present the distribu-
tion of sensor events in this paper. The Event Shift and
Histogram Shape Similarity properties of behaviors are
proposed to exploit the implicit relation between sensor
events associated with the same behavior. Based on the
relations between histograms, the proposed BIA takes into
account the statistical property of sensor event data and
provides elasticity and flexibility in behavior recognition.

4) Developing Behavior Identification Algorithm: The pro-
posed BIA algorithm uses unsupervised clustering learn-
ing to identify behaviors of the elderly living alone based
on unlabeled sensor data. The proposed BIA takes advan-
tage of statistical properties of sensor data and utilizes
unsupervised clustering algorithms to improve the per-
formance of behavior recognition, as compared with the
algorithm proposed in [20].

The rest of this paper is organized as follows. Section II
summarizes related work. Section I1I formalizes the assumptions
and problem statement of the investigated behavior identification
issue. Section IV proposes Regularity and Histogram Shape
Similarity properties of behaviors while Section V proposes the
Behavior Identification Algorithm(BIA). Section VI investigates
the performance improvement of the proposed BIA against the
related work. Section VII gives conclusions and future work of
this study.

Il. RELATED WORK

In literature, plenty of researches have paid attention to behav-
iors identification. In general, these researches can be classified
into three categories based on the data collection devices, includ-
ing vision-based, wearable-based and unobtrusive sensor-based
classes. The following briefly reviews these studies.

A. Vision-Based Algorithms

Vision-based algorithms [6]-[10] aimed to identify behaviors
by processing video sequences, which is an important research
field of computer vision. Generally, the behavior identification
algorithms took the video as inputs and directly identified the
behaviors by using image processing methods [6], [7]. Some
vision-based researches assumed that a camera is worn on the
user to capture the information about the context. Algorithms
applied to the video analysis indirectly identified behaviors from
video sequences by comparing changes of the context [8], [9].
In general, vision-based algorithms can reach high accuracy and
have made positive contributions in the field of human behavior
identification. However, they exhibited shortcomings such as the
invasion of privacy and the requirement of computing resources.

B. Wearable-Based Algorithms

There were several wearable-based algorithms [5], [11]-[14]
proposed to identify behaviors mostly according to the motion
characteristics of the inhabitant. The sensors, such as accelerom-
eter, physiological sensors, magnetometer as well as gyroscope
were assumed to be embedded in the wearable devices and used
to collect motion data. The features of data are analyzed and used
to identify behaviors. These algorithms [12], [13] have shown
satisfactory results in both laboratory/clinical and free-living
environment settings. However, wearable sensors need to be
attached to inhabitants, which result in lots of discomfort to
inhabitants.

C. Unobtrusive Sensor-Based Algorithms

The unobtrusive sensors, such as sound sensors, pressure
sensors and temperature sensors, were deployed in smart homes
and used to measure the appearances and movements of objects
[4], [15]-[18]. Researchers can take advantage of unobtrusive
sensors for capturing interactions between inhabitants and the
smart home environment, to identify behaviors of the inhabitant.

Most of these researches employed probabilistic models to
identify the behaviors. Study [19] designed algorithms that
automatically learned Markov models for each class of activ-
ities. These models were used to identify behaviors that were
performed in a smart home. Further, study [15] used the hidden
Markov model (HMM) in behavior identification. The HMM
is a special case of the DBNs, which is a probabilistic model
with a particular structure that makes it easy to learn from data.
Once a model is learned, the behavior identification is both
easy and efficient to be implemented. However, the HMM is
incapable of capturing long range or transitive dependences of
the sensor data due to its very strict independence assumptions
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TABLE |
COMPARISON OF THE MAIN CHARACTERISTICS OF THE PROPOSED BIA WITH THE UNOBTRUSIVE SENSOR-BASED STUDIES

Studies Dataset Sensors Algorithms Unsupervised
[15] CASAS PIR-Door sensors NBC, I;I\I\/AI\IXI CRF, No
[16] Laboratory of University of Switch sensors mgmmum—hke‘hhood esprpangn, No
Ulster using Expectation—Maximization
[17] MavLab user data State-Change sensors Decision Tree, Markov model No
[19] CASAS PIR-Door sensors Markov model No
[20] WMNL2016 State-Change sensors String matching, sliding Yes
window-based approach
The Proposed BIA WMNL2016 State-Change sensors DBSCAN, Hierarchical Yes

Clustering

(on the observations). Furthermore, without significant training,
an HMM may not be able to identify all of the possible sensor
sequences that can be consistent with a particular behavior.

Study [16] built up a probabilistic model based maximum-
likelihood estimation using Expectation—-Maximization. The
model can learn behavioral patterns from sensor readings by
making full use of all limited labeled activities. Study [17]
proposed a new approach for behavioral pattern extraction using
decision tree and Markov model based on the On—Off states of
home appliances. Study [20] proposed a behavior identification
algorithm, namely MLAR, which transforms the sensor data
into strings and adopts string matching to recognize elderly
behaviors. The proposed MLAR doesn’t require the labeled
sensor data and identify behaviors based on the spatial-temporal
constraints. However, it lacks elasticity and flexibility due to
the rigid string matching and satisfactory of spatial-temporal
constraints.

Most of the abovementioned researches can identify some
interested behaviors with certain accuracy in the considered
environment. However, they require labeled training dataset to
build and learn the model, which is expensive and time consum-
ing. Different from existing work, this paper aims to propose
a Behavior Identification Algorithm (BIA) using unsupervised
learning based on sensor data for the elderly living alone in
smart home. The sensor data collected from the unobtrusive
sensors don’t need to be annotated by the resident. A compar-
ative summary of the characteristics of the proposed BIA and
the related works based on the unobtrusive sensor is given in
Table I. As shown in Table I, the data set, deployed sensors
and algorithms of the main related work are presented. Com-
pared with the related work, the proposed BIA employs un-
supervised clustering algorithms, including DBSCAN and
Hierarchical Clustering, to identify behaviors of the elderly
living alone with elasticity.

[ll. ASSUMPTIONS AND PROBLEM STATEMENT

This section initially introduces the network environment and
assumptions. Then the problem statement and related constraints
are described.

A. Network Environment

LetB = {b",b%,...,bBl} denote the set of interested behav-
iors which are highly correlated to the health of the elderly peo-
ple.Letd’ = (a{,dj, ..., af, ) denote abehavior which consists
of an ordered list of actions, where aé- denote the j-th action of
behavior b’. For the ease of presentation, in the later description,
we use action a; €V’ to represent that action aj- is in action list of
behavior b’. Assume that a smart home space can be divided into
several small areas, which is denoted by R = {ry,72,...7r}.
In order to recognize actions which compose behaviors, a set
of sensors S = {s1, $2, ..., $p } is deployed in the smart home.
Each sensor s € S has an unique ID and a fixed location area,
denoted as Id and loc € R, respectively. When the elderly is
active at home, some actions will trigger the corresponding
sensors. As soon as a sensor is triggered by an action a, a sensor
event e creates. Let notation occ(a) represent the occurrence of
an action a. Let A(+) and £(+) be two functions which take event
e and occurrence of action a as their inputs and returns action a
and event e, respectively. Thatis, a = A(e) and e = E(oce(a)).
Further, we assume that any event e can only be triggered by the
occurrence of one action.

The detailed information of a sensor event e can be denoted
by e (Id,loc,t5tt tend yalue), where Id denotes the sensor
ID, loc denotes the location area of the sensor, t5t%" denotes
the time when the sensor event occurs, t¢"¢ denotes the time
when the sensor event ends and value denotes the reading of
the sensor. Let e; denote the i-th sensor event of any sensor
event set. Furthermore, let F; = (e, ez, ..., €|g;)) denote the
sequence of sensor events collected in the j-th day. It is obvious
that E = UL, E; denote the set of all sensor events collected in
the past m days.

Since abehaviorb’ = (aj, aj, . .., ) canbe represented as
(Aler), Alez2), ..., A(ep)), the sequence (e1, ez, ..., eppi|)
is called the event sequence of behavior b'. For the ease
of presentation, in the later description, notation b° —
(€1, €5, ..., ely) denotes that behavior b’ triggers the event
sequence (ef, €5, ..., €fyi)-

In the next subsection, the goal and its associated constraints
of the investigated problem will be presented.
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B. Problem Statement

To observe the health condition of an elderly at home, this
paper aims to design a Behavior Recognition system to identify
the behaviors of an elderly from spontaneous sensor events.
The following represents the problem statement and related
constraints.

Given aset E of sensor events which are collected in the pastm
days, this paper aims to identify the behaviors of the elderly. Let
Bj = (bj1,bj2,...,bjp,) denote the sequence of behaviors
which actually occur in the j-th day. Let 7} ;. denote the time
period of behavior b; .. Let T; = (T} 1, Tj 2, - .., T} p,|) denote
the sequence of the time periods corresponding to behaviors in
Bj. Let 0;1, be a Boolean variable which represents the fact
whether or not behavior b; ;. occurs in time period 77 ;. This is,

s |1, b occursin Tj,
L 0, otherwise ’

It is obvious that for any pair of b; 5, and T}, if k = [, we
have 6, = 1and d;; = Oforall k # [.

Furthermore, let B]-A = (IA)j’l, [A)j’z, R Bj,‘B]A‘) denote the se-
quence of recognized behaviors extracted from E; by applying
behavior recognizing algorithm A. The following defines some
notations which represent the recognized results by executing a
given algorithm A. Let 8]‘7 %,1 be a Boolean variable representing
whether or not 13]-, & occurs in time period 7 ;. This is,

5t { 1, b; occurs in T}
kil =

- 0, otherwise

For a considered algorithm A, the correct identification that
behavior b; ;. occurs in T} ; is treated as TPjAk (True Positive)
which is measured by

|B;]

TPy = ki * 0k (1)
1=1

Exp. (1) indicates that, the value of TP]f‘lc will be added by 1

if both b; ;. and IA)J;, % occur in time period 7 ;. Further, two types
of errors, False Positive FP]f‘k and False Negative F'IV fk, can
be measured by Exps. (2) and (3), respectively.

|B;]

ijfj‘k = Z max (0, Ojel — 5j,k,l> @)
1=1
|B;] .

Fka = Z max (0, Oj kg — 5j7k,l) S
1=1

Exp. (2) indicates that, the value of FP]f‘k will be added by
1 if b; 3, occurs in T ; but b; 3, doesn’t occur in 7 ; while Exp.
(3) indicates that, the value of F'N jf‘k will be added by 1 if b; ;.
occurs in 7} ; but b,z doesn’t occur in 77 ;. Then, the recall

and precision of behavior b; ., denoted by RC#, and PCZ,
respectively, can be calculated as follows:

rp fk

RCH, = ——— 2"
PR TPA + FNA

“

TPA,
PCJIA}k - L

ThA oA )
TPY + FPA

As shown in Exps. (4) and (5), the values of RC’jAJC and PC’j‘},C
will both equal to 1 if neither false positive nor false negative
occurred. This also implies that the behavior recognition algo-
rithm A expects to have high values (approaching 1) of RC;‘}k
and RC;‘}k for any given behavior b; ;, in the j-th day.

Let A denote the set of all possible recognition algorithms.
This paper aims to propose a behavior recognition algorithm A €
A which maximizes the total recognition Recall and Precision
of all actual behaviors b; . in the past m days. Exp. (6) presents
the objective function of this paper.

Objective Function:

m |B,l

max » > (ax RCY + (1—a) « PCJy) (6)
j=1k=1

AcA

The following introduces the assumptions and constraints that
make up the premise of our work. Let 3, ;, denote a Boolean
variable representing whether or not a sensor event e; € E
occurs in area ry. That is,

1, ej.loc=ry
Bjk = {0’ J i )
, otherwise

This paper assumes that a behavior can only occur in one
area. This also indicates that sensor events associated with
one behavior have the same location. Given a behavior b* —
(ef,eh, ..., €l ), the following space constraint guarantees that
sensor events associated with behavior b* should be occurred in
the same area.

1) Space Constraint:

If b° occurs in 7y, H Bk =1

icpi
ejeb

(7

Given a behavior b — (ef, €}, ..., e"'bi ‘), the order constraint
guarantees that sensor events belonging to b* should be triggered
in the fixed order. Let ¢ = (Id, loc, t;’St‘"t, value) denote the
j-th sensor event of behavior b’. Exp. (8) presents the order
constraint.

2) Order Constraint:

i,start
J

i,start

if Vel e}, € b" and j < k,t <ty (8)

V. THE PROPERTIES OF BEHAVIORS

This section initially presents the observation on the elder
behaviors, named Time Regularity Observation. Three features
based on the observation are further introduced. Then, two
properties, namely Event-Shift and Histogram Shape Similarity
are deduced in turn based on the features of Time Regularity
Observation.

A. Observation on the Elder Behaviors
Consider a behavior b" — (ef, €5, ..., ef, ) € B which trig-

gers a sequence of sensor events eé, 1 < j < |b*]. For instance,
when the elder goes to the toilet, he will ‘open’ the door of
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the washroom, ‘close’ the door after enter the room, ‘sit’ on
the toilet, ‘wash’ the hands after using the toilet, and finally
‘open’ the door. In this example, the behavior b denotes ‘goes
to the toilet’ while sensor events e, b, €4, %, and e denote
the detections of actions such as ‘open door’, ‘close door’, ‘sit’,
‘wash hands’, ‘open door’, respectively.

Consider the past m days. Since the behavior b’ of an elder
has regularity, it means that b’ is likely occurred around a certain
time on most days. Let bj, — (e j,, €5y, .., €}y, ;) denote be-
havior b’ occurred in the k-th day, where notation e; . denote
the j-th event in bj. For the ease of representation, notation
e’ is considered as a sensing event type which is associated

J
with action a . Let t; ‘;f‘m

_EL ,start

denote the occurrence time point

and o% = denote the mean and standard

J,m
7, start

of ej .- Let
deviation Values of the ¢/ in the past m days, respectively.
Assume that t;jf‘"t follows Normal distribution. It implies
that the start times of sensor event e’ , in past m days mostly
fall into [t?:ff” + 307 ,,]. Let ¥; 1 denote a Boolean variable
which represents whether or not a sensor events ¢’ , occur in
[£5tet & 30t 1. This is,

7,m
1, tsta'rt {’L
Vjr = € |
0, otherw1se
The following presents the Time Regularity Observation.
Time-Regularity (T-R) Observation:

m £ 30’;:’7”] .

, , _—
Ve! , €biand 1 <k <m, 0.9974 < (Zk—lak> <1
7 m

The time regularity of an elder’s behaviors exhibits several
important features of the events. According to the regularity of
an elder’s behaviors, the order of sensors triggered by the same
behavior has regularity, even though the same behavior occurred
in different days. This also implies that if events 63'»’,6 € by,
is occurred earlier than event e; s € b}:C in k-th day, we have,
the event e;l is occurred earlier than event e;l in /-th day,
where A(e} ) = A(el, ;) and (el ;) = A(el ;). The following
presents the Event-Order Feature.

1) Event-Order Feature:

Vb ety €, Vel el €, 1<kl <m, z<yiff
c/l(ej’k>:cﬂ<xl LA (el ) =A(eh,) andj < =

The following presents another important feature of the be-
havior regularity. When the same action occurred in different
days, the associated events have similar time length. For ex-
ample, time length of event associated with action ‘open door’
is similar, even though the ‘GoToToilet’ behavior occurred in
different days. The following presents this feature.

2) Time-Length-Similarity Feature:

Vel € by, Vel € bl 1<kl <m, (£ —t55)

i,end i, 9 ar . i i
~ (g = et ) A (e, ) = A (eN).

Furthermore, the time interval between two actions also has
important feature. It is obvious that an elder likely walks at an

almost constant speed. Let v denote the moving speed of an elder.
As we know, each sensor is deployed in a fixed location of an in-
door space. Consider a certain behavior b* — (ef, €3, ..., e/ ).
Let L = (u1,us2,...,uy|) denote the sequence of locations
corresponding to the deployed sensors which detect these events.
Let d(u;, ux) denote the distance between u; € L and uy, € L.
The time that takes the elder to move from locations u; to

dlw; s
;41 can be calculated as 4+t
J v

d(ui,wigr)
v

. Obviously, the value of

is nearly a constant because that both v and (u;, u)
are constant. The start time of sensor event e§ 41,5 detected in
the k-th day can be represented as the end time of the last sensor
event t;’}cd plus the time duration required for the elder moving
from u; to u;. That is, we have

v

start

end start end
Ui e =15k + and t500 0 — ¢ =

Since the value w is nearly a constant, the time
interval between any adjacent events in the sequence of the
same behavior is almost a constant. The following presents the
Time-Interval-Similarity Feature.

3) Time-Interval-Similarity Feature:

i,start i,end

Veikeb};, Vei Eb?, 1<kl<m m, t e =ty

i,start zend i
r phstent i ,lffc/‘l( o) =A ()

B. Histogram of Sensor Events

This subsection further analyzes the regularity of sensor
events detected due to the occurrence of a certain behavior b* =
(a},db, ... W\) Herein, we notice the regularity of behavior

implies that behavior %, for example, ‘GoToToilet’, should be
occurred every day but the occurred time might be different.
Consequently, the action aé- will be detected by a certain type of
sensor events and the detected time of every day is also different.
To analyze the distribution of m events eé, i for 1 <k < m, the
histogram is used.

A histogram of events ¢’ ; which occurred due to action a’
of behavior b* occurred in different days is a graphical display
of data using bars with different heights. The width of each bar
is also called the class interval, denoted by 7, which might be
an hour, or 10 minutes. Each bar, called bin, counts the number
of occurrences of data in the data set as its height. It is obvious
that the x-axis is a time line which represents the 24 hours of one
day. Let TP denote the time length of one day and is divided
into ¢ bins by 7. Thatis, TP = (71, 72, . .. , T)- For instance, if
7=10 minutes, we have g = 1440.

Let h® 5 x> O hj o in short, denote the frequency of action a§
occurred in time period 7,.. Assume that action ag- occurred in
the period 7, of the k-th day, which triggered a sensor event 6;-7 -
It implies that ¢ =h}, +1
According to the Event-Order Feature, action aj» 11 in behavior
b® would similarly occur in the k-th day and triggered a sensor

7 start i
€ 7, and consequently, A’
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i
event %, ;. Further, we have,

ti,start d (uia uz’—&-l)

J+1.k v d( )
_ 4i,start i,end 1,start Ujy Uit-1
=tk (tj,k ik ) t—

v
_ gi,start c
- tj,k + Tai

) Tc
1,start a;
=t < T,

where T¢ = (t; Z"d t; starty 4 7(1(”““1“)

Accordlng to the Time-Length- Szmzlarzty and Time-Interval-
Similarity Features, the Tg is almosta constant. Let C; = Round
(Tg, /) denote a function which rounds value T, /7 andreturns

tart tart
an Integer C;. Then, we have, t;f_f; = tl T+ O As a
i,start

result, we have ¢, i1k € TatCi This der1vat10n also concludes
the following important property.

1) Event-Shift Property: Va} € b;,
t;zf“” € 1, where C; is a constant.

According to Event-Shift Property, any h’; , € H; is almost
equaltohfy .o € Hj ;. Inother words, the histogram H 4
almost can be obtained by left shifting histogram Hj with C;7
length of time period. Herein, it is noticed that the shapes of 1}
and H;_ , are similar for any action a’-ébi This also implies
that the shapes of H j41 and H! j4o are also similar since j
can be substituted by j + 1. Based on the transitive relation on
‘similarity’, it is concluded that the shapes of H} and H, are
similar for any actions a’;€b’ and aj €b'.

Let peak bin, denoted by peak (Hj’), of a histograms H;
represent the highest bar in H;. Let notation d;; denote the
distance between peak (H}) and peak (H} ). It is obvious that
d; i = at. The following defines Shift operation operated on
two histograms H} and Hj. Let H L = Shift; .(H;, Hy)
denote a shift operatlon which ShlftS peak (H %) inright d1rection
witha distance of d; , = o7 to align with peak (Hj, ! and returns
a new histogram HZ Recall that Hj = (k) 1, h' s, ... hJ q)
can be obtained from the occurrences of action aj LEB i

iend
tik

i,start .
tj+1 k€ Tatc; iff

the past m days We have, H’ ik = Shift; . (H; . Hi) =
(hzq a+17h \q— a+2’""h3’7q’h4771+a7h32+a’ : h;q a)

After executing Shift;. .. (H!, H}) operatlon, the Similar-
ity between histograms H; and Hj, denoted by § (H 5 H}),
can be calculated by applying the Exp. (9). By perform-
ing the right shift operation on H¢, the resultant his-
togram might be partitioned into two parts: h; g—a+
1<z<a and h;x o for a4+ 1<z <gq. The operation

> ey max(h} .. hj ) operation calculates the area size

for

of the union of two histograms H ‘and H }C for1 < 2 < o while
operation »_1_, max(h!, ,, h}”) calculates the area size
of the union of two histograms H; and H,’C fora+1<zx<q.
As aresult, the denominator part of Exp. (9) calculates the total
area size of the union of two histograms A, ,, and Hj,. Similarly,
the numerator part of Exp. (9) calculates the total size of the
intersection of two histograms H in and H}. In particular, in

case that two histograms [ 1._} . and H} are identical, Exp. (9)

Frequency
peak(H;)
H; Hy

peakiHy)

50
) a5
L 20 L 20 L

—— dj =61 —>

(a) The original histograms

Frequency

(Dshifting
- ==l
(@cCalculating HJ’H\’: -
20+45+80+70+40
5(H, He)= s o RED
70
2% 2096 N )
| 1 1 1 1 1 I R . J
2 Tq

(b) The procedure of the Similarity calculation

Fig. 1. The example of Similarity calculation of H; and Hj,.

has value 1. It is obvious that Exp (9) returns a smaller value if
the two histograms H ¢ .. and H} have a big difference.

S (Hj, Hy) =

Za 1 min (h; —a+x Z,r) + chzl-&-a min (hé,x—a7 277")

Zx 1 Imax (h —a+ta h}g x) + Za: 14q Max (h] T—a h?e,x)
)

Obviously, the more similar the two histograms are, the
larger the value S(H?, Hj,) will be. The following presents the
Histogram Shape Similarity Property which will be used to
evaluate whether or not two actions a} and aj, are in the same
action sequence of behavior b’

2) Histogram-Shape-Similarity (H-S-S) Property:

Vel Ve, € byand 1 < j, k < |b;| .S (H}, Hj) ~ 1

Fig. 1 gives an example to elaborate the calculation of Sim-
ilarity between any two histograms. As shown in Fig. 1(a),
histograms H; and H}, are associated to actions a; and ay,
respectively. If we want to check whether or not the two actions
belong to the same behavior, the Similarity between H; and H},
can be calculated. As shown in Fig. 1(b), Hj is right shifted with
distance d; . to align the peak bin of H},. As a result, there is a
large overlap region, as marked with backslash shadow, between
the shifting result H -k and Hy. By applying Equ. (9), we have
S(H,, Hy) =~ 0.96. According to the H-S-S Property, it implies
that actions a; and aj might belong to the same behavior.

V. THE PROPOSED MECHANISM

This paper proposes a behavior identification algorithm,
called BIA, which aims to accurately identify behaviors of the
elderly based on the set of sensor events E = (J;_, E;. The
BIA algorithm mainly consists of three phases, namely Sensor
Event Grouping (SEG), Histogram Similarity Grouping (HSG)
and Behavior Matching (BM) phases. The first phase takes the
collected sensor data as its inputs, aiming to construct a number
of disjoint groups using unsupervised clustering algorithm. Each
group, called primitive group, will be a collection of sensor

Authorized licensed use limited to: Tamkang Univ.. Downloaded on June 06,2020 at 00:58:04 UTC from IEEE Xplore. Restrictions apply.



SHANG et al.: BIA USING UNSUPERVISED LEARNING BASED ON SENSOR DATA FOR HOME ELDERLY

1595

by by

e !

_________________________________________

| Occurrence- "~ iy |

\\ DI PN - Em\
2s S
A Pt D)
21 zz ezz €z|az| "EmTEmzema Emlzsml
i -9,
S

——————————————————————————————

Task 1.

Sensor ID Partitioning * B P L S5 \\‘ ~ T
Level 3 L7

i o e e

Task 2.
Primitive Group
Construction

Level 4

Fig. 2. The procedure of partitioning event set E in SEG phase.

event data which are generated from the same sensor associated
with the same action in approximate time. Then the second
phase treats these primitive groups as primitive elements, and
constructs the histogram for each group. It aims to build up
several behavior clusters by applying clustering algorithm on
the histograms of primitive groups. Each behavior cluster has
high correlation with a certain unknown behavior. Finally, the
BM phase labels each behavior cluster with a behavior b € B
based on similarity comparison.

A. Sensor Event Grouping Phase

This phase aims to construct a number of disjoint sensor
primitive groups using unsupervised clustering algorithm. Con-
sider an event type e, = £(occ( ay)) which is occurred due
to the occurrence of action ay. Let notation e ; denote event
type ey, occurred in the i-th day of the past m days. Let G, =
{ek.1:€k2,- -, €k m}, called primitive group, denoting the set
of same event type e;, which are occurred in the past m days in
approximate time. Given a set of sensor events E = U;n:1 E
collected in the past m days, this phase aims to partition all
events in E into a number of G, for each event type e;. Two
tasks, namely Sensor ID Partitioning (SIP) and Primitive Group
Construction Tasks, will be implemented to achieve the goal of
this phase.

1) Sensor ID Partitioning Task: Since the sensor ID is an
important feature of an event type ey, the Sensor ID Partitioning
(SIP) Task partitions the event set E into multiple small sets
according to the sensor ID. The execution results of SIP step
will be n sets of D?, 1 < i < n, where

n i
=J_, D"

As shown in Fig. 2, each interested behavior consists of a list
of actions in level one. The occurrence of an action will create
the corresponding event. The sensor events collected in the past
m days is depicted in the second level. In level three, n small
primitive groups are obtained by partitioning set [E based on the
sensor ID.

2) Primitive Group Construction Task: The Primitive Group
Construction Task constructs the primitive groups based on two
important features, including the start time and value. Recall

D' = {ele.Id = s;.Id,e € E} and E (10)

the Time-Regularity (T-R) Observation that the start times of
events associated to the same action in a behavior are closed.
To obtain primitive group Gy, the DBSCAN algorithm will be
applied to partition the n sets of D into several primitive groups
based on start time and value of each event. In order to check
whether or not two events e; € D' and ¢; € D' belong to the
same primitive group Gy, the distance between them, denoted
by d(e;, e;), will be defined. First, the distributions of start time
[¢start - ystart] and reading value [Umin, Umax] Of each sensor
event should be normalized. For the ease of presentation, the
event with normalized attributes is simply denoted by notation
ee(t, 1), where ¢ and ¥ denote the normalized start time and
reading value, respectively. Then, the distance d(e;, ;) of events
e; and ¢; can be measured by the Equ. (11).

d(ej,e)) = \/(ej.i'— el.i)2 + (e — e.0)®  (11)

The DBSCAN has two main parameters: min_pts and Eps.
The parameter min_ps is the minimum number of points in a
cluster while the Eps is the minimum distance between two
data points for them to be considered in the same cluster. After
applying DBSCAN, each sensor event can be either included
in a primitive group or treated as a noise as shown in the last
layer of Fig. 2. Givenany G, € G, any twoevents ey, ; € Gy, and
ek, € Gy have the relation A(ey, ;) = A(ex,). Thatis, they are
occurred due to same action performed in approximate time in
different days. It’s obvious that G = Ulgl G, denote the set of
all primitive groups that this phase aims to obtain. The grouping
result highly depends on the parameters min_pts and Eps and
the effect of different values of parameters min_pts and Eps on
clustering performance will be discussed in Simulation Section.

B. Histogram Similarity Grouping Phase

In the last phase, all sensor events have been partitioned into
a set of several primitive groups G = UE‘l G- In this phase,
these primitive groups will be further clustered into several
behavior clusters. Recall the Histogram-Shape-Similarity (H-
S-S) Property that if two actions ) and aj, are occurred due
to same behavior, the similarity S(H, H},) should have a high
value (approximate to 1). According to this property, this phase
will treat the histogram of primitive group Gy, denoted by Hy,,
as the representation of G, aiming to partition histograms into
several behavior clusters.

This phase consists of three tasks, namely Histogram Con-
struction, Space-based Histogram Clustering and Similarity-
based Hierarchical Clustering tasks. The following will present
the details of three tasks.

1) Histogram Construction Task: In this task, the histogram
will be constructed for each primitive group G, € G. Recall that
notation h;m denote the frequency of action a§» occurred due to
the occurrence of behavior b° in time period 7, € TP. Let 1,
denote a Boolean variable representing whether or not the event
e,y € Gy, occurs in the time period 7, € TP. That is

1, eyttt T = 1,
My = 0, otherwise
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Fig. 3. The procedure of partitioning histogram set H in HSG phase.

Then, the histogram H}, of G}, can be calculated by:

Hy = hialhhe = D Muy,Vr €TP (12)

er,y€Gk

It is obvious that the histogram Hj, is another presentation
of primitive group Gy. Till now, the set of histograms H =
{H\,Hs,..., Hy,} has been constructed. As shown in Fig. 3,
the sensor events collected in the past m days are depicted in
level one and the primitive groups are obtained in level two after
execution of the Sensor Event Grouping Phase. In level three,
each histogram will be constructed for each primitive group after
the execution of this task.

2) Space-Based Histograms Clustering Task: Recall that
each G, only collects those events triggered by the same sensor.
Since the occurrence of one behavior consists of several actions
which trigger different sensors to detect the events, the events be-
longing to same behavior but triggered by different sensors at the
same space should be grouped in the same cluster, even though
they belong to different GG, Therefore, an important operation
for behavior recognition is to group the histograms of different
G, into same cluster if they have same space. Let Hy,.loc denote
the occurrence space of Gi. Let R; = { Hy|Hy,.loc = r;} where
1 < j < |R|. That s, all histograms associated with same space
r; will be collected in the same cluster R;. It is obvious that

the result of this task is H = UlR‘ R;. As shown in Fig. 3, all
histograms in set H are grouped into |R| clusters according to
the occurrence space in level four. The next task of this phase
aims to construct a number of behavior clusters each of which
consists of several histograms which are correlated to the same
behavior.

3) Similarity-Based Hierarchical Clustering Task: In this
task, the Hierarchical Clustering (HC) algorithm will be applied

to the histograms in each subset R; € H. Given a cluster R;,
this task will perform the following two steps.

In the first step, histograms in set R; will be merged round
by round to construct a hierarchical tree. Each node of the
hierarchical tree is a histogram cluster, denoted by Uy, which
consists of one or more histograms. During the process of
hierarchical tree construction, a measure of distance between
clusters is required to decide the best two clusters to be merged.
Consider two clusters U, and U,. Let d(U,,U,) denote the
distance of U, and U,, which is measured by the distances
between histograms in clusters U, and U,. According to the
Histogram-Shape-Similarity Property, if two histograms have
similar shapes, they have large value of the similarity. Recall that
the notation § (Hy,, H; ) denote the similarity between histograms
Hj, and H; and notation dj; denote the distance between
peak (Hy) and peak (H;). The distance d(Hy, H;) between
histograms Hy, and Hj, can be represented by S(Hy, H;) and
dy,1. The value of similarity falls in [0, 1]. The value of dj;
ranges from O to 24. For normalization, dj; is divided by 24,
as shown in Exp. (13). Therefore, The distance d(Hy, H;) is
evaluated by the Exp. (13).

de o\ 2

d (Hy, Hy) = \/(1—S(Hk,Hl))2+ (;;) (13)

The distance d(U,, U,) between two histogram clusters U,

and U, can be defined as the average distance of all possible
pairs (Hy, H;), where Hy, € U, and H; € U,. That is,

ZVH €U, VH; €U, d( l’Hj)
Uz * Uyl
The following introduces the details of merge procedure of
two clusters. Two clusters Uy, and U; that have minimal distance
among all possible pairs will be merged into a new cluster
Uh=(k,) in each round. That is, pair (Uy, U;) will be merged
if they satisfy the following merge criterion.
Ug,Up) = in d(Ug,U,
(Ui, U) = arg min d(Uz,Uy)

Y

d(Uz,Uy) = (14)

5)

Meanwhile, a tree corresponding to the merged pair, denoted
by Th,—(x,1y, will be constructed. The value of the distance
d(Uy,U;) will be regarded as the merging cost, denoted by
Ah=(k,1)- The calculation of distances and the merging procedure
will be repeated executed until all clusters are merged into one.
Finally, a hierarchical cluster tree can be obtained.

As shown in Fig. 4, each histogram H; € R; is considered
as a single cluster U; which will be the leaf node. Assume that
the d(Uy, Us) has the smallest value. Then, clusters U; and Us
will be merged into cluster Uy—(y 5), or U(y 5) in short, and the
tree Tj,—(1,5) is constructed with the merging cost A\;,—(1,5) =
d(Us, Us). The merging procedure will be repeated executing
until a hierarchical cluster tree is constructed.

In the second step, the tree partition procedure will be exe-
cuted for partitioning the tree 7}, into several clusters. Recall that
each tree T}, has a merging cost A;,. An cutoff threshold, denoted
by 4.5, will be determined as a condition for terminating
the tree partition procedure which is a repeated operation for
partitioning each subtree obtained by the last round. Assume
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Fig. 4. The merging of clusters and the construction of a hierarchical
tree.

that tree 7T}, is obtained by merging two subtrees 7}, and 7;. In
the first round, tree 7}, will be partitioned into two subtrees 7},
and 7; if the following partition criterion holds.

Partition Criterion of Tree T'y,:

Ap > Qtrh« (16)

In the second round, each subtree of T}, say T} or 1;, will
be further checked if the Partition Criterion is satisfied. If it is
the case, the subtree will be further partitioned into two subtrees.
The partition operation will be repeated executed round by round
until the partition criterion failure.

After the execution of this task, we have obtained several
partitioned trees. From the conceptual point of view, each
partitioned tree, say T}, represents a behavior b’. This also
indicates that all the leaf nodes in 7}, are the sensor events which
should be recognized as behavior b¢. The following explains this
argument. Recall the construction of the hierarchical tree. Let
¢y ={Hi,...,Hy, } denote the set of all histograms of T}.
It means that these histograms have similar shapes. This also
implies that cluster €y, is a behavior cluster.

Herein, it is noticed that the two steps mentioned in this
task should be applied to each R; since each R; represents the
set of histograms in space 7; € R. Let C = { €1, &,,..., ¢}
denote all possible behavior clusters obtained in this task for
all possible space r; € R. As shown in level 5 of Fig. 3, this
task is implemented on each R; € H and obtains the set C of
behavior clusters. The remaining work for behavior recognition
is to label each behavior cluster with behavior name, which will
be presented in the next phase.

C. Behavior Matching Phase

This phase aims to label each behavior cluster with a
behavior name. Assume that each behavior pattern p; =
(84,1, 81,2, - - - 8i,p,|) for each interested behavior has been pre-
defined by engineers. Let P = {p1, pa, ..., pg|} denote the set
of all predefined behavior patterns. Herein, we notice that the
actual sensor pattern for each behavior of the elder might be
different from the pattern predefined by the engineers. To be
able to compare with the predefined pattern, an actual behavior
pattern p; will be extracted from each behavior cluster €; € C
obtained in the last phase. The histograms in each behavior
cluster €; € C can be transferred to a sequence of sensor which

are triggered by the behavior b,.. The sequence of sensors will
be treated as an actual sensor pattern, denoted by notation
P = (851,852, 8jje, |)-

Leteachsensor s; € S be denoted by a unique character. Each
pattern p; or p; can be represented by a string. Let LC'S(p;, p;)
denote the length of the longest common substring between two
strings p; and ;. The distance d(p;, p;) of strings p; and p; can
be measured by Exp. (17).

Min (|p:, [5;])

Finally, the behavior identification will be implemented based
on the labeling criterion which will be presented in the following.
Labeling Criterion: The behavior cluster €;, will be labeled
with the behavior b” of the predefined pattern p,, only if the
following two criteria are satisfied.
1) pr = arg min d(pi, bj)
2) d(pzaﬁ]) < etrh
where 0,5, denotes the threshold of minimal distance between
p. and p;. If the Labeling Criteria are satisfied, behavior cluster
¢; will be labeled with behavior ” of the predefined pattern p,.
Otherwise, behavior cluster €; will be not considered since it
is not an interested one of the engineer’s expectations in the
designing phase.

d(pi,pj) = (17)

VI. SIMULATION

This section investigates the performance of the proposed BIA
algorithm with different parameters and compares it against
the MLAR algorithm in terms of the accuracy of behavior
identification, which is measured by the number of False Positive
(FP) and False Negative (FN). The following presents the data
description and experimental results.

A. Data Description

This subsection gives the description of the sensor data set,
named WMNL2016, which was collected in Wireless & Mobile
Network Laboratory, Tamkang University. There are more than
20 state-change sensors and smart devices which were deployed
at an apartment with 5 regions, including bathroom, foyer, living
room, bedroom, and kitchen & dining room. Each sensor has a
unique sensor ID and is located in a certain region with a unique
region ID. Table II gives the sensor data format of WMNL2016.
The ‘Sensorld’ refers to the ID of sensor while the ‘Regionld’
refers to the ID of the different regions in the apartment. The
‘StartTime’ and ‘EndTime’ refer to the start time and end time
of the sensor event. The “Value’ records the reading value of the
sensor when the event occurs.
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A volunteer lived in the apartment for more than 6 months was
required to label the 9 interested behaviors by using microphone
of the cellphone. The interested behaviors include ‘GoToToilet’,
‘TakeShower’, ‘OutDoor’, ‘“Watch TV, ‘TakeMedicine’, ‘Mea-
sureBloodPressue (MeasureBP, in short) ’, ‘GetUp’, ‘Sleep’, and
‘CookEat’. Fig. 5 depicts the interested behaviors labeled by
the volunteer in June, 2016. As shown in Fig. 5, the volunteer
behaved regularly. For instance, the volunteer got up between 6
and 7 o’clock and went out twice a day in most days. On each
Saturday, the volunteer went out to have lunch with his children.

Fig. 6 shows the occurrence frequency of sensor events gen-
erated by different sensors in six months. The events of each
sensor form a curve which likely indicates the regular occurrence
of sensor events generated by this sensor during six months.
For instance, the sensor with ID “WT0104°, deployed in the
kitchen, was often triggered around 8, 13, and 19 o’clock. This
also implies that the volunteer cooked and ate at the three time
periods.

B. Experimental Results

Recall that the proposed BIA mainly consists of three phases.
The SEG phase employs DBSCAN to cluster sensor events into
primitive groups. Each primitive group will be a collection of
sensor event data which are generated from the same sensor as-
sociated with the same action in approximate time. The different
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Fig. 7. The performance of the proposed BIA by varying Eps and
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Fig. 8. The performances of some interested behaviors, in terms of
recall and precision.

values of parameters min_pts and Eps of DBSCAN on clustering
performance will be discussed in the following.

Fig. 7 presents the impact of parameters min_pts and Eps of
DBDACN in SEG phase on the performance in terms of total
recall and total precision while the parameters in other phases are
fixed. In general, there is a common trend that the experimental
results, in terms of total recall and total precision, will decrease
in two cases. The first case is that min_pts is set at a large value
while the Eps is set at a small value. This occurs because that
sensor events corresponding to the same behavior cannot be
clustered in the same group. Hence the corresponding behavior
cannot be identified. This result also implies that the number of
FN increases and the values of recall and precision decrease. The
second case is that the min_pts parameter is set at a small value
while the Eps parameter is set at a large value. In this case, a large
amount of sensor events will be clustered into a group, leading
to a small number of event groups. This raises the problem that
each event group consists of many sensor events which might be
corresponding to different behaviors. Similar to the first case, the
number of FN increases and the values of recall and precision
decrease.

Fig. 8 further depicts the identification performance of indi-
vidual behaviors in terms of recall and precision. The related
parameter Eps is set at 15 minutes. In general, the values of
recall and precision decrease with the value of Min_pts. This
occurs because the sensor events which are corresponding to the
same behavior cannot be clustered in one group and hence they
are considered as noises when the value of Min_pts increases,
leading to poor identification performances. In comparison, the
performances of behaviors which might occur frequently, such
as ‘GoToToilet’, or regularly, such as ‘TakeShower’, are better
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Fig. 9. The performance of the proposed BIA, in terms of total recall
and total precision by varying cutoff coefficient C. and class interval 7.

than the performances of behaviors which occur infrequently or
unregularly, such as ‘MeasureBP’. In addition, the identification
performances of behavior ‘GetUp’, in terms of recall and pre-
cision, are worse than other behaviors. It occurs because that
the sensors triggered by behavior ‘GetUp’ are almost identical
to those triggered by behavior ‘Sleep’. It is difficult to identify
behavior ‘GetUp’, especially when the time interval between the
occurrences of ‘GetUp’ and ‘Sleep’ is small.

Recall that the second phase, namely HSG, constructs the
histogram for each primitive group and builds up several be-
havior clusters by applying Hierarchical Clustering algorithm
on the histograms of primitive groups. The construction of
the histogram highly depends on the value of class interval 7
which further impacts the calculation of distance between two
histograms. In addition, the parameter cutoff threshold €2}, of
Hierachical Clustering scheme directly influences the results of
the second phase.

The following investigates the impacts of the class interval 7
and cutoff threshold €2, in HSG phase on the performance
of the proposed BIA. Recall that a hierarchical tree will be
constructed and then partitioned by the cutoff threshold .,
for each region. Considering that the behaviors in different areas
might have differences in regularity, the cutoff threshold €2,
will be set at different values in different regions. Recall that
notation A,_ ;) denotes the merging cost of two clusters Uy,

and Uj, and is measured by the distance d(Uy, U;). Let /\Jﬁ
denote the distance between the last two clusters to be merged
in area ;. The parameter cutoff coefficient, denoted by C., is
introduced to discuss the impacts of cutoff threshold €24,.;, which
is set according to the equation ., = C, * )\fq.

Fig. 9 presents the impacts of class interval 7 and cutoff
coefficient C.. in HSG phase, on the performance in terms of total
recall and total precision while the parameters in other phases
are fixed. With fixed value of class interval 7, there is a common
trend that the total recall increases first and then decreases with
the value of cutoff coefficient, as shown in Fig. 9(a). This occurs
because primitive groups will not be grouped together when the
cutoff coefficient is set at a small value while a large number
of primitive groups will be clustered together when the cutoff
coefficient is set at a large value. Both cases will increase the
number of FN and hence decrease the performance in terms of
total accuracy and total recall. In compassion, the performance
of total precision drops slowly when the cutoff coefficient is
set at a large value, as shown in Fig. 9(b). It occurs because
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Fig. 10.
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The performance, in terms of recall, of some interested
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Fig. 11.  The cluster tree of the region bathroom.

that the number of FP is small in most cases. According to the
experiments, the class interval 7 and cutoff coefficient C, are
suggested to be set at the values ranging from 5 to 15 minutes
and 0.3 to 0.5, respectively.

Fig. 10 further observes the recall of each interested behavior
by varying the cutoff coefficient. The class interval 7 is set at
10 minutes. In general, the performance of recall decreases with
the values of cutoff coefficient. In particular, the performances,
in terms of recall, of some behaviors, such as ‘TakeShower’ and
‘MeasureBP’, drop quickly when the cutoff coefficient is set
at a large value. It occurs because these behaviors don’t occur
frequently in each day.

Fig. 11 presents the cluster tree of the bathroom region, which
is obtained after the execution of the HSG phase. The class
interval 7 is set at 10 minutes and the cutoff coefficient is set at
0.4. As shown in Fig. 11, the dimension ‘Distance’ refers to the
distance between two trees which are merged. Take the point
(X 20.5, Y 1.474) for example, the value of Y is the distance
between the trees 1}, and 1}5. The other dimension ‘Sensor
Group’ refers to the event groups which are obtained after the
execution of SEG phase. Take “WT0102_EG1’ for example,
events in “WTO0102_EG1’ are generated by sensor “WT0102’,
where EG1’ is a unique serial number.

Recall that the proposed BIA adopts DBSCAN to group sen-
sor events in SEG Phase. As shown in Fig. 6, it can be observed
that the densities of events are not balanced. In such a situation,
DBSCAN has difficulty to identify all clusters [21]. Therefore,
the BIA-Enhanced is proposed, which replaces the DBSCAN
with the OPTICS, aiming to improve the event grouping result
in SEG phase, as compared with the BIA.

Fig. 12 further compares the performances of BIA-Enhanced,
BIA, and MLAR in terms of recall, precision, and F1 Score. The

Authorized licensed use limited to: Tamkang Univ.. Downloaded on June 06,2020 at 00:58:04 UTC from IEEE Xplore. Restrictions apply.



1600

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 24, NO. 6, JUNE 2020

BA Ennanced.
A

- _—-a

g
07 o, : /sﬁsg&;&e
/% '\ o S 6 &
o 0 o o\,\““\p\;w“ ay‘&@‘m o o’ &
Rl T S I e “0& S
’"‘e'eszea < Interesteq g Beh, S
Behaviorg aviors
(a) Recall (b) Precision
PR
s
AR

07l % /;,5;4; o
T S5
«v"’# s@““ ev"“ eB T ‘B &
g B uﬁ‘” <

Interesled Behawors

(c) F1 Score

Fig. 12.  Performance of three compared algorithms in terms of recall,
precision, and F1 Score.

F1 Score is defined by the following equation.

F1 Score — 2 % Precision * Recall

Precision + Recall

Herein, we notice that the setting of Min_pts should refer to
the number of data. More specifically, the value of Min_pts is set
at the value of one sixth of the number of data. For instance, the
Min_pts is set at value 30/6 = 5 if the sensor data are collected
from only one month. The other parameters settings are Eps =
15 minutes, 7 = 10 minutes, and C. = 0.4. In comparison, the
proposed BIA-Enhanced and BIA outperform MLAR in term
of recall, precision and F1 Score. This occurs because that the
proposed algorithms take multiple properties of behaviors into
account. Besides, the MLAR adopts string alignment and rule-
based examination to identify behaviors which cannot employ
fuzziness, leading to a large number of FN.

VIl. CONCLUSION

This paper proposes a behavior identification algorithm,
called BIA, which aims to identify daily behaviors to support
the homecare of the elderly living alone. The properties of
behaviors, including Event Shift and Histogram Shape Simi-
larity Properties are presented based on the Time Regularity
Observation of elder behaviors. The proposed BIA consists
of three phases, named SEG, HSG and BM. The SEG phase
mainly constructs a number of disjoint sensor primitive groups
using DBSCAN, based on the Time Regularity Observation.
Then the HSG phase clusters these primitive groups into several
behavior clusters, based on the Event Shift and Histogram Shape
Similarity Properties. Finally, the BM phase labels each behavior
cluster with a behavior name. Based on the relations between
histograms, the proposed BIA takes into account the statistical
property of sensor event data and provides elasticity and flexibil-
ity in behavior recognition by utilizing unsupervised clustering
algorithms. Extensive experiments show that BIA outperforms

the compared algorithm in terms of the identification accuracy.
Our future work will further analyze and predict the abnormal
behaviors based on the elderly behavior model.
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