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;}ﬁ b4 judged and tracked the users, and sorted data
of multiple persons into individual data, and
then recorded their behaviors and reactions
for learning. Through the feature values of
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BB T H IR AN 1 A BT Intelligence environment is an information
Bis TR S ATHEA D B AT ekl technolqu to make life more convenient and
LR A E Y s SRR R aut_omatlc. It has become one of the_ p_opular
for BTy m‘j’g'@“ Ay ‘r’?‘f”{’: topics now. As people spend most their time at
B FAFRRR Y F175 0 233 A RIS “home”, as well as “workplace”, intelligence
P e environment is often applied in residences and

offices.

Since human behaviors have a certain level
of periodicity [1], especially in the work
Abstract environment, when developing an intelligence
environment, most of the automation design

This study used artificial neutral networkfollows the routine activities of users. Some
to learn users’ behaviors, make judgmentiudies [1]-[2] have attempted to develop
according to the indiV’iduaIs’ behaViorlntelllgent environments for homes or office

. . o , nvironments of single user.
characteristics, predict the individuals next Image recognition can be applied to identify

actions based on their characteristics Qfsers for studying the periodicity of user
imitative behavior, in order to pre-control thectivities [3]~[9]. But as users have stronger
electric appliances in the environment. sense of privacy, the image recognition method is

In a multi-user office environment, it isoften rejected. Sensor-learning method is more
necessary to install sensors for data miningPPreciated to be applied for an individual
Due to the large scope and quantity nvironment. Therefore, this study also adopted
sensors required, and the sensors canfdf Method of sensor- defined tracking.

) ) . - BP artificial neutral algorithm [10] has been
identify the users, this study divided th idely applied to classify the data of activitids o

Sensors into two types, namely private anfbngors. It has good classification effect. By
global. By comparing the data, this studyefining the input and output ends, the data that
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seem disordered and unable to converge could be (Sa, S ..., S IS the state vector of an

converged to the expected value throughctivity.

calculation in the implicit layer. The result is a  mis the number of state vectors.

vector matrix, and the matrixes can respectively There are multiple activities in the daily

represent different activities. The vector matrixoutine, and the activity may be repeated, thus, by

can be used to understand the classificatiororder and divide the input state matrix into

method between sensor and behavior and {iS,S,...S, ....S]

characteristics, in order to achieve imitation and

prediction. Sy4 Syz e Sy e Sime1 Sim
However, as future happenings cannot bg_ |52t S22 - Sz« Siw-1 52

predicted precisely, some activities must be :,

controlled and adjusted manually in an Sk k2w Sk Sigemt Sk

intelligence environment [1]~[9]. But to require

users to have routine activities counters to the j=1,....p, i =1,...,n, Kis the number of

original intention of intelligence environment.state vectors of activit;, and

Nevertheless, multi-user environment is a Z2k=m

realistic environment in life. But multi-user

environment have more variations and difficulty3. Method and Process

in determining the users. Different users may In the system, a sensor sends a packet to

trigger the sensors repeatedly, thus making thge network at the time when it detects an activity

classification of behaviors difficult. As it coveas gccurs. A packet is with four fields, RC, ID, Time,

larger space, there are more complications iyate, separated by commas:

identifying users, as compared to single-user Rc js the region code, used to identify the

environment. _ _ place, where the sensor situates. RC = 1 for a
In this study, we installed sensors in trivate space, and 0 for global space. Each sensor

multi-user office environment. The environmenhas its own ID. Sensors can be divided into three

was divided into private space of a user and thghes according to environment and types,

global space. We aimed at reducing US§famely position sensor, entrance sensor and

operating environment behavior and reducgower sensor. The Time and State record the time

energy consumption. We will learn and imitatgynd state of the sensor at the activity occurs. The

complex human behavior in the environment.  state may be 0/1 for the OFF/ON of the sensor.

2.Related Works 3.1 Event classification stage

2.1 Atrtificial neutral network dentifying users in a multi-user environment
According to [1], users’ behaviors have as a difficult task. As input and output values are

certain level of regularity, but are easily changecequired in the learning algorithm, classifying

by the environment. Sensors can only collect @d extracting the users under a single time series

large amount of data, but cannot identify thés also difficult. By data comparison, this study

users’ behaviors. The BP artificial neutratlassified the time series of different users, as

network is one of the common methods foshown in Figure 1.

human behavior identification. It converges the The continuous events from individual

diffused values into the expected output result @&nsor to entrance sensor are defined as a

Formula 1. continuous behavior. These two types of sensors

can be considered as one endpoint sensor. Thus,

=0

S0 Si2 twe: Sypgc S SO .
Esn _ ;‘ o SL” : _ ;”% g_l when the individual sensor or entrance sensor is
o= Timet Tm s considered as the initial point, the other is theé e
(Se © Szt Skmezc Sw) [ |9 point. The behavior contained in these two types

: ' : of sensors is considered as continuous action.
(Sms © Sma " we * Smmst” Smm) Op The user can be defined through the individual
" - sensor.

WhereO; denotes the ith activity. When the event occurs, as shown in Figure 1,

p is the number of the activities. It can bﬁ : o e )
considered as a set of daily behaviors he endpoint sensor is |dent|f|eq f!rst to detemnin

S denotes thgth sensor. n is the ﬁumber ofwhether the event is from individual sensor. If
sensorsS; is the state 0§ at timek, its value is Y& subsequent reaction is tracked to find the
either 0 o; 1 ' ending point; if not, the data are compared to find

the origination point of the event to track the
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subsequent event. Finally, when the two even{6-10 min), leave 1 (10-60 min) and leave 2
occur, the data can be extracted and stored in uggd-120 min) according to the time of entrance
data, so that the user could be defined, and singled leave.

time series for the user could be saved. Each user has one’'s own behavior matrix,
Event which includes the above six behaviors. In the
oceurrence prediction stage, the matrix is used for

comparison.
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Figure 2 Artificial neutral network

Store user
information

3.3 Predictive control stage
Based on the classification results gained

from the learning stage, users’ behaviors could be
classified. As complex factors may be involved in
3.2 Characteristic learning stages a multi-user environment when the event occurs,

Users have certain characteristics, which afata should be processed first to classify and
also known as habits. Thus, [] suggested thapmpare the data for the behaviors included in
users’ behaviors have periodicity. Artificialthe two end points. The common behaviors
neutral network is an individualized algorithm,0ccurred in a multi-user environment is event
and BP algorithm has been proven to have goswerlap, repeated triggering, and event
classification results in behavioral analysis. Bimterruption. According to the process shown in
artificial neutral network can be divided intoFigure 3, two endpoint events should be
input layer, hidden layer and output layer. Singl&jentiﬁed first, then whether it is the single ate
user’s behavior can be learnt by sensor and staipuld be confirmed; if not, the situation of event
change [7]. Under a multi-user environment, thigverlap and continuous trigger may occur in time
study used event classification process to divickeries. As the same time series may involve
multi-user environmental data into individuamultiple users and events, time series should be
environment data. divided according to the number of users, and

Input S= (S, S, ... §) into the sensor,S’ repeated events should be deleted. After retaining

denotes the state vector of the sens®y, is the overlapped events, the user of the time series
{—1 Off could be defined, and behaviors can be classified

1 0On through data and behavior matrix.
status change of a sens&;=" ~’ , reaction

time “T," and “S" are used as input value; Time series is a type of single-direction
“ n "denotes the code name of sensor; outpykries. Figure 4 shows the reaction result of all
O=(0y, O,,...,Q), “ On” denotes an activity of sensors, the recorded time. During the course of
the user, f" denotes different amounts ofreaction, users and sensors cannot be identified.
activity produced, “f1 "denotes the result of For the data recordings of the sensors during the
hidden layer, and it is calculated as output lay@gaction, the user cannot be known, thus, the
and input values, to obtain the result 62" jydgment process is carried to identify the user in
It is assumed that the user's activity ihe events and reaction. The data are classified

known from the status collected by sensors. Thgysed on the users, and the reaction ID, time and
activities are converged and defined within Si%tate are recorded.

types of behaviors. The six behaviors, namely at
work, off work, lunch break, temporary leave

Figure 1 Information classification flow chart
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Figure 3 Time series division and control

Based on data classification, users’ behavior

environment to solve the complex situation in
such environment with dozens or even hundreds
of users.

This study simulated an office
environment with eight users (Figure 5), where
the sensors includeuser sensors, moving
sensor and power sensor, and the sensors of
the person space include table Ilamp,
computer, socket and user sensor. Power
sensor is for both personal astthring space.

An event is divided into three stages, which
are data classification, learning and predication.
As each user has one’s own periodicity, only the
data of the multi-environment is classified and
recorded. The user’s characteristics can be learnt
through the stored data, and the user’s own vector
matrix can be used to determine and predict the
user’s behavior.

Table 1 Individual user’s daily behavior
process

characteristics can be known, and behavior
judgment is carried out according to the

characteristics to determine the behavioral types.
When the user leaves temporarily the office,

he/she needs to turn off some of the electric
appliances; when the user leaves the office after
work, all electric appliances should be turned off;

when the user is at the office, the order of the
electric appliances that require waiting time when
turning, such as computer, air conditioner,

copying machine, etc., to be turned on is based
on the user’s behavioral characteristics. These
appliances should be turned off automatically
when the user leaves for energy saving.
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Figure 4 Reaction of all sensors

4. Results of User Behaviors

4.1 Simulation environment

4.2 Simulation data

Overlapped event, repeated event, event
interruption are common in simulation data. They
are made to be more complicated for simulation,
such as (1) different users and different events
take place at the same time; (2) different
behaviors take place at the same time, but on
different dates, in order to reflect the complexity
of a multi-user environment. Table 3 shows each
user’s behavior in one day. The time of
occurrences on different dates are added to the

This study simulated a multi-uservariables in order to reflect the uncertainty and
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variation of users’ behaviors. triggered event, and the event sequence is
entrance sensorMO0->moving

Table 2 Sensor reaction of user behavior sensorM1->personal space sensor Ul. Since MO
1 1 11 is the shared sensor, it cannot classify the event

when the trigger occurs, thus, when MO occurs,

the user cannot be known. As the event occurs

from MO->M1->U1l, the owner of continuous

trigger events can be tracked and fixed; in this

case, itis Userl.

M1 L M . e == Inspection event

Ul MO Lo M2 cef e —— \iddle event

Ul MO | .. eeeeaaa

At At
work 1 work

MO ] MO

ssaonoad J0sUag

User location

]
| Time: |
*.07:49:53 //

o
“sae

There are five shared sensors, eight
private sensors and one entrance sensor in thi
environment, which are used to simulate the _ )
moving sensors triggered when users enter anfdigure 5 Tracking the user when entering the
leave the environment. Table 1 (daily activities) space
and Table 2 (sensor contents) are used to generate
Table 3. There will be differences between the Figure 6 shows that the user leaves persona|

occurrence time of behaviors on different dategpace and triggers the sensing element MO. By
Table 3 shows the data for 30 days, includingomparing with the previous in a given range of

behavior, time, ID and state. time, the user can be identified. For
Ul->M1->M1->MO, the occurrence place of
Table 3 User’s activity event is MO, thus, by reversing the sequence,
Ul—M1l—M1<MO, the event owner can be
At work 07:52:11 known.
Leave | 09;?,4_;231, ,--@ @ @
User( 1) 1110'341?11 o ' ; .
ser(l) cons i 3102~ v Time:
Temporary leave 11:38:41 \1\8:15:1}.’

Cape

Lunch break 12:07:49

Figure 6 Reverse search of the user

At work 07:58:59

08:43:02~ Although data comparison could be used to
08:51:41 identify the event owner, the method is only
08:54:33~ applicable to single-user environment, instead of
10: :47:37 multi-user environment, as shown in Figure 4.

Temporary leave

Leave 2

At work 07:58:51 Figure 7 shows that User 3’s event occurs
08:51-36~ first, and User 1 enters in _the middle,
08:54:20 U3->M2->U1->_M1->M1->_|\/I0, of which, the M1,

- that occurs twice, are triggered by User 5 and
User 1, respectively. MO sensor is triggered only
once because User 5 and User 1 triggered MO at
4.3 Behavior classification the same time. This is an example of the repeated

The division of user data and tracking in th€Vent, overlapping event and user interruption
behavior sequence under a continuous period @t occur frequently in a multi-user environment.
time is the main topic of this study. As the events  Figure 6 shows the division method when
are in time sequence, based on the previous ddi¥0 Users are involved at the same time. The
the event owner could be identified. As shown ifVents of User 1 are divided (Figure 6), and User
Figure 5, the entrance sensor (MO) is the first triggers U3->M2->U1 first, thus, Ul divide

User(8) | Temporary leave
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into two records for User 3 and User 1. Table 4 Different environment recognition and
‘ Other users enter \ _‘ Repeated event | ’W‘ pl"edICtlve rate

AD:U3, D AD:UT D D 15:M0
i Time: P Time: Time: |
'18:14:36 8:14:59 | 18:15:17 8 8 '18:15:29

1

Prediction Recognitio
Separates .

theuser 1 51, 5 % o, The original classificatio
sy @ O oy method
Oy, G NG, B 0, o Single-user 83% 97%
2ER-OKE envronmen

Separates

the user 3 Marker classification method
Single-user
environment]
Multi-user

With two user records, the repeated event §environment
deleted by choosing the sensors which have tiTe
two closest time records. The modification is as
follows:

User3 = U3->M2->M1->M1->MO

User3 = U3->M2->M1->M1->MO

User3 = U3->M2->M1->MO

After division (Figure 8), the stored dat
could be used for learning of division. The recor

MO[J JUIAD IATIWELLY

Figure 7 Dividing the users

Using the marker classification and

recognition method, this study classified the
users, and conducted training according to each
user’s behaviors. The results showed that 93%
recognition rate and 78% prediction rate were
chieved, which are higher than the previous
esult. However, when the method was applied to
single-user environment, the recognition rate

training and recognition in this study are mainly
for predicting user behavior, instead recognition.
However, the rate is still as high as 93%. In both
single-user and multi-user environment, the
proposed method has good prediction result.

5. Conclusions and Future Study

This study proposed a novel method to
identify user behavior in a multi-user
environment. In order to solve the problem of
multi-user detection and tracking, we classify the
multi-user data under the condition of continuous
Figure 8 Division of users time into multiple single environment data. BP
artificial neutral network was applied to learn the
users’ behaviors. Users’ behavior characteristics
jyvere derived with sample sensor state data. And
hen they were used to identify users’ behaviors.
he proposed method could effectively identify
sers in a multi-user environment and record
eir behaviors. It could be applied in office

4.4 Behavior judgment

User behavior identification is based o
statistics and learning algorithm []. This stud
applied BP artificial neutral network algorithm.
Although it has been prove to have goo

classification result, it could only be appliedao

single-user environment. Thus, this study use%lw'tl(_)r?;neg:’ 33 wg::las '2 h?ren; etr;]\gron:ger;ts.'ed
behavior and user division for a multi-user IS study —only appliec prop
environment. method in simulation and testing. In the future,

This study applied 10-day data for trainingthe sensors could be installed in real environment

and 20-day data for testing. Although it was notf) realize the control system through actual data.

discussed in previous study [], this method coulé(% f
make accurate predication in a single-us eferences

multi-behavior environment, with a recognition _ o
rate of 97% (Table 4). [1] “Guangming Song, Member, IEEE, Fei Ding,

Weijuan Zhang and Aiguo Song, Member,
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