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Much research has been conducted on anomaly detection by wireless sensor networks (WSNs).  The existing WSNs 

require specialized knowledge and skills to install the sensors in environments such as houses and buildings. Therefore, 

we have developed a flexible WSN based on small sensor devices that can be easily installed.  The users only need to 

place these sensors at the locations where they want to sense and to provide some information to the server through a 

web page.  Then, these small sensor devices automatically create wireless networks, start communicating with the 

central server for logging continuous data, and show anomalies by using inference based on a basic Bayesian Network. 

However, a serious problem is that a large amount of noise data prevents correct inferences. Therefore, in this paper, 

we propose a method for reducing noise data based on location sampling of real human movements. Our experimental 

results show that our method is effective in increasing the inference accuracy for detecting anomaly data. 
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1. Introduction 

In recent years, the fastest-growing information terminal 
devices are represented by the smartphone. Due to the 
dramatic progress made in compact communication 
modules and various sensors, smart phones are now sold at 
prices that make typical consumers feel free to buy them.  
In addition, a great deal of research has been conducted on 
anomaly detection by wireless sensor networks (WSNs).   
The existing WSNs require specialized knowledge and 
skills to install sensors in environments such as houses and 
buildings. This technology has also created services that 
allow users to view and share sensing data acquired by the 
sensor network, which may be installed around the world.  
Such services might include, for example, detection of sea 

surface temperature and the status of tidal flows.  Various 
sensing products are being steadily developed and 
implemented in systems to care for the health of senior 
citizens.  However, these products are usually expensive, 
and their installation by the user is very difficult. In this 
research, we developed a wireless sensor network system 
that offers easy installation and easy operation [1]. Our 
preliminary experiments demonstrate that our system can 
find anomalous sensing information without any difficult 
installation procedures.  Consequently, these small sensor 
devices can automatically create wireless networks, start 
communicating with the central server for logging 
continuous data, and show anomalies by using inference 
based on a basic Bayesian Network. A problem arises 
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when much noise data prevent correct inferences. 
Therefore, in this paper, we propose a method for reducing 
noise data based on location sampling of real human 
movements. Our experimental results show that our 
method is effective for raising the accuracy of inference in 
detecting anomaly data.   The rest of the paper is organized 
as follows. Section 2 introduces previous studies and the 
relative position of our research.  Section 3 presents 
configuration of test demonstration and knowledge. 
Section 4 describes the configuration of our test 
demonstration. Section 5 presents an anomaly detection 
method using support vector machine (SVM). Section 6 
proposes a noise-reduction method using a Bayesian 
network.  Section 7 outlines our experimental evaluations. 
Finally, Section 8 summarizes our paper and describes 
future work. 

2. Related Works 
 

2.1. General product features 

Anomaly detection systems have been used widely in the 
security field. A representative application is a system for 
detecting an intruder.  These systems [2][3] can alert a 
security company after detecting the intruder, using motion 
sensors and lead switches on window doors or entrance 
doors. 
 One system [4] simply notifies senior citizens two 
times a day when it is time for them to drink a cup of tea. 
Other systems [5][6] can analyze behavior patterns using 
motion sensors and send emergency reports. Another 
group of systems [7][8][9] applies RFID units and sensors 
to analyze behavior patterns in order to send notifications 
of abnormal events as a whistle-blower system.  Yet 
another approach is based on systems [10][11][12][13] 
using wearable sensors that can monitor temperature with 
thermometers. 
 Video cameras have been used in some systems 
[14][15][16] for detecting abnormal behavior. 
 The above works raise a variety of problems: 
 
• Generally they are expensive to install. 
• They require separate communication cables. 
• Their video cameras are viewed as too invasive of 

one’s privacy. 

• Wearable sensors increase the cognitive burden on 
users. 

• They require huge computational power to process 
videos. 

• Their main purpose is to alert rather than to watch/see. 
• The visibility of their activity logs is not sophisticated. 

 
2.2. Research on anomaly detection 
Anomaly detection refers to the problem of finding 
patterns in data that do not conform to expected behavior 
[17]. These nonconforming patterns Flexible WSNs aims 
easy installation with noise reduce method for elderly 
people care are often referred to as anomalies, outliers, 
discordant observations, exceptions, aberrations, surprises, 
peculiarities or contaminants in different application 
domains [18]. Of these, anomalies and outliers are the two 
terms used most commonly, sometimes interchangeably, in 
the context of anomaly detection.   Anomaly detection 
finds extensive use in a wide variety of applications such 
as fraud detection for credit cards, insurance or health care, 
intrusion detection for cyber-security, fault detection in 
safety- critical systems, and military surveillance of enemy 
activities. Anomaly detection is important because 
anomalies in data translate to significant and often critical 
actionable information in a wide variety of application 
domains. For example, an anomalous traffic pattern in a 
computer network could mean that a hacked computer is 
sending out sensitive data to an unauthorized destination 
[19]. An anomalous MRI image may indicate the presence 
of malignant tumors [20]. Anomalous readings from a 
spacecraft sensor could signify a fault in some component 
of the spacecraft [21]. Over time, a variety of anomaly 
detection techniques have been developed in several 
research communities. Many of these techniques have 
been specifically developed for certain application 
domains, while others are more generic. 
 In addition, the importance of data analysis has been 
increasing in the field of wireless sensor networks [22] 
[23]. Sensor data collected from various wireless sensors 
have special features. 
 
 
 

Published by Atlantis Press 
Copyright: the authors 

175



3

3
 
O
a
r
t
p
r
o
C
h
i
m
d
T
C
s
i
c
p
 
•

•

•

•
•

 
W
a
e

3. Prelimina
Care Supp
 

3.1. The overvi

Our research a
and easy instal
research with t
test in Japan. 
problem in wh
real world. We
of the Niihama
Co-op was co
home, a day c
institutions in 
medical care th
divided medica
Therefore the b
Co-op. was in
services. The 
institutions to 
citizens becau
policy toward t

• Usually ca
week. It d
at least th
without an

• The showe
where an s
difference 
these situa

• Sensing be
is required
have air co

• Detecting 
• It required

fewer sens

We developed 
as much as 
experiment wit

ary Experime
port  System 

iew of our syst

aims to develop
llation. Becaus
the Niihama m

In this resea
hich system de
e conducted a 
a Medical Co-
nsistently ope
are, and a day
Japan which 

hroughout. Gen
al services an
burden on use
ntegrating me

Japanese go
decrease the 

se of mainly 
to home health

are workers vi
epends on the 
he sensors m

ny on-site main
er and bath tim
senior person c

on temperatu
ation carefully a
efore entering 
d because Japa
onditioner. 
abnormal actio
d to sense as 
sors. 

a system to s
possible. We

th the medical 

entation abou

tem 

p a system for
e we conducte

medical Coop a
arch, we cou
veloper needs 
research with 
op in Japan. N

erates a large 
y service. It is
gives home h

nerally medial
d home health

er is big the N
dical and hom
overnment go

number of b
the budget, a

h care. 

isit an elderly
policy or situa

must work wit
ntenances. 
mes are most da
collapses becau
ures. It is req
and correctly. 
and after exitin

anese restroom

ons must be det
many actions 

atisfy the abov
e conducted 
institution. 

Flexible WS

ut an Elderl

r easy operatio
ed a cooperativ
as a preliminar
uld identify th

to know in th
the cooperatio

Niihama Media
clinic, a grou

s a few medica
health care an
 institutions ar
h care service
iihama Medica
me health car
ot the medica
beds for senio
and switch th

y person once
ation. Howeve
thin one wee

angerous perio
use of the large
quired to sens

ng the restroom
m usually do no

tected. 
as possible b

ve requirement
a preliminar

SNs aims easy In

ly 

on 
ve 
ry 
he 
he 
on 
al 

up 
al 

nd 
re 
s. 
al 
re 
al 
or 
he 

a 
er, 
ek 

od 
er 
se 

m 
ot 

by 

ts 
ry 

We se
this ex
stores
 
• M

A
• U

T
pa

• W
A

• 3G
A

• C
T

 
Laying
comm
PC. T
conne
canno
the U
That’s
the US
diagra

 
3.2. A
 
This s
of a 

nstallation with n

elected inexpen
xperiment. Th
. 

Motion sensor: 
A presence sens
USB Extender: 
This is extende

ackets up to 50
WiFi Router 
A wireless LAN

G Communica
A portable 3G W
Client PC: Asus
This is one of th

g power an
munication betw
The connection
ection must be
ot easily access
USB cable is 5
s a net of a sen
SB server devi
am is shown in

Figure 1: 

Actual installat

section indicate
senior citize

noise reduce me

nsive parts an
hey are availab

AT Watch IR 
sor using infrar
net.USB devic

ed by converti
0 m product 

N router with n
ate device: 
Wifi with the e
s EeePC X01H
he inexpensive

nd LAN ca
ween the senso
n to the clien
e hidden for 

s the client PC.
5 m with the 
nsor number o
ice. Our prototy
n Figure 1. 

System configu

tion example 

es an installati
en living alon

thod for elderly p

d equipments 
ble at the com

Mini 
red USB conne
ce server ɹ 
ing USB signa

net.USB Device

ethernet termin
H 
e PCs. 

ables allows 
r and the client
nt PC and th
dementia pat

 The maximum
device net.US

of minutes who
ype system con

uration diagram 

ion example in
ne. Except fo

 
 
 
 

people care    

for realize 
mmon retail 

ectivity 

als into IP 

e 

al 

wireless 
t 

he wireless 
tients who 
m length of 
SB server. 
o are using 
nfiguration 

n the home 
for special 

Published by Atlantis Press 
Copyright: the authors 

176



c
p
 
•

•

•

 
A

 

 

t
d
(
d
t
A
l
h
s
o
p
 
3
 
T


 
 
 
Takanobu.O

 

circumstances, 
places: 

• Entrance: 
leaving 

• Bathroom:
temperatur
room 

• Lavatory: 
movement

An example of 

We conduc
the ethernet an
disability with
(under the ce
determined the
the cable length
After surveying
length as 150 
homes. Also 
supplies voltag
output rather t
plug-in for pow

3.3. Experimen

The follows are
 Installation

O, Takayuki.I 

the sensors a

 this is for 

: this is for
re difference b

For sensing
ts and safe retu

f a standard ins

Figure 2: Stand

cted field surv
nd power cable
hout ethernet c
eiling) and at
e sensor positi
h. For example
g the cable len

m and instal
because the 

ge to the USB
than an AC po
wer lines by sol

ntal data by th

e the experime
n: four homes 

are installed in

sensing peop

r accurate s
etween the bat

g the numb
urn from using 

tallation is sho

dard installation 

eys to determi
es beforehand. 
cable are layin
t some high 
ion in advance
e, 
ngths, we determ
lled the cable
net.USB devi
B device serv
ower adapter, 
ldering the cab

e test demonst

ntal data: 

n the followin

ple entering o

ensing of th
th and the livin

ber of bowe
the toilet 

own in Figure2

ne the length o
Residents wit

ng the ”kamoi
positions. W

e by measurin

mined the cabl
s into the fou
ice server tha

ver has DC12V
we made a DC

ble length. 

tration 

ng 

or 

he 
ng 

el 

. 

of 
th 
i” 

We 
ng 

le 
ur 
at 
V 
C 

 D
 
The ob

 
 

 
 W
from t
It beca
the se
the be
view i
 W
care. 
 
3.4. K

e
 
In Jap
cables
ensure
positio
simple
includ
stoppe
setting
double
comm
disadv
situati
stoppe
for th

Data collection 

btained data ar

Fi

We recognized 
the toilet, a dre
ame easy to fi

ensor working 
ehavioral data 
it on web page

We got good fe

Knowledge ob
experiment 

panese usual h
s was very diff
e the supply, w
on. Many com
e. However, 
ding when t
ed writing or 
gs of the PC
ed. Therefore,

mercial produ
vantages. De
ions, one out o
ed. We also a
he elderly. Su

period: 2012/0

re shown in Fig

igure 3: Data of 

the activities 
essing room, an
igure out wheth
information a

a log in a .csv
es. 
eedback about 

btained thro

houses, laying 
ficult. Because 
we focused on

mmercial produc
we experie

the client ap
the settings 

C power mana
, we reduced 
ucts but w
espite operati
of the four clie
adopted a stand
uch bright and

03/01 to 2012/0

g. 3. 

f User a 

from the dat
nd the door-se
her to go out b

as data. When 
v format, care

this method f

ugh this pr

the power an
we had to 
n the sensor’s
cts are saying t

enced many
pplication un
were changed

agement progr
the cost by 

e also fou
ing under t
ent PC installat
dard blue ethe
d flashy sight

03/31 

a gathered 
nsing side. 
by sending 
we export 
givers can 

for nursing 

reliminary 

nd ethernet 

s mounting 
this is very 
problems, 

expectedly 
d, and the 
rams were 
combining 

und some 
the same 
tions often 
ernet cable 
ts are too 

Published by Atlantis Press 
Copyright: the authors 

177



p
i
s
g
i
a
h
 
4

4
 
W
s
a
 
•

•

•

•

 
W
T
p
n
w
c
t
c

prominent for
impaired. The 
sensor units at
ground. We al
in seniors with
are stressful for
have only low P

4. Wireless S
 

4.1. Reason fo

We selected th
standards becau
actual transmis

• Wireless L
• The da

netwo
• Much 
• Peer to
• The un

• Bluetooth 
• On so
• Peer to
• The un

• ANT+ 
• The da
• Low p
• The un

• Zigbee 
• Data t
• Ultra l
• A mes
• The un

We select Zigb
The most uniq
power consump
network. Speci
with only t
communication
the unit B, y
conventional st

r the elderly
same thing 

t the low posit
so need to con
h dementia. Fo
r them. We sho
PC operation s

Sensor Networ

r selection and

he most suitab
use it should b

ssion standards

LAN 
ata traffic is ov

ork. 
power consum

o peer commun
nit cost is low 

me level of po
o peer commun
nit cost is low 

ata traffic is su
power consump
nit cost is expe

traffic is suitab
low power con
sh network can
nit cost is low 

bee in considera
que points of 
ption and it ca
ifically, the beh
the battery 
n command is 
you can sele
tandard. But yo

y and the p
stands out fo

tions from a s
nsider environ
or example, w
ould also point
skills for brows

rk for Easy In

d feature of Zig

ble in the actu
be wireless. Th
, it is shown th

ver specificatio

mption 
nication 
for the widely 

wer consumpti
nication 
for the widely 

uitable for the s
ption 
ensive for the f

ble for the senso
nsumption 
n be built by se
for the widely 

ation of the abo
Zigbee is that

an built easily 
havior of 6 mo

type CR203
taken out from

ect a single 
ou can be data 

Flexible WS

artially visibl
or the installe
silver aluminum
nmental change
wearable sensor
ted out that the
sing the data. 

nstallation 

igbee 

ual transmissio
he follows is th
he future. 

on for the senso

available. 

ion 

available. 

sensor network

fewer available

or network. 

etting needless
available. 

ove. 
t it is ultra-low
for a mesh typ

onths is possibl
32. When 
m the unit A t
course in th
communicatio

SNs aims easy In

ly 
ed 
m 
es 
rs 
ey 

on 
he 

or 

k. 

e. 

w 
pe 
le 
a 

to 
he 
on 

using 
mesh 
netwo
 

 

A
repeat
setting
comm
netwo
install
alone,
attach

 
4.2. Sy
 
We ha
easily 
transm
most 
power
type n
six mo
comm
can se
can b
netwo
levera

nstallation with n

other courses 
type network

ork of Zigbee.

Figure 

A mesh network
ter function, so
g Zigbee in the

munication dista
ork because you
lation. Moreov
, you can moun

hed although ric

System outline

ave developed 
by anyone

mission standar
unique feature
r consumption 
network. Speci
onths using on

munication com
elect a single ro
be selected fo
ork of Zigbe
aged to give t

noise reduce me

even if you ca
k. It is shown

 4: Mesh networ

 
k of Zigbee. In
o that you can o
e middle point 
ance. It is the o
u can use these

ver some Zigbe
nt the sensor w
ch calculation 

a sensor netw
e. We select
rds because it 
es of Zigbee a
and it can be

ifically, Zigbee
nly one type-C

mmand is sent 
oute from A to
or data comm
ee. Therefore
the users the a

thod for elderly p

annot use a cou
n in figure4 fo

rk of Zigbee 

nstalled Zigbee
operate as a rep
in the case of s

optimal as a sen
e features witho
ee have a progr

which easy calc
can’t be perfor

work that can b
ted the mos
should be wir

are that it has
e built easily fo
e-based modul
CR2032 battery
from unit A to

o B. Moreover
munication in 
e, these stren
abilities to est

 
 
 
 

people care    

urse, in the 
or a mesh 

e has a 
peater by 
short of 
nsor 
out special 
ram area 
ulation is 
rmed. 

be installed 
t suitable 
reless. The 
s ultra-low 
or a mesh-
les operate 
y. When a 
o unit B, it 
, any route 
the mesh 

ngths are 
tablish the 

Published by Atlantis Press 
Copyright: the authors 

178



n
t

s
i
 
•
•
•
 

 

 
W
h
w
p
e
a
t
i
 

 

 
 
 
Takanobu.O

 

network by sim
the sensing resu

This secti
system (Figure
implements the

• Sensing tim
• Device ID 
• Sensor bat

We have also 
housing. There
with the senso
permit easy adj
edge is 75 mm
and battery, an
the future. The 
in Figure 6. 

Figur

O, Takayuki.I 

mply placing un
ults on a web p
ion gives an 
e 5) and desc
e following fun

me 
(Zigbee 64-bit

ttery voltage 

Figure 5: Syste

designed the s
efore, it was c
or position offs
justment of the

m, depending on
nd we are targe

housing and in

re 6: Housing an

nits appropriat
page. 

overview of 
cribes how the
nctions. 

t address) 

em configuration

system to have
constructed as

fset from the c
e sensor after i
n the size of th

eting further mi
nternal compon

nd internal compo

 

 

tely and to view

the develope
e web interfac

n 

e inconspicuou
s a small cube
cube’s center t
installation. Th
he circuit boar
iniaturization i
nents are show

onents 

w 

ed 
ce 

us 
e, 
to 
he 
rd 
in 

wn 

4.3. W
Descri
web p
 
• S
• D
• S
• S

 
An

to upd
implem
the sen

W
 

 

4.4. D
 
We h
There
by cu
surfac
circuit
of 
 
 
 
 

Web interface 
ribes the web in
page that imple

ensing time 
Device ID(Zigb

ensor location
ensing informa

nd that the serv
date the inform
mented the abi
nsor unit. 

We show web in

F

Design of housi

have also de
fore, it was sm

ube center. Be
ce. That angle a
t board and ba

f

nterface develo
ements the follo

bee 64 bit addre

ation for each r

ver application
mation every 30

ility to monitor

nterface in figu

Figure 7: Web int
 

ing 

esigned for 
mall cube. Also
ecause can be 
and 75mm dep
attery, and in th
further 

oped in this sec
owing function

ess) 

room 

n development 
0 seconds. Curr
r the battery vo

ure 7. 

terface 

inconspicuous
o offset to sens

adjust sensor 
pending on the 
he future has s

minia

ction. In a 
ns. 

by Ruby, 
rently have 
oltage of 

s housing. 
or position 
by install 
size of the 

set a target 
aturization. 

Published by Atlantis Press 
Copyright: the authors 

179



 
 
 
 

Flexible WSNs aims easy Installation with noise reduce method for elderly people care    

5. Anomaly Detection using SVM 
 
Defining Anomalies 
 
An important aspect of any anomaly detection technique is 
the nature of the anomaly under focus. Anomalies can be 
classified into three main categories[17]. First, if an 
individual data instance can be considered anomalous with 
respect to the rest of the data, then this instance is termed a 
point anomaly. This is the simplest type of anomaly, and it 
is the focus of a majority of the research on anomaly 
detection. Second, Contextual Anomalies exist when a data 
instance is anomalous in a specific context. The notion of 
context is determined by the structure of the dataset, and 
this has to be specified as a part of the problem 
formulation. Each data instance is defined using 
Contextual attributes and Behavioral attributes. The 
choice of applying a contextual anomaly detection 
technique is determined by the meaningfulness of the 
contextual anomalies in the target application domain. The 
third technique is based on Collective Anomalies. In this 
technique, a collection of related data instances is 
anomalous with respect to the entire data set. The 
individual data instances in a collective anomaly may not 
be anomalies in themselves, but their occurrence together 
in a collection is anomalous.  

In this research we perform anomaly detection using a 
contextual anomaly technique that is common to the 
domain of elderly care and anomaly detection in a 
laboratory. This allows us to detect unusual activities in 
different times of a life. We evaluate anomaly detection 
techniques using real data obtained with a prototype sensor 
network, and the obtained sensing data are shown in Table 
1. 

Table 1: Example of actual sensing data 
 

Device ID Voltage Sensing Time 
40981d4f 3.8 2012-08-20 15:49:17 +0900 
40981d4f 3.8 2012-08-20 15:49:31 +0900 
40981d4f 3.8 2012-08-20 15:49:32 +0900 
40981d4f 3.8 2012-08-20 15:49:36 +0900 
40981d4f 3.8 2012-08-20 15:49:38 +0900 
40981d4f 3.8 2012-08-20 15:49:45 +0900 
40981d4f 3.8 2012-08-20 15:49:46 +0900 
40981d4f 3.8 2012-08-20 15:49:47 +0900 

 
Transforming data to SVM format 
 
Support Vector Machines (SVMs) provide a useful 
technique for data classification. Although SVM is 
considered easier to use than Neural Networks, users not 
familiar with it often get unsatisfactory results at first[24]. 
SVM requires that each data instance be represented as a 
vector of real numbers. Hence, if there are categorical 
attributes, we first have to convert them into numeric data. 
Therefore, we converted the dataset as follows: 
 
• Data label 
• Hour of sensing data 
• Minute of sensing data 
• Second of sensing data 
 

We converted each line in the above datasets, and did 
this, furthermore, at the time of the experiment. In 
addition, in the experiment performed on the training data, 
the training data were labeled ”+1” if a positive example 
and ”-1” if a negative example. Consequently, SVM 
recognized class as abnormal and normal classes. 
 
Parameter Tuning for SVM 
 
SVM is a useful technique for data classification, with 
successful applications in different fields such as 
bioinformatics, image segmentation, and data mining. A 
key problem with these methods is how to choose the 
optimal kernel and how to optimize its parameters in the 
learning process of SVM[25]. 
The objective of this study is to propose a genetic 
algorithm approach for parameter optimization to solve 
this problem. Using a grid search algorithm is a common 
technique for SVM parameter setting. However, this 
method suffers from various limitations such as being 
time-consuming and not performing well. 
 
Dealing with imbalanced data 
 
SVM has been extensively studied, and it has shown 
remarkable success in many applications. However, the 
success of SVM is very limited when it is applied to the 
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Table 6: Evaluation of each kernel function before noise 
reduction 
 
Kernel Accuracy rate Precision rate Recall rate F-measure 
Linear 0.983 0.983 0.984 0.983 
Polynomial 0.991 0.998 0.984 0.991 
RBF 0.992 0.993 0.992 0.992 
Sigmoid 0.979 0.979 0.98 0.979 

 
Table 7 shows the accuracy rate of the abnormal-class 

anomaly detection method by using data that have been 
subjected to noise reduction, compliance rate, recall rate, 
and F-measure. 
 
Table 7: Evaluation of each kernel function after noise 
reduction 
 
Kernel Accuracy rate Precision rate Recall rate F-measure 
Linear 0.987 0.983 0.991 0.987 
Polynomial 0.994 0.997 0.991 0.994 
RBF 0.99 0.989 0.991 0.99 
Sigmoid 0.984 0.978 0.99 0.984 

 
Table 6 shows the evaluation results obtained before noise 
reduction and Table 7 shows those obtained after noise 
reduction. 

As a result of noise removal, the kernel of prediction 
accuracy has been improved, aside from the RBF kernel. 
Prediction accuracy is also improved by noise removal, 
from these results. In addition, accuracy is worse for a 
learning model using the RBF kernel results from noise 
removal. This is because during noise removal, some 
accidentally erased data involved the support vector 
classification boundaries used for creating a high degree of 
accuracy. In order to prevent the erasure of data in the 
future, noise refinement will be increased from column to 
column, with two or three sensors of the random variable 
node result of the Bayesian network used when reducing 
noise. Moreover, to improve the accuracy of estimation, 
noise caused by making the node multi-level needs to be 
further reduced. 

From the results of experiments carried out in this 
paper, we were able to evaluate anomaly detection 
methods by analyzing the sensor data using SVM. In this 
paper, data analysis applying the SMOTE abnormality-
detection algorithm obtained better results in comparison 
with other kernel functions. In addition, prediction 
accuracy is improved by identifying the sequence of sensor 

data that is estimated to be noise caused by the Bayesian 
network used to remove them. Our results showed that the 
proposed method is effective for noise removal. 

 
8. Summary 
 
In this paper, we proposed a method that could easily 
perform anomaly detection of a sensor network. We 
showed that the ”abnormal activity in the context of a 
different time zone from the normal” could be detected by 
the proposed method. Next, we identified by experiment 
the sequence of datasets of sensor data that are estimated 
to be noise by the Bayesian network constructed, except 
for the sensor data before noise reduction. In evaluating 
classification using the port, the polynominal kernel was 
found to obtain the optimal result. This shows 
improvement in prediction accuracy by eliminating noise 
from the result. Further refinement can be achieved by 
increasing the sensor column by three sensors with two 
random variables of the node in future results of the 
Bayesian network. Furthermore, by using a multi-stage 
node to improve the accuracy of estimation noise, an even 
greater amount of noise can be removed. 
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