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Outlier prediction in sensor network data using periodic pattern

Hyung-11 Kim'

Abstract

Because of the low power and low rate of a sensor network, outlier is frequently occurred in the time series data of
sensor network. In this paper, we suggest periodic pattern analysis that is applied to the time series data of sensor network
and predict outlier that exist in the time series data of sensor network. A periodic pattern is minimum period of time in
which trend of values in data is appeared continuous and repeated. In this paper, a quantization and smoothing is applied
to the time series data in order to analyze the periodic pattern and the fluctuation of each adjacent value in the smoothed
data is measured to be modified to a simple data. Then, the petiodic pattern is abstracted from the modified simple data,
and the time series data is restructured according to the periods to produce periodic pattern data. In the experiment, the
machine learning is applied to the periodic pattern data to predict outlier to see the results. The characteristics of analysis
of the periodic pattern in this paper is not analyzing the periods according to the size of value of data but to analyze
time periods according to the fluctuation of the value of data. Therefore analysis of periodic pattern is robust to outlier.
Also it is possible to express values of time attribute as values in time period by restructuring the time series data into
periodic pattern. Thus, it is possible to use time attribute even in the general machine learning algorithm in which the

time series data is not possible to be learned.
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Fig. 2. Sensor data before and after applying quantization and smoothing: (a) before (b) after.
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14 &4 EAY W 24U 77 AEe 2,
2 FAN b 71 7] e £459) 1R 37 9
"oz Agath 7717k 3R A9l 77 e
o] WE3HA Uehin], 7] sfele] HyHoTky EH
Stk W 7} F7)50] B#HHololA] 7] o]
YRS @ Aol F7] Aol BergSThL B
AT 17 4@ 4 FRH T/ e 2
% Agom, 229 F7] G 199 2Aslh 29
4y AN Ago] olA BHE AT Thie
gl X Z Ueh s 9902 F7171 Bk s,
%71 W BHL DA A4 $H50] A F
& Hole #7142 BEte] F7] el BYs
£49 F7) H92 Ve dlelele] thaled shastel
g9t weF AA S450] WP 7718 Kol
F20] e W HPH 7715 Holk B Y &
g ol gale] F7] AL BT T 4bpiA

27] el sl A7 HolEE F/1EE AT
233k Blolelolch. WAl vlolelE F7] A
paet 227 28 dojee A7e Kash: &

(a)

J& 5. 3l F7le] B89 F3F 229 AlA HiolH: (a) 37 Al HlolE (b) 2%

A wg F7) el AUEA Az o' AT Ee
5, 7719 A1 Alele A7F ghe 02 27139t
a9 s shte] F71¢) £849 wojgEelnt 2™
S(aye o] AA gk vehd Zlow, 7o 4 o
Aol gk gro] L2 WHEE BRIt 19 Sy 2%
o] X grg vERd Ao, Bt A S RS
AR AAH o2 AFH 4% F7E zhet 2
Syl bl 2= dlolEfe] 3¢ M ol E7tA
A EFE 3k A7) w2 HEvto e o]
£ FE otk 23y F7) AHE S VIE0R
At FHHe ov) 77 2T £ Yok 22
I F7NeRE HAA e PR A TR 3
-, AAIL dlelEE 71A Sl &8 i v

3.2. O|AH%| of%

B =R X @AM (supervised leaming) YE]
Zol A2 379} C4.5 ZHERE EE3lo] ol
2] &g Pt

2ZA2E s A7 FAE /e E S ER &
I Foltt. A FAHE BE §A ghol 4 ol

(0)
49 dlolH]

Fig. 5. Sensor data of light and temperature expressed in a period: (a) sensor data of light. (b) sensor data of temperature.

—437 -

J. Sensors Soc., Vol. 15, No. 6, 2006



60 2

A gt FEle 245 52 o AREHE tEH
A 71 Foll shielth. AF BAE S5 ¥
%] w2} 23F A&t TeF w9 £ o7} E
AL ), S Az xoll g A Fe A Q9 2
ol AW 4 20X we 7ol A& A=
AHZ AEHA FA Je 25T F ok o] ¢A
& B Aol A2 3]9jolt.

X =Xxgtwia,tweat.. twa,

@

2A 2 e A P S8, 15y 719 oRe
o] 5 7fe] B-5 AAE dEd= B4 /Pyelnt 2
2 slfe Ui Ay I8 rgtow Fu
Fat24 e F 7 BFIT ¢, oY 9, 4 3)et
@ 7ol FUg &4 AT ool Yzl Zzhe] A
8 89 2dS gAgl aEl3 AR belErt B
o1k u) Ztzte] RdS 53] AFE =3l B

il

2

off 2 Hr

Fe % At 2 Fog ojFoiA,
a1 = Wotwiatwadp t Wi 3)

Cy =Wyt wiaiHwads+. . Wiy

4)

C4s5 A BT WHEARQ] 7IAIgs daEEE &
shjolct, AR ER Sk ¢ulEEe Ev 722 ¥4
=, tlo]elE B¢ A E(divide and conquer) 3]
2 BFol e8] £ vdS €= gaelsel.
AAET g dayEFS oAy A7 EX s,
C4.5% 2 FolM 7P il Sl S ohd
o]t} C4.5% A 1.0 E(Information Theory)2] &2l
/3 (Entropy)t 4 2. ¥ S(Information Gain)& 714k2
2 3} BEEAL #A) dEidA MR oE BR
&tz dolHEC] A9 e AE=E vepd}. 23
AR 5L dA) dHedA 9 &4 s 7IEL
2 HoHE ERANE A 45 F Ae EFHHY
Eanarolet, & (5)9) 4 (6)y& BN AN P55
Tahe Wolth. F4olA Se A dlolE el
ce E928 e 4= $4E Vet pe A
A Aol A soll st A S Figel v &
golnl, vz 49 &4 FES oJvgttt 283 S
24 49] &2 Fho] Wl HolElES] Hieln.

Entf”OPy(S)EiHn log p)) )

i=0
Information Gain(S,AY=Entropy(S)

- ¥ I‘-SwliEntropy(Sy) 6)
ve Values(4)

N

A8 A15d A 63, 2006

qd

4.4 #

4.1. &% ol

A& o= Intel Berkeley Labo A Al&-8he 57
olE1E AMEEATH o] HolHe ZE & 59
o} 54712} AlA i)kl oF 30% HHLe R
F23 AA Fe F g < AT dolEolth
ARS8 A E Mica2Doto}™ TinyOS$}F TinyDB £
g 7ptez 3l dlolgE 38l Z2ke] AlA
oA FE3 240E AN AL 22D, 25, F
%, B3, Aol

AR EReE AL &, 2

=]

B
SL3L
NN
o]

=

LEEO
LTEEL

Tz A= Atk =
Z IDE 1014 549 3 HHE Zdeth 25 AN E
2 3 ST HAE%)E G= AT 3
e 2XA(ux)E 7 YE 8l vk 2k A keze
A ok 30zrhd HlolH & AEIA T Gl &9
73, AE) A7) SOl Wit oV Wi EA 23
Hem, 7ol SR EHA] £ uk Jgs] EAg)

B mRdAe gnel A, B, & D9 E A" A
7He Z G E BF AL Hofl A F8319 e
o, UA] =T, 2% S5 B A volEe Wy
o] AR AX =EE & 54l mT £
10779 =2 Meste] Ago AMgstdrt. 53] Mz
22 AYE e )Y T 237 mEES
Yoldoz Mdgtozy T FH U9 xEEL &
AR A gh BAE Holm, Agolst g1k =EE A
ool 2FY o AX g 5L Z=E .

Ao AMg-she AE4 volHE A F /HARE
vt} dhes 94 AAE HolHE 7HEA &L
A iz A glelee]a, v shbe 7] #E b
olel 2 F7lo] wi} Bl X kg A E vlolH
ojt}. 71AIgEol AMEHE sk HolHE 9 AAIE
gloleo] 3t & HE3E H g3t F7]0) wet
] AR Zh8 QA S 7] gEl dlolElE ARS-3E
th o] HELS F% HIAE HolE & 9] AlAIE
HelHE AR AL HolHE sk Qlad
SES Yol 2 A7 e g A A 2538 A7,
LE, BE, B, AR &4 gEE pAdrt

4.2 OjMzx] o A

Aol ARE-SF AA 8] & e 1070, A
o 7 AA =g 3t 2AAY 3 8
& HolHZ stgetel A48 g9 2d L A,
C45v AHEY RS A0 438 A5 dig
nlolE o)A Bl Aol F71g o83k

—438 -



E-)

7] HEE o] &3 AN VIESZ BlolElg) o4 6l 61

B 1279 B0 thefo} 2ALY HAE o] §3 oA E 2,379 ol thste] C4.55 o) 8F oA & A
& Fgw e
Table 1. The accuracy of logistic regression which predict Table 2. The accuracy of C4.5 which predict outlier in
outlier in node 27 node 37
Training size QYA AALY 7] 5= Training QA AJAE 7] W=
=z ) - =71 . =7}
&1 ) EIE tlo]H Size dlo]E tlo)E
1 47.04 % 56.09 % 9.05 % 1 67.67 % 78.82 % 11.15 %
3 51.44 % 62.24 % 10.80 % 3 81.77 % 84.36 % 2.59 %
5 51.59 % 62.49 % 10.90 % 5 87.54 % 93.28 % 5.74 %
All 85.83 % 86.05 % 0.20 % All 97.95 % 97.95 % 0.00 %
o F7HEE 7] Y dlolele] FEwel AA AlA AFYS &+ AU
g dlole 9 G pol2M F7] HH ol 3 2% 379 == k] C455 o] 8- oA
A =

5 g vepdt & Hazo|th 37H 2o A8 AT BX
E 1227 =Tof tiate] 2X2E 3AE 283 4F A sRRIVIAE 85 dlo]E 9] o] F7t
o O E 53 Aotk YA AIAE dielgol ol wie} 7} dlolEl ] HE =t Frteitt 2eja
Al g dlolEe] F77F 1Y o o] R B8 Asr  AgoM F7] A9 dolErt fA AAIE HlolE R
= 47.04 %™, AA F71d o 85.83 %otk 7] # oF & AILE Jehlle AL AT 4 Sl

9 odlelElY] F717 1Y W o] 4R BEF s dntyg oz F7] HY vlolEE gt A Eol
56.00 %ol ™, AA F71Y o 86.03 %0l &5 Hlo] =L FIAEE ROl T Y 2¥ Znke ot
B9 717 19 W) Al AAG HolEe AFxe] 304 kX (7] 357] Bl 7] Y dlolE &
st 7] dE dlolele] AT Z718EL 905%0]3, FY AS Z7hEEo] —026 %2 -041 %E A E
AR F71d WS} S7HFE 020 %0]th B dPgez  ASm B oA EEste st 7]
7] e HolHZE &85k o] olA4R] 92 & TlolE] FX 7} & F7] ¢te) dlojy B X9 AF

=]

]

?l,o
3]
LI

i to

E 3. 179 2ol tlale] 1|28 5915k 0455 o) gt o4 of = Hehw
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1 39.59 % 74.55 % 53.69 % 77.38 % 14.10 % 2.83 %
3 63.67 % 81.38 % 63.41 % 80.97 % -0.26 % -0.41 %
5 61.75 % 81.56 % 62.51 % 85.08 % 0.76 % 352 %
All 81.06 % 97.42 % 79.13 % 97.43 % -1.93 % 0.01 %
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Table 4. The average accuracy of outlier prediction in which 10 nodes were used
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3 60.60 % 7327 % 66.01 % 77.89 % 541 % 4.62 %
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