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Abstract

These days, the research of a sensor data management system for USN based real-time
monitoring application is active thanks to the development and diffusion of sensor technology. The
sensor data is rapidly changeable, continuous and massive row level data. However, end user is
only interested in high level data. So, it is essential to effectively process the row level data which
is changeable, continuous and massive. In this paper, we propose a sensor data management
system with multi-analytical query function using OLAP and anomaly detection function using

learning based classifier. In the experimental section, we show that our system is valid through
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the some experimental scenarios. For the this, we use a sensor data generator implemented by

ourselves.

» Keyword : USN, Stream data,
Anomaly detection
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Table 3. sample training data
g;ggﬁ temp confidence

1 45 Medium
2 86 High
3 67 Low
4 32 Low
5 91 High
6 85 Medium
7 75 Medium
8 56 Medium
9 82 Low
10 83 Medium
11 84 Medium
12 26 Low
13 82 Low
14 83 High
15 84 Low

TAA ghol thEk oAkt AL o2 So] Awgt)
(& 3>T°: 2TAA 7 A gt A= FaAgo]E o]t} o

SN Ak DA U] AT 4 el

AA 7t DB gREke o] gait)

] e
B 917lelt), o]el @ 953 Hlolelt w

(& 3)oIM Bxo

& B9 LRE o ATk W thest ge s
o xtekE At

2 1 euddE Yols AP

(MIN(30) ~ MAX(85))

o 20 $WASE YR AFat (k= 11)

28 30 28 13 28 B3 1HEE e
step = (MAX - MIN)/k
28] 4: BT BGA o &3 HZ2=0] 75 e
wew A%
28 5: 28249 splittingS $13F threshold #1%
(A gkl 33%)
28l 6: A FHdolE] Al o] &3le] o]iks} z3
2El 70 ko] MINET}E 2o MIN- step o2 A #3
A4 & #7)
kol MAXET} 29 MAX + step & A #8%
7t
28 9: gF BERA| Y| &3 PR= A7) Heg
threshold& HolMH ad EZAH S splitting
GE 3ol "zt 28 1~9& A (o 8)7 2
S~ a2 mEAE 42 5 v

25 8:

‘ Class(Confidence) ‘ ‘ Split Positions

(input order)
I( Attribute values

1) () (&) (3a) () (Ta)
Values 2 4 56 7 75

] 6 ]
©Ole) | 83, | 85 | Ge)
81 |aLls)| o) | 91
84 | 86
G725 | 3 |33 |40 |45 |50 |55 |60 |65 |70 | 75 | 80 | 825 | 88 | S0
c 125,30 |[30.35) 35, 40){[40, 45)[43, 50){[50, 55,35, 60)[60, 85)[[53, 70){[70, 72){ 75, 80) [80, 82.3)[82.5, E3)85. 30) | [80. 55)
Hgh | 0 O | OO OQ O] O |O|O|O]O ]| O [t [1]1
Med v 0 O O I BV 0|2 |1]0
1

Low 1 t10j0 (00001 |0]0 2 0] 0

T2 8 2Rl 9 SejAckiz of20f7l ojERiA
Fig. 8. Matrix composed of break point and class label

The WAlE A DAl A mE 20 e T
=5 H8oke Aot A&5d &4 el MSE 2171 9%
Hgeln] A3k= (O™ 9)9t 2ot (2d 8)ollM ASY &4
2] W91 25 ~ 90AtelellM 1570¢] 947} & whd (2
9+ 25~55, 60~80, 82.5, 85~90 o|EA = =
olFA A& &4 gel WAE 5\_*17]”4 e

EV‘”’”\] £ hiﬁh S B |

¢

)

P

)

[e5



142 ﬁ’f 1 ]:Eiﬁ‘!—‘El uH'H)LwL (2011 04)
values 16 n 45 56 67 7 82 | 8384 |8586| 91 180
Al B 3 35 40 45 50 55 60 62 0 7 80 825 | 8 90 E" 132
G [25.30) |[20.35)([35, 40}|[40. 45)45. 50)][50, 55) 5. 60} [0, 65) 65, 70)|[70, 75)|[75,80) [80.82.5)[82.5, 85}[85.90)| [30, 95) E 120
Hgh [0 [0 fojofofofo|o|o|0 0 04 [1]1 _EJ 100
Med | O [OJO[O[1]0|1]|0f0of0 1 o0f2|1]0 = : _ ~+—popular-path
w [t |1]ofofofofofof[1][o]0 2|1]0]o0 ﬁ o fulbeubing

T2 9. 2F ojtis} ZAnt 2

Fig. 9. Final discretization result o

300 500 1000 1500 2000

AId|olE{2] 371(k)

T2 10 AP 37| vs. BESEARE

Fig. 10. Size vs. Average response time

Iv. A8 21

ol Aot USN 7whe] sl 24 28 Ad A (27 10)ld Al A25le] RS 0|83 33 )
Azl A elEle Bl e chil 2430e) 89 ole] ful /i) FEEAel o 20~30% el o
ST o|g3to] Aok Alawle] 45 BB £ O L HAT 4 ek

924 A9 23 0 ol4A 9 A3} FAe B (A7 1€ A=l &3 e 1o] Wit A2 e}

Ak AzEY A WS 98 49 BEe T (E 4 e
% Q‘jr Queryt
100
H4 MY B o
Table 4. Experimental environment 80
0s Windows XP SP3 ,
CPU Core 2 Duo E6750 3 f
RAM 4G “ M\
7He104 java jdk 1.6.0 23 3“
DB MS-SQL server 2008 .
U= Eclipse Helios R1 , ‘
D3L3C5T2000k 21:16:50 21:17:00 211710 2’“:";20 21:17:30 21:17:40
Ml Ho]E (D: Dimension, L: Level,
C: Cardinality, T: Total)

S 913l <17] A=
2 1 : 00 Al

B Ehe?
Aol 2 1 00 A7 00
A9l 3 : 00 Azl 00
A9l 4 1 00 A 00’7t

o gke?

(¥ 10> 9A]

(full-cubing) 2l & A%

| &3 4
9,)\}'\: j= =% }\]}\400

dlojgle] A7]d] w2
TSHAIEE et A3L &3
dlo|E] FE (popular-path) 9] 5gA17+=}

o) thest ol Aol
el A sel

a

a2

ke wEre) AN PRk
BN e AHgke) Avigre?
2% AN A

=
= Ax

WA=

& vlal g

T2 11 Eo 1o Thsh 2ot 54

Fig. 11. a result of query 1

(28 12)= USN 7|4te] shaj 7HA] &-&ollx el

G| A3} gho|tt

o3

]

(7]

NODE LIST

NODE INFORMATION

 Tope : Raute 5% 4 0%/

2501
o5 £ ghting, therm
T e % [

aCTe 1%

/ /

T2 12. s o B

oAl

Fig. 12. a example of fire detection



USN7IRES] StAZA] &85 9k A4 dolg A e

A

143

V. 8

B =gollXe USN 7]Hke] sk} 244 -8 9 Al
dlole 2] Al2gls Zdsisint. Akt AlA wlolH

el gk Azl 7%

A=)
wa e

5 ERHOT AT AEH AN ThgTFe] AEY
Holee] tig FE dold Fuue Agslel Tk ¥4
Ao A $UEE TAS T2 A TP B
o] ] gk

©
ki)

o
2

%2

8:3

_\%

o

542 2@ vely 27 %4, o
o 7Fsalet.

2 eRold A vole] Az Azdle] AEAE A%
a7) Slal, S 24 S-8e] 2EH Holel % o] gele] 49

Ane gtk $Fole IR HE vole] o 4
S ) B e AR oyl A Aokl A

)3 H)m

S i

ot

(1) Jiawei, H., et al., "Stream Cube: An Architecture for
Multi-Dimensional Analysis of Data Streams,” Distrib.
Parallel Databases, 18(2), pp. 173-197, 2005.

(2) P. Domingos and M. Pazzani, "Beyond Independence:
Conditions for the Optimality of The Simple
Bayesian Classifier,” In Proc. Int. Conf. Machine
Learning, pp. 105-112, 1996.

(3) A. Arasu, et al., "Stream: The Stanford Data Stream
Management System,” in IEEE Data Engineering
Bulletin, 4(1), 2003.

(4) C. Don, U, et al.,"Monitoring Streams: A New Class
of Data Management Applications,” In Proc. Int.
Conf. Very Large DataBase, pp.215-226, 2002.

(5] C. Sirish, et al., “TelegraphCQ: Continuous Dataflow
Processing,” In Proc. Int. Conf. Innovative Data
Systems Research, pp.11-18, 2003.

(6) Cougar Project, http://www.cs.cornell.edu/boomy/2003sp/

ProjectArch/CougarSM/index. php

(7) C. Jianjun, et al., NiagaraCQ: A Scalable Continuous
Query System for Internet Databases,” SIGMOD
Rec., pp. 379-390, 2000.

(8) Calton Pu, Ling Liu, "Update Monitoring: The CQ
Project,” In Proc. Int. Conf. Worldwide Computing
and Its Applications, Tuskuba, Japan, Lecture
Notes in Computer Science, pp.396-411, 1998.

(9) R. Philipp, sch, and L. Wolfgang, “Sample synopses
for approximate answering of group-by queries,” In
Proc. Int. Conf. Extending Database Technology,
ACM, pp.403-414, 2009.

(10) K. Henning, hler, Z. Xiaofang, S. Shazia, S.
Yanfeng, and T. Kerry, ‘Sampling dirty data for
matching In  Proc. Int. Conf.
Management of data, Indianapolis, Indiana, USA,
ACM, pp.63-74, 2010.

(11) Alfredo Cuzzocrea , Sharma Chakravarthy, “Event-based
Lossy Compression for Effective and Efficient OLAP
over Data Streams,” Data & Knowledge Engineering,
v.69 n.7, p.678-708, July, 2010.

(12) Yufei Tao , Dimitris Papadias, "Maintaining Sliding
Window Skylines on Data Streams,” IEEE Trans. on
Knowledge and Data 18(3),
pp.377-391, March, 2006.

(13) Abhirup Chakraborty , Ajit Singh, “A Disk-based,
Adaptive Approach to Memory-limited Computation

In Proc. Int. Database

Part 1, Aug.

attributes,”

Engineering,

of Windowed Stream Joins,”
and expert systems applications:
30-Sep. 03, Bilbao, Spain, 2010.

(14) HuaFu Li , Suh-Yin Lee,
Itemsets over Data Streams using Efficient Window
Sliding  Techniques,” FExpert Systems with
Applications: An Int. Journal, 36(2), pp.1466-1477,
March, 20009.

(15) W. Hai, and C.S. Kenneth, “Histograms b ased on
the Minimum Description Length Principle,” The
VLDB Journal, pp. 419-442, 2008.

(16) L. Xin, and G. Jihong, “A New Approach to Building
Histogram for Selectivity Estimation in Query
Processing Optimization,” Comput. Math. Appl., pp.
1037-1047, 2009.

"Mining Frequent



144 B FE RS fHoGE(2011. 04.)

(17) H Ming-Jyh, C. Ming-Syan, and S.Y. Philip,
“Integrating DCT and DWT for Approximating Cube
Streams,” In Proc. Int. Conf. Information and
knowledge management, pp.179-189, 2005.

(18) Xiao-Bo Fan , TingTing Xie , Cui-Ping Li , Hong
Chen, "MRST: An Efficient Monitoring Technology of

Journal of

22(2),

Summarization on Stream Data,”
Computer  Science and  Technology,
pp.190-196, March, 2007.

(19]) Hanady Abdulsalam , David B. Skillicorn , Patrick
Martin, “Classifying Evolving Data Streams Using
Dynamic Streaming Random Forests,” In Proc. Int.
Conf. Database and Expert Systems Applications,
September 01-05, Turin, Italy, 2008.

(20) Wei Qu , Yang Zhang , Junping Zhu , Qlang Qiu,
"Mining Multi-label Concept-Drifting Data Streams
Using Dynamic Classifier Ensemble,” In Proc. Int.
Conf. Machine learning: Advances in Machine
Learning, November 02-04, Nanjing, China,2009.

(21) Qu Wei , Zhang Yang , Zhu Junping , Wang Yong,
"Mining Multi-label Concept—drifting Data Streams
Using Ensemble Classifiers,” In Proc. Int. Conf.
Fuzzy systems and knowledge discovery, Tianjin,
China, August 14-16, 2009.

(22) Mohammad M. Masud , et al., "Classification and
Novel Class Detection of Data Streams in a Dynamic
Feature Space,” In Proc. Int. Conf. Machine learning
and knowledge discovery in databases: Part II,
Barcelona, Spain, September 20-24, 2010.

(23] Panagiotis Antonellis , Christos Makris , Nikos
Tsirakis, “Algorithms for Clustering Clickstream
Data,” Information Processing Letters, 109(8),
pp.381-385, March, 2009.

(24) Li Wan , et al., "Density-based Clustering of Data
Streams at Multiple Resolutions,” ACM Trans. on
Knowledge Discovery from Data), 3(3), pp.1-28,
July 2009.

(25) Li Tu, Yixin Chen, “Stream Data Clustering based on
Grid Density and Attraction,” ACM Trans.
Knowledge Discovery from Data, 3(3), pp.1-27, July
2009.

(26) Maria Kontaki , Apostolos N. Papadopoulos ,

on

Yannis Manolopoulos, “Continuous Trend-Based
Clustering in Data Streams,” In Proc. Int. Conf.
Data Warehousing and Knowledge Discovery, Turin,
Ttaly, September 02-05, 2008.

(27) Bai-En Shie , Vincent S. Tseng , Philip S. Yu,
"Online  Mining of Temporal Maximal Utility
Itemsets from Data Streams,” In Proc. Int. Conf.
Applied Computing, Sierre, Switzerland, March
22-26, 2010.

(28] T. Syed Khairuzzaman, A. Chowdhury Farhan, J.
Byeong-Soo, and L. Young-Koo, “Efficient Frequent
Pattern Mining over Data Strea ms,” In Proc. Int.

Conf. Information and knowledge management,
pp.1447-1448, California, USA, October 26-30,
2008.

[29) Yoshiaki Yasumura, Naho Kitani, Kuniaki Uehara,
"Quick Adaptation to Changing Concepts by
Sensitive Detection,” In Proc. Int. Conf. Industrial,
engineering, and other applications of applied
intelligent systems, Kyoto, Japan, June 26-29,

2007.

(30) Alfredo Cuzzocrea Sharma Chakravarthy,
"Event-based Lossy Compression for Effective and
Efficient OLAP over Data Streams,” Data &
Knowledge Engineering, 69(7), pp.678-708, July,
2010.

(31)  Alfredo  Cuzzocrea, “CAMS: OLAPing

Multidimensional Data Streams Efficiently,” In
Proc. Int. Conf. Data Warehousing and Knowledge
Discovery, Linz, Austria, August 31-September 02,
2009.

(32]) S ébastien Nedjar , Alain Casali , Rosine Cicchetti ,
Lotfi Lakhal, "Emerging Cubes:
Estimations and Lossless Reductions,” Information
Systems, 34(6), pp.536-550, September, 2009.

Borders, Size



USN7IHe] A7 ¢4 9

3}

sl

AN EolE A2 A 2H

145

o XA

gk o

2004: Fdoigta e e
oJghA}

2006: Fdoigtw  HFEREelEt
TR

2007~8A): gl AFET

B

Wildok Asd FH daels,
Tupd gHEAE] )
olg] mlo]d, OLAP

Email @ wonik78@cnu.ac.kr

2y =

1985: Adiekm At
oJEpt,

1987 Aguihm ALEAt)
T

1995 wvleleita At
3} g3,

1996~& A: Fdskw 7FE
&3} w
ik AARidolE o], =
sl A, AR
Zefr] 2=

Email : ykim@cnu.ac.kr



www.kci.go.kr



