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A Novel of Data Clustering Architecture for Outlier Detection to
Electric Power Data Analysis
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ABSTRACT

In the past, researchers mainly used the supervised learning technique of machine learning to analyze power data and investigated the
identification of patterns through the data mining technique. Data analysis research, however, faces its limitations with the old data
classification and analysis techniques today when the size of electric power data has increased with the possible real-time provision of
data. This study thus set out to propose a clustering architecture to analyze large-sized electric power data. The clustering process
proposed in the study supplements the K-means algorithm, an unsupervised learning technique, for its problems and is capable of
automating the entire process from the collection of electric power data to their analysis. In the present study, power data were
categorized and analyzed in total three levels, which include the row data level, clustering level, and user interface level. In addition, the
investigator identified K, the ideal number of clusters, based on principal component analysis and normal distribution and proposed an
altered K-means algorithm to reduce data that would be categorized as ideal points in order to increase the efficiency of clustering.
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Table 1. Comparison of Inlier-Outlier Detection (K=4)

Part Position lier Non-Proposed | Proposed

Inlier 2,419 2,429
0 Outlier 33 23

A Inlier 3,801 3,823
2 Outlier 65 43
Inlier 648 654
0 Outlier 22 16

B Inlier 3,159 3,177
2 Outlier 52 34

Inlier 3,688 3,701
0 Outlier 48 35

¢ 5 Inlier 3,761 3,763
Outlier 43 41

Inlier 3,633 3,644
0 Outlier 55 44

b Inlier 3,509 3,516
2 Outlier 42 35

Table 2. Inlier-Outlier Detection Ratio(k=4)

Part Position lier Ratio
0 Inlier 99.062%

A Outlier 0.938%
5 Inlier 98.888%

Outlier 1.112%

Inlier 97.612%

B 0 Outlier 2.388%
) Inlier 94.941%

Outlier 1.058%

0 Inlier 99.063%

c Outlier 0.937%
5 Inlier 98.822%

Outlier 1.077%

0 Inlier 98.807%

D Outlier 1.193%
5 Inlier 99.014%

Outlier 0.985%

58 &
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B Ae FuizE K A9 oA FEd djsho]
A5 TS BHoFA XYk o)l & AFoAE A
ooy A& 3 AF3e SElaE Kt oA F
< 915+9 K-means, &Y, FAEEA 7T dolH



HBI0E 2AOIM 014 FE8 2

Fe|2Ed oM E AdEGTE ATHEtE ST Y
dolEl= 20169 49 54 A9 HAF A=A 5
e ARE ZRason, HAF HFe g7 &,
7, & HelHE 57 2 245t 98=HE dHgo)
Hol tha AHE FAste] AXY FFEolal A deolH
E ¥ZAHoR AW F dE 80%9 7F AYE FE3
3 FEE AdelA HAY Kghs JA3IES sl o
Aol A BT £ e olAHe A4 2AS BAs)
T ENE A9ES nigor 27| HEg oaHoew At
of ol HF FF MFE Folux vk AsHIL
Az AddolE 4719 2497870 Ho|ElE d<5a A A
obstis duglE3 7]¥ K-means €1E]E9] AolE g9l
g 4 stk F 49 AFelA guy AFE 47 )
sto] i 7tE AAstda & 89 ol Fae A
dlolE thu] Hit 05% #Ae&S Flsidu. 22y di
dlojEefe] &3l F2Ee AAEY IR HAA N2
F2HE FAFAN & dolgd 9&S FE FES
3 dA4E T el & Fiolt)

References

[1] E. Y. Hong and M, Y, Park, “Unsupervised Learning Model
for Fault Prediction Using Representative Clustering
Algorithms,” Journal of Software and Data Eng., Vol.3, No.2,
pp.57-64, 2014.

[2] J. M. Lee, J. Lee, and J. S. Kim, “Ontology-based Monitoring
Approach for Efficient Power Management in Datacenters,”
Journal of Korean Institute of Information Scientists and
Engineers, Vol.42, No.5, pp.580-590, 2015.

[3] D. I Park and S. H. Yoon, “Clustering and classification to
characterize daily electricity demand,” Journal of the Korean
Data & Information Science Society, Vol.28, No.2, pp.395-406,
2017.

[4] J. H. Park, H. G. Lee, J. H. Shin, and K. H. Ryu, “Analysis
and Prediction of Power Consumption Pattern Using
Spatiotemporal Data Mining Techniques in GIS-AMR
System,” Journal of Information Processing Systems, Vol.16,
No.3, pp.307-316, 2009.

[5] S. H. Yoon and Y. J. Choi, “Functional clustering for electricity
demand data: A case study,” Journal of the Korean Data &
Information Science Society, Vol.26, No.4, pp.885-894, 2015.

[6] M. H Park, Y. H Kim, and S. B. Lee, “A study on the
Development of Energy IoT Platform,” KIPS Tr. Comp. and
Comm. Sys., Vol.5, No.4, pp.311-318, 2016.

[71 S. H. Ryu, H. S. Kim, D. E. Oh, and J. K. No, “Customer Load
Pattern Analysis using Clustering Techniques,” KEPCO
Journal on Electric Power and Energy, Vol.2, No.1, pp.61-69,
2016.

[8] S. H. Jung, “A Novel on Hybrid Machine Learning Method
based on Big Data Mining,” Doctor Thesis, Sunchon National
University, 2017.

St CIOIE] ZEIAEZ 07|80l 2t 17 471

[9] K. Zhang, W. Bi, X. Zhang, X. Fu, K. Zhou, and L. Zhu, “A
New K-means Clustering Algorithm for Point Cloud,”
International Journal of Hybrid Information Technology,
Vol.8, No.9, pp.157-170, 2015.

[10] S. H. Jung, J. C. Kim, and C. B. Sim, “Prediction Data
Processing Scheme using an Artificial Neural Network and
Data Clustering for Big Data,” Inter. J. of Ele.Com. Eng.,
Vol.6, No.1, pp.330-336, 2016.

M=
e-mail : iam1710@hanmail.net
2010 Aot HEn| o] g stai(gA}
20124 Ejrjt]o] 3-8tk (A] AL
20174 Ejrjt]o] 3-8k (2AL)
20159 ~d A FFHE SWEHATA

24, gl grtoly

AE M
e-mail : csshin@sunchon.ac.kr
19964 $-41uj st A4kakak(akAp)
19999 ¥ dtal 7 FE w& (A AL

20049 A ehsha 71 TSR

e-mail : yycho@sunchon.ac.kr
19959 - dista 1 4kst(EHAL
1998 FA st e

2006\ AU 7 5E St

o & 2
e-mail : jwpark@sunchon.ac.kr

1980 el eh 443 8ak(EpA)
1991 FFoistul Azt
1993 @Fohstul =t

&
>~
T T

BAl R ok SoC, USN, 71718k, A7



472

dEMeStsl =21/

19934
1995
1995 ~ &

A
Hel-o. .1
ok f- 54 3

i

e-mail :
20024

20049 ~3%

AZEQ0 L HIOIE 3

o o 3

e-mail : myunghye.park@kepco.co.kr
ABY e AaF (3}
ek A3 A

A #d AT

0] 1]

T

A B

2 o o

A A, ToT

younghyun.kim@kepco.co.kr
6]—51!-6]—3’ an BAA R FEK

St e xM10=(2017. 10)

v

0| & tf
e-mail : sblee83@kepco co.kr
1993 HFosta 3 A sH(SAk

1996 %5 o8k sufw A
1993 ~d A} gt

chsim@sunchon.ac.kr

AE e HAFE IS
1998 AEdhista 2 FE F KA AL
2003 AL et 757 e s
20059 ~& A AN A

e-mail :
19961

DB, Hl°o]E





