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Abstract: [Purposes]In order to accurately identify the abnormal power consumption behavior of
power users and reduce the non—technical loss of power grid, an abnormal power consumption behav-
ior identification model based on linear discriminant analysis (LDA) and improved density peak clus-
tering (IDPC) algorithm is proposed. [Methods] First, a feature set was constructed from the power

consumption data to reflect the power consumption behavior of users. Second, LDA was used to re-
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duce the dimension of the extracted feature set. Then, IDPC algorithm was used to cluster the feature

set after dimensionality reduction, and the users with different electricity behavior characteristics were

clustered before abnormality identification. Finally, the outlier index was defined to describe the de-

gree of user outlier in the feature set after dimensionality reduction, and the final model outputs the or-

der of the degree of abnormality of all users’ electricity behavior. In this paper, in view of the deficien-

cy that the truncated distance in the density peak clustering (DPC) algorithm needs to be set manual-

ly, the Bonferroni index was defined, and the improved whale optimization algorithm was applied to

the optimization process of DPC truncated distance parameters. [Results] Experimental results show

that the proposed model can detect most abnormal users only by detecting a small number of users

with large degree of abnormality, and has higher recall rate and accuracy than those of other models.

Keywords: data mining; abnormal power consumption behavior; feature dimensionality redu-

ction; density peak clustering; whale optimization algorithm
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Fig.1 Flow chart of abnormal power consumption behavior
identification
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A6 00 S8 Y TP FP
A 1 H P FN TN
3.5.2 ZaEfdia R
1) 7 02 Recall
Recall = X 100% . (26)

TP+ FN
s TP 3 7 152 AU F 0 A 52 B 12 0 S 5 1 P 4
i 5 FIN R BB 1 0 oy 1 8, S B R 5 5 1) H P 4R
i A MR, 2 BRI A A I BT A E )
fig 71 i .

2) K16 Precision

TP
PreCiSion:m X 100% . (27)
A FP R R AR 0 Ry S8, 52 BR o IE w0

B o R AR R, 3R WAL B Sy T 451 1) AR AR o
R R 4 R AT
3.5.3 ROC ¥ Z&F4= AUC 35 47

Z R H TAERME 4k (receiver operating charac-
teristic curve, ROC) &R 1 AU/ A [6] [ (B & 2 IE
il # (true positive rate, TPR) 5 i 1E ] % (false
positive rate, FPR)Z A [ 5¢ 5 . ROC h £k i i %
RN FPR, R TPR. 78 2 A A b, B AN
X T ROC T4 b i —> i 15080 i 931 ) 235 2%

592 1E B0 6] B B AS [/, AT 5 i TPR AR
FPRYME

ith £k '~ 1 A Carea under curve, AUC) H—4~%k
B A8 #R , Fm ROC M4 T 7 1 AR K /IN , H 3 [F AE
[0, 112208, AUC{H #4230 1, Ud BH AL 7 78 A [R] 13 {8
B BB RE ) XA IE A 6], AUC = 1% )i
AR A

4 HEB M

SC A Y 2 K 22 RE AR B AR IEAT S
B, HEHCT 6 4004~ P 535 d A9 H HE & B0 AT 5K
55, R A B R 30 min, P&k A S 6B
KRic A 1—55) . ZBRENBEKL &
JMEA Bl AT 204k & & T = i AT
HHER ST
4.1 RERABEAEE

BRI P B R BE 2 ={ 21, 20y o0, 2 )
M 3E T 6 Fh 5 A A, Bk =X (28)
filz,)=ax, a=random(0.1,0.8)
folx,)=E&.x, & =random(0.1,0.8)
fi(z,)=y,mean(x) y,= random(0.1,0.8)

0 t€[m,n]

1 t€[1,m]U[n,48]
Ho:mErandom [ 1,16),7 € random [ 16,48 ]
filz,)=max ((x,— A), 0)

filx,)=0
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— TR 5 (o) F R TG L B P S FR B AL L
8] DAL ol /I FH P, B () 7R B BB FL AR E — R AL B
i ) PR R TG 3 b A i B AT s s () R
it — I v B — N 22 1 FH e, A VA ) 7 501 L
INBEAR BN 5 /5 () Ron B RE LR 2 KA A% 2 I 4L
BT RS () R o () g —FhRe ]

SCE AR A A 5 X B R BCE #EAT T R R HP
M, LR UIETE B & XN 55 FH P 09 L) R 3
AR o B S8 P S R B0 S X [200,
400 NI REMLIE . S04 5 2004 S8 H P ZE A
B PERAL S T A B T S AR
4.2 HERBMEEENY

A H A e R ) 1 0 S
HLAT oA 19 15 HERFiE W2 2 BT/

filz) =07, 6,= (28)
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Table 2 Feature extraction indices

I35 bR

V1—=V4  H AR E AR 2 0
V5—V8  BAZERER AR AR R
VO—VI10  HHH R H gy 2208
V11—Vi12  HHHd & LT TR EEE

V13 H R H A R R 2
V14—V15 53R e il 2R 0 g 2Rk A O R 5l B HE

T $R B R AR AP AR BRI R 22 5, 0 T
e 745 45 A FE 0 A58 20 S P 285 2R 5 W B A 0 2 A
FEAE AT IH — A3 35 A =
i 7 Xmin

X,=———-. (29)

Lmax — Lmin

Vl 0.32 0.12 10.38 0.33 -0.07 0.05 -0.37 0.28 0.12 -0.06 -0.39 0.17 [(X¥

- s - (5

V3

V4

Vs 08 |
o s

\i
V8

V9

V10-0.28 0.37 0.25 [

K, TR AR A — 1L 2Z AR, X, R
ZFIE A — A6 5 0 B 5 2 2o 23 B R X R AE
) e R dRe/IMEL

BAE Vo—V 8 K /n A 4F 4 2 JiE (1 F] e 1 0% 3 17
B F HALE RER O 0. 25,

X $2 BRI 15 2 RRAE E A7 AH OCME A BT, 45 B A9 AH
KR FEME 3R . FBFE Z AR5 {5 B E
B, B WA AH G . B R R R R Y L
RPN AT AL T X R A AT A . e
A3 BRI PCA CFA \LDA = Fft [ 4 45 78 % 45 By
15 R AE 4 AT R 2 b B, O 455 75 20 A0 3 R A1 322 R
TURR R AR/ NIEATHERR o Hoh LDA 5L 1) bs 25 25 51
Hh XS B 1—5) OB R E R £ 44~

1.00

0.37 0.14 -0.01 0.26
0.75

0.21 -0.33 WXJW 0.18

0.01 -0.17 0.15 0.10

0.35 -0.30 0.16
031 -0.30 0.15 L0.25

-0.10 JURIN -0.28

0.50

V11-0.12 0.14 0.18 0.01 0.21 0.21 0.18 0.20 -0.26 0.240.31 -0.06 0.20 0.06

V12--0.06 -0.01 0.21 0.01 [0.35 0.31 -0.31 0.36 0.31 M-0.00-0.24

V13--0.39 -0/5101-0.33 -0.17 -0.30 -0.30 -0.10 -0.14 0.37 -0.31 -0.06 -0.00 K] -0.16.

v 0 RO = 0 -

VISW 0.18 0.10 0.16 0.15 -0.28 -0.18 -0.19 0.11 0.06 -0.24

VI V2 V3 V4 V5 V6 V7 V8 V9 VIO VIIVI2 VI3 V14 V15
B3 HFEEMME X R

Fig.3 Correlation matrix of feature set
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-
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& 3T AT 8> DT MR R AL = B RRAE o YT
FAF AR B8 2] 3 4E R, PCA 5 LDA ) CEVR 434 by
91.56% F199.89% , ¥ REAR 4f b 3% 3K JF AR AR (1915
B M FAR CEVRAUA 64, 52% il # CEVR 75 534
2 85 % A ik Ay 4 H M F IR IR (E B BT L FA HAR
B 3 YEFEAE I 2 B R R E R IR 205 8 AR T 57
WA HEN . L5 A ERE M ] AL S A AT Y
CEVR, 3CF {2 B RHIE 5Tk 38 A 51 19 = 4EFEAE
4.3 XLWHERHMH
4.3.1 LR 3k

K FH W 28 5 B0 = A DTk 2 A s 0B R AR ok 3

K3 ZSMEAEEINFSHBTINRRESERTME
Table 3 EVR and CEVR of new features obtained from three

dimensionality reduction models %
- PCA FA LDA

EVR CEVR EVR CEVR EVR CEVR
1 71.77 71.77 25.62  25.62 94.27 94.27
2 14.19 85.96 24.23  49.85 5.27 99.54
3 5.60 91.56 14.67  64.52 0.35 99.89
4 3.91 95.47 11.81 76.33 0.11 100
5 2.07 97.54 6.12 82.45 — —
6 1.21 98.75 2.04 84.49 — —
7 0.72 99.47 1.86 86.35 — —
8 0.22 99.69 0.44 86.79 — —
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Fig.4 Scatter diagrams and corresponding decision diagrams that are mapped to 3D space for all users
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Fig.5 ROC curves of three dimensionality reduction models
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Fig.6 Pareto diagram of abnormality index for power users
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Table 4 Performance comparison of different models

1Ry A/ % KR/ Y%
IWOA + LDA + SR 5 % 45 4L 76.00 78.76
IWOA + PCA 7% 3 T 5 5 15 4 46.00 45.08
IWOA + FA +4 B e S 5 5 4L 31.00 28.49
IWOA + LDA +3CHK[ 23 BER #4848 59.50 63.21
LDA 78 3C 5 57 4 48 %L 67.50 72.02
LDA + 3CiHk[ 23 ]85 #% 55 15 % 56.50 61.66

A UL IR, FE FRAE B 4 5 T, LDA FE AR SCHY 57
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Fig.7 Clustering abnormality identification results of the proposed

model
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