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2.1 MEWMA
MEWMA (131 :
X p X~N(uo,2) co X pXc s X
i i ; X [ X ! .
EWMA i 7
Z=rX e+ (1-r)Z;, (5)
T ,re(0,1), r=1 ,Z X;; Zo Moo
i MEWMA
Q=(Z10)" X7 (Zno) (6)
S, =5 Xy (7
: 2 X W EWMA 7 .
n o (6)
Q=n(Zipto )27 (Zimp1o) (8)
2.2 VW-MSPC
,  MEWMA
, (8) ,
,  TOPSIS 14, nsl, ’ W oo ’
, MEWMA
(VW-MSPC)
w=[w,,w,, " ,w,] (9)
w ’
’ P
; w=p (10)
(8) VW-MSPC
Q=n(Zipao X 39221 (11)
-Q=diag(\/ﬁ,\/E,--~,\/E,---,\/E) (12)
02 ; w, 1, (11 (8),VW-
MSPC MEWMA ;
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l_normc df(/l'al a/-Lnl ) Ul) ) utl>/-‘Lol
o= ( 13 )
norme df (Mo sMot s O1) sMorol
Mol sfbal l snormedf 307
2) (655 w;, (0%
P
a= Z Wy (14)
I=1
3) VW-MSPC o« VW-MSPC MEWMA ,
o, p, ARL(average running length) i,
3
220 kV (F3) VW-MSPC o
3.1
2013—2017 1 328 .
N o ’1 328 ) (F3) A(B/)
131 . 5A(A,UB))=0 ) F3
A(AUBy), A(Ay) (1), ()
F3 o ,F3 Mo,
g, Mo s ( 13 ) Qay, 1 o
1 F3
Tab.1 F3 fault related indicator variable information
A(AUB))/ A(AD/ 1% 1% o (ul/L) o ol (/L) o
H, 3 453 2.29 0.66 137 4.351 150 0.001 4
C,H, 37 172 28.24 21.51 16.4 15.36 65 0.000 2
C,H, 110 287 84.97 38.33 37.2 4.370 50 0.001 7
CcO 102 116 77.86 87.93 19 24.45 100 0.000 5
CO, 111 121 84.73 91.74 54 45.72 200 0.000 7
127 357 96.95 35.57 1.5 0.820 4 0.001 1
2 477 1.53 0.42 1.7 0.740 4 0.000 9
124 155 94.66 80 37.6 13.35 85 0.000 2
min(S) 70%, (3) o C,Hg F3
A(ALUB )X (Br)x100%=37/131x100%=28.24% , 70%, F3 i CHy
F3 84.97% , T0% , F3 o
F3 :C2H4 xl,CO xz,COZ X3,
X4, Xs0 (4) w=[0.574,0.534,1.318,

1.375,1.199],
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3.2 VW-MSPC
Q (14) F3 =0.003 4, s
S 60% ,80% ,100% N N N 4
s ARL 16.642,
17.280, 17.637,
F3 5 300 s Johnson
) , n=10 N 30 s
r=0.2, (5) EWMA (11) VW-
MSPC o Q 2
2
Tab.2 Mean and test statistics of subgroup samples
x,/ X,/ x4/ x4/ x5/ 0 x,/ X/ X3/ x4/ x5/ 0
(/L) (%l ) (%l ) % C (WL (%l ) (% ) % C
1 38.5 16.3 53.7 2.4 43.0 3.909 16 37.4 17.1 54.2 1.9 36.5 1.925
2 38.7 20.7 50.1 1.7 38.5 2698 |17  37.0 44.6 52.8 1.3 36.6 3.518
3 38.5 24.5 44.5 1.4 38.3 3.527 18 37.5 17.0 69.7 1.6 41.0 4.171
4 37.0 12.6 42.1 1.5 35.6 5.535 19 40.0 33.1 64.1 1.4 46.4 5.495
5 38.1 14.1 49.2 1.7 39.1 1.691 || 20 415 57.1 1214 2.6 522 16.938
6 36.9 23.9 71.2 1.3 32.0 4.111 | 21 459 70.5 157.4 34 68.2 16.725
7 38.4 21.1 30.4 1.3 36.0 4.623 || 22 46.9 73.1 161.8 3.5 74 17.045
8 36.4 26.6 53.0 1.5 37.1 2343 ||23 477 76 149.9 33 59 17.321
9 36.5 22.3 33.8 1.2 37.7 3565 || 24 452 69.9 1454 3.1 61.2 17.332
10 38.8 18.3 30.2 1.8 36.9 5.842 || 25 43 734 143 3.1 64.4 17.611
11 36.8 16.2 44.2 1.4 353 4.171 ||26 493 84.7 156.6 3.9 54.4 17.368
12 403 18.7 74.8 1.4 374 1.829 || 27  49.1 75.8 165.4 3.7 65.4 17.943
13 39.6 12.4 44.1 1.5 35.0 0.765 || 28 42.7 95 160.4 3.5 67.9 19.975
14 387 26.5 36.9 1.0 35.5 3.021 |[29 504 100.3 152.6 3.9 72.4 19.059
15 36.4 254 82.2 1.1 37.3 4.834 |30  68.1 123.7 167.4 4.8 75.6 20.611
F3 VW-MSPC 1(a) s
VW-MSPC 1(b) o 1 F3
, , F1~F9 R
, 0 100, 85,
75, 60,

[0.120, 0.110, 0.111, 0.097, 0.114, 0.145, 0.101, 0.097, 0.105],

5
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Fig.1 VW-MSPC diagram of current circuit overheating
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Fig.2 Assessment of transformer integral state
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) o 2(a) VW-MSPC 23
, 27 ;0 2(b)
25 .30 , VW-
MSPC , VW-MSPC o
3.3
VW-MSPC , 2017—2018 .

314 R 300 R Bl MEWMA

M VW-MSPC , 3 o

3
Tab.3 Failure detection rate of retrospective detection
1% 1%
MEWMA  VW-MSPC MEWMA  VW-MSPC

F1 36 72.22 77.77 88.89 F6 41 80.49 78.05 92.68

F2 40 75.00 77.50 90.00 F7 32 75.00 78.13 87.50

F3 34 73.53 70.59 88.24 F8 29 72.41 82.76 86.20

F4 32 78.13 81.25 90.63 F9 33 75.76 72.72 93.93

F5 37 67.57 75.38 91.89 314 74.20 76.11 92.99
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Research on Semantic Segmentation Model of Low—Illumination
Edge Enhancement

Luo Hui,Lu Chunyu

(School of Information Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract:In order to improve the accuracy of semantic segmentation of low —illumination images, an edge en
hanced semantic segmentation model (EESN) based on RPN is proposed. Firstly, higher—order semantic features
of images were learned by using a deep residual network, and the region proposals were quickly generated by
RPN. Secondly, a fusion algorithm was designed to fuse the region proposals and eliminate the repeated candi-
date regions. Finally, low—illumination edges were searched by the edge search box, and their features were en-
hanced by using the local enhancement algorithm with low distortion. EESN was used in semantic segmentation
of Pascal VOC12 dataset and Cityscapes dataset, and 81.2% and 67.6% of pixel intersection—over—union (mloU)
on these two datasets were obtained. The experimental results also demonstrate that EESN has good segmentation
performance for images with low illumination edge.

Key words: semantic segmentation; RPN; low—illumination; edge detection; local enhancement
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Application of Variable Weighted Multivariate Statistical Process
Control Method in Transformer State Evaluation

Wang Xun', Wang Yuxin', Kang Chen*, Wan Hua®, Cheng Hongbo'

(1. School of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China;
2. State Grid Jiangxi Electric Power Research Institute, Nanchang 330096, China)

Abstract: According to the characteristics of different correlation and importance between the variables of trans-
former state evaluation, the weighted Mahalanobis distance is introduced into the traditional multivariate statisti-
cal control chart based on Mahalanobis distance, and a transformer evaluation method based on the variable
weighted multivariate statistical process control is designed. This method combines the weight of transformer state
variable given by association rule method, and uses the wave detection ability of multivariate control chart to
transform the multivariate real —time monitoring data corresponding to various faults of transformer into a test
statistic, and then evaluates the operation state of transformer. The example analysis of the current circuit over-
heat fault shows that compared with the current transformer condition evaluation standard, the method has faster
fault detection speed; the retrospective detection of the sample data of known faults shows that the method has
higher fault detection rate.

Key words: multivariate statistical process control; association rule; weighted Mahalanobis distance, transformer
operation status



