405 F o
2020 F 6 B

Vol.40 No.6
Jun. 2020

® 2 & #H wE &

Electric Power Automation Equipment

g

TR Pl s U PR 22 TE A e VP A A R

F OB, HAF,E M, M
(mn k% A THEFE, @Il RHAF 610065)

WE. AT AN ETEZFREEEARE RSEFMEATNGE R EmE RET LA TR
AP 22 M4 (DNN) W & B3 25 M A ERE, AT Hmbu EH B2 FREAOFER T, 55N
W EH G A T AR BRI B A P RS P AR IR 19 Y4 AR 6 2 A 4 DNN T AL A
BB Rk RAE A Hr |, 5F A T Tensorflow iF B 3 37 22 #y 2 DNN TR AL A 3 47D 45, sk ik
B b PR O MABIG R Rk AR T R R RMIE VA ES PR M4 DNN M, AT T

TR FALK EMER AP B E R EAT BT R TN A5 E 67 a, ) %5 09 DNN AR ST w4 & 7 32
B AR, ik 2K SO T 2R L AT SN, RE, A TREEXA & F Tk by EH %L FRK
AEHHE 3T DNNAER B 47 T Dl Ao b A iR 45, & R AW T AT 4R 7 ik 09 A 20k

KW R Bk IR EAY 2 % ALK E B RO TR

hE5SES:TM 761

0 35l

S RS R A R s s % ) 7R i A AR
P R T o NS B R 72 96 v R A7 Aoy 1) 1 12
A7 HAA 23 18 B 2 IR | Tlb st F2 rh By 7= i
J: S I [ DL R B AR A R LR 2007 41,
WM 25 ] ] A 22 B, LB 1T P A e o i 1 B i A
PR 3K 1500 AZRRTT , He v v s 8 9 (0 435 4 B H,
JE R ) 1 B 432 2 i FL R T B R 1 60 %
XoJ B B o4 3t i ) 8 R AT A A5 HE R B PR A R A
TR FEL 97 A () R ) o R AN K R T R A B
TR Y AR RS A BT R AL T T B L a8 ET L
15 H P AT A IR .

AR, [ PN AR 2 38 X6 fL 387 R A B0 R T4 2
TEJE T KT, A 1 70T 9 R i e M VEAG T
TS E P PTAS T 3k i TR TTAG T vk 32
FLE XN R P o PR A ST R ME AT & B UK P
Aili , FESEBR AT AR AN TR  ANBA R P PEAS ik 3B
HRER DA LS AR AL 7R 0 E TS
FA R 28 1 T b e R X i, T R A ) 7 7 O
I TR R R TSR AR R R . L L
WER 2 17 BY H R 87 [ 28 55 161 2R P4 ELA (Economic
Loss Assessment)— E ATF 2R GFAYSZ 8L, H AT
HL R BT I 22 D 450K PP AN O v — Il B A a0 R R R
P OZ T VEAG T B R AT L e 1 A
PR AN B S A R s QFE L B A R
o, RERARE A R b PR PEAG A S 38
5 B HA:2019-06-13; & [E H #5:2020-01-15
EE€TEB:BRAAHFFALFHTAA(51807126)

Project supported by the National Natural Science Foundation
of China(51807126)

MBRFR SRS A

DOI:10.16081/j.epae.202003016

LN A A X BA TR RE . R B,
F, P B e 2 D 40 2 E AT 00, A 25T R AN ) 3 55
PNEN G N K E PSRN R EYSE NS B SENTTRERN
TR — 22 B0 s HEAT PPAl , LA DR ITAG Y — 2
PR VR B 2 I o

TR #h 22 X 2% DNN (Deep Neural Network ) 42
UTAERTETH AR U A 32 W H A B o ) Bk
= G S B 2 B2 R AR R A
ARIURFIE A RLTRAS T N T H IBURRAE 15 Ty BEASE
BRI AR, o R py AR 2 e R e ) Ol 2 2 ) Y
R B 2 F T R Ak i e ik

ARSCE SR T DNN B AR, AR5 %) G i
H TR AR 28 DR R R PR 7 R T 2 B ORI T 5 3
Bl R RRAE ) i S T —FPRE T DNN A4 R BT
ZEPEAUR BOMAIRL X/ IMEA RS 1B B2
T2 R iR TR« T A A A v M A
J3E PRECHEAT SRAFE LA S L T AEAS N M Ak L, R AR
PEAT TARBY E . e B TR A 5 Tolk Al
FI8) FL, T A e 52 P SRAE 08k X DNIN AR BY E 47311 25, JF:
TE[R] 25 JEAN [ BERL 16 ML A [F) b 22 oo ot A
7 o 225 X 2 R 8 o X 228 B 400 0 DAV 52 Tl ) 6l I
HEATPEREPEAL , B0 0E T DNN £8 5 61 R PPAL BT () A
Rt

1 DNN

1.1 DNNZE#ET{EREE

DNN &t Z 2 # 2 o S s, Hb A2 N
— BN R X=(x,,x,, 00, x,) " TG — )2 B
Sh Y HiR A 1 A B Ay (X)), Ho W b DNN
HRE2E S E. B —AS 4 i A R 3 2
DNN Z2AG &, X T4 L2 5 j AN s ot , Hob



5 6 A

OB A TR BE 2 16 26 B v R e 28 BT I R DA AR A 57

A F B A3 an = (1) A1 (2) B
g — iwjgl)a(il— 1) + b(il) (1)

al’ = F(g) (2)
Horp .S, 2 DNN 35 -1 JR M 2 ot s W by it 454
-1 255 i DA TS 125 A 4250 Z 1] i AL
HAE s al' " S -1 R A DA B2 T R BRI N 5 b
R LZ 5 A 20 B B A I F (o) R s

Bl DNN#REERIZIHY
Fig.1 Typical architecture of DNN model

T IE LM 50 ReLU(Rectified Linear Unit)
PRIEICRH HE F PRER sigmoid () Al tanh (oo ) ] DAk 6 Aok
TH AR R 0T 25 5 R AR B3 4 ) e P ik i
Jra R B A A L BT LA AR SCFE DNN AP A0 IR 2 1 e B o
F(x) R ReLU pR%Y, =X (3) i .

_roa >0 (3)
N
1.2 FEHLREEHE

FEHL 2R 15 )2 (dropout layer) J& 4 1 Bjj 1 DNN 7E
WEEIEE it G (overfitting) i) FE AR Z —1,
H— B AR AR A 3% 45 )2 5 Fi B TUE S 2R T A3
Sk BEL OB - 26 4 28 50 1 1) J5 A% 5, FEAS R A DI 2 4R
S e ASTR] (8 0 28 S0 2 BELT , DR Ik 45730 o5y < B
BIVET SRV BEAILJC IS 2 A i 2R An B 5 A
R AL TR o BEALAGIEJZ A5 I A 1S DNN (9 %0
RIESE=Rs L EZIve Y 055 3:/ S SICIRL iR 3 2 2 eyl
AIEEPE
1.3 HMKEEH S5 E T Bach B DNN Il 255 12

DNN #5 U 31| 25 J2 AR P 461 2% pR %X (loss function)
PEAT W27 2] B b AR X T DAY T 5, 450 2K R
R O ER GRS, BV

LW =3 Y oK)= GF (&)

Horp kg (X)) G LW, b) 5351 R 55 i A B RE AR 1Y
TOUIEL LS A S BRI s V oA B AR A I 254
R €77

ST hn b DNN RS (11| 255805, 70 2ok 7 v
— Bt LT Bateh A2k 72X, BDFE A1 0 pR SR
B ANIEA T4 B AL i I AN R A XU 2B v NASFEAR
BEATHREL , 0 AR 20 U1l 2 8 B ik A 7 45 2% pR B
BT, B () TR

LB =2 (hes(X)-GF (5)

Hrp S, %4 Batch B9 RUEE . 3EF Batch ) DNN L7 31|
Yrad B2 R AS W BECHT LR S E W b K fe /B (5)
PR R, B — RN R Wb B A

dL(W,b)

WO =W - (6)
j j auy/(il)
aL(W, b)
b = b - a0 (7)
Ji

Horb, o P K
2 BEEMREFRKRSFIERET

BT DNN HEA7 28 55 40 2% $00 00 iy O 5t ) f 22—
e AR ] 5 e B, BTN R P T AR T
b A BRI A TR A2 R L G B A R A L R
HLR B R R S AR R 22 5 A A L R
B 22 G AR VA A SR R AR A 1 o AR SORE HL R
B 20 DR R 43 R B R e 2, L Tl s
R R A A BRI P AR B UG A, K L
DU B A RRAE ] B4 S DNN i $ A o BAT 2 UL
A B YRR 1) T AT 4B, AR AR ) o Y AT G
G EHER  FEILA TR
21 BEERTEERE
IEEE Std 1564 — 2014 Z1| i) H, & 27 [ 7™ 5 F2
JE B PR — R bR B R R R B A A
FEFEHT
(1) L BT B AR I8 A
Ey. = f:[l— (U ()1, ]de (8)
Hoh B b i B B AR R G 5 U (o) Ry R BT R 3k
T A A S L PR WAL 5 U, 8 TG H R BT R 9 OE
PR (L 5 7 A B L R e 2 1 (R R s )
(2) HL B R 1 )™ B B 8 A o
1-U
S. = =0 (9)
Horp, U ko M AR 5 d Ry v BT RS2 18] 5 U, ()
SKHISEMI F47 £k b Ak b d X 9525 F B
22 HREEHBBEMZME
T3 BT FRL S B o8 2 X 8 B 40 2 14 52 Wi 5
SE BRI A X HL A 20 14 SURR AR B R S 2
B KAEERRIT R, & WL AU £ 1Y) LR 1T 37 il 26
VTC (Voltage Tolerance Curve) SFHIE", HOANH &
DX IR an B sk rh T A2 s o B BT RS X8 (XA
B C) kLR SRR £ X T HL R 7K 37 e ) AN B
X I, , 7RI DX 3k PN 4 4 WG TT BB AEH T ARt T g kb 1
HCBEIRAS o R[4 T I 9 e K HEL U, e/
ML U, e RAFEERT[E) T, e/ NFEEm ] T, 25 A
AH IR, 3 26 280 A6 PPl F R I B0 e o 2k



li5¢ ® 0 6 % Wi % ®40%
i B E S e 3 X F(U,Ty=Aye ) et e (13)

23 SRS EEAE

TEH RS S R AE AT, TR EA —
FE BT B B S RE T, L ARR A TR I AN 2 S %)
XA B A e B R A — A ER . C4.110 BE
A TARA L R 8 FH B2 S5 e P2 BT[] PIT(Parameter
Immunity Tlme)2”@@&X¢%Efjﬁﬁm@ﬁ$iﬁi‘ﬂﬂm] ,
L SR 52— E IRE R i R B R 3 ), i 2
SRR AR, i 2 R . KL P, YRS
BOUE AR 5 P, AT 52 (0 BRAEL 5 ¢, S0 387 B i A )
2 5 v, Ry ok AR 13 SE 1] 5 0, S ) IR S HOBR G Py, 1Y
Af

WEEH PIT
Poom
Primit
0 ey
4 L+ AL t, hnym|

B2 FRESHRERE
Fig.2 PIT of process

PIT & =L (10) iR o
Loy =1, — 1, (10)
PIT 42 A DAk L 28T - 350 ) 28 0 0 K 4
BET B AR, R DNN AR () 8 B A ARAE
24 RAHBHEBMESH
FR A b3 43 B, 25 R 0 g 7 28 i A RS Ak
B A2 R XA (B Il C T 3 B 15 45 1 B AUREME
P AT BB P 2R, T2 R AE S — AR ALK
f T PR AR B B S I 2R 7R IR R i A
70 8 1) A R PR A e H R MR U TR R R
SERTTE) THVE R 2 AN GE 11 37 09 25 F ML AR 1, i 1 Al
A5 pR B ) 1 R A, B
SW,T)=fU)S(T) (11)
o, fQU) R 28 5 T H R 6 178 e o ME >3 3 A
SOT) V88 5 T H 8 o A S8 B (i) 1% i s ARk 58 5
Ao AR X E B o2 i 7 AR 1 2 5, LR Y 1
A AT LA o R 3 ) s IR | rp A5 R
P R 4 e
(1) UM &
B 5 SRR TR S 1) B B I A % B R N =
(12) iR, Hak i & s 25 U, U, T
AT, FHK.

1
T A T
)R i

AR T8 8 0 v 7 o ) S 2 E T A v
" MR L 199 R PR B R R R 5 I [) 250 i e
MR A 2 WE TR, H A A -

o Ay A RS E G, w5 ) BRI U FF
LEEFIE] TR PRIEZE

(3) P S fUBRPE R A o

r AT AR 15 A 1 7 A R R 3 R —
AW IES S, =X (14) s .
o %0”*

SU.1)= 27O 0, ¢

Hr oo, 200 B RIS U FRRE2E 18] THE 3R

X v SR ARURR A B A, A Y L AR i 2 2
DI R B E TR AE ] A2 1 X388 C 1IN

(4) E UM &

o R T % ) 0 20 A AR 23 2 i pR B B 2
J B AV AT b s 27 A i 2 i T P 7 v T 2 6 0
I, O BT R 0 e g B AR AR . R BB 1
B R 3 3 A 2 B PR AN =X (15) BT

FU,T)= A et ), et (15)

4 Tl SHL TR 7 28R TR S 100 1550 R MU 2R 28 S TR S B0
AN 1 R, SHIUES % SCHR[19] 03X 4 Fpfi R
0 7R 15 45 10 A I M R = 4 A L U B 57 A TP A3
Fim

R AMABAREEOYERREERYSHE

Table 1 Parameters configuration of malfunctions proba-

. 2
T-pyp

} (14)

o

bilities density function for four typical equipments

Uik 4 eS| e M A 8 R SO
RS gugtE T,,=1ms,7,,=1ms,U,,=1pu.,U,=1 pu.

[BR1022E =175, 1,=0.74,1,=0.0125,1,,=28.57
rh AU 1,;=95,1,=0.775,0,=26.67 ,0,=0.012
e R w=15,1,=0.81,1,=0.0125,1,=28.57

2.5 HEFREFRANBNFHEIEDE

HL T T o 5 | 1) 0 D 0 2R 5 L T R R )
(] W {EL L PIT | i3 AN B 7 IXC[B] A L I 3 57 e ik
(] 120 A RV OG . BRI Z AN, i A A SRRk
RN BRI | o B R 2 TR R PP Al A R v
67 FH A R0 A 1] 14 2% 4 B2 ) S e FL ) PR R A
E2HoH .

3 REERZFmRKINELR

3.1 EEiRiE

F T DNN F0 B 27 [ 280 5 430 2 T4k B 750 g A
AR 3 s, R B S B R S e 1
S YR AT A S 40 i I — b b 2
$5 4 DNN T [ 28 AR ARSI L I 4 4 iy ] 33000
DL RE VAL 555840 o
3.2 INEEAREHEIG R

R T S U2k DNN B 55 B AR A S it
B R HE T B AR R TR | R Y 28 A R



5 6 A

OB A TR BE 2 16 26 B v R e 28 BT I R DA AR A 5

R2 BEZEREFHEIEEPFERENEX
Table 2 Definition of feature vector used in prediction

model of economic loss caused by voltage sag
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estimation for voltage sag based on DNN
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Abstract: In order to further simplify the process of economic loss assessment of voltage sag and improve
the applicability and accuracy of economic loss prediction,an estimation model based on DNN(Deep Neu-
ral Network) for economic loss caused by voltage sag is proposed. The characteristic factors affecting the
economic loss of voltage sag are analyzed. The 19-dimensional feature vectors are extracted from the sag
information, industrial process information, sensitive equipment information and users’ basic information as
input vectors of DNN prediction model, and the economic loss results are taken as output. The DNN pre-
diction model is trained based on Tensorflow deep learning framework. On this basis, two data augmenta-
tion strategies are proposed to effectively solve the dilemma of few sample data of voltage sag. By con-
structing four DNN architectures, the effects of different random inactivation probability, number of neurons
and depth of architecture on the accuracy of economic loss prediction are compared. As a result, the
trained DNN model can extract features accurately, converge quickly and predict economic losses reaso-
nably. Finally,the DNN model is trained and evaluated based on the actual voltage sag sampling data of a
large electronic industry enterprise in China,which shows the effectiveness of the proposed method.

Key words:voliage sag;economic loss;deep neural network;dropout layer;data augmentation
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Fig. A6 Distribution of loss value with iteration times based on the proposed four neural networks over training datasets
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