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Recognition algorithm of electricity consumption information of an electric energy meter
based on an adaptive Bezier curve network
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Abstract: The power sector can collect user electricity information quickly and accurately using computer vision

technology. Given the problems of low precision and slow speed of traditional algorithms, a recognition algorithm of

electricity consumption information based on an adaptive Bezier curve network is proposed. The framework integrates

detection and recognition, and realizes end-to-end text location and prediction. The detection end extracts the feature from

the input image by combining a feature pyramid and residual networks, and generates a Bezier curve through four control

points, which can better fit the text box. A convolutional recurrent neural network is adopted at the recognition end, and

the gate recurrent unit is introduced to replace the long short-term memory network, and is then combined with the

attention mechanism to recognize the text. Finally, five ablation experiments are carried out on the data set for

performance comparison and evaluation analysis. The results show that the recognition accuracy of the algorithm is up to

99.08%, and the reasoning speed is fast. It can be used in the practical application of electricity consumption information

detection and recognition.

This work is supported by the National Natural Science Foundation of China (No. 61976042).

Key words: machine vision; adaptive Bezier curve network; electric energy meter; end-to-end; attention mechanism

0 35

HRME MBI ETA, EHEEETK
HEEEEH . KA TIRITENRFKIUL G K
AR DIRERT RIS, TR HIZ) T LS R
R S50 BRI AR f BRI HER BRI B

HEWE: BFHAHELLTE R
73+ %2R B F-8h (XLYC2007023)

£ 8h (61976042) ; >LiT3k

RV HERX TR ARG EEE
ﬁ%ﬁ%ﬁﬂﬁ’ﬁi@?ﬁﬂ? %ﬁ%éﬂuuﬂc, n
R R ARG HRERGD SN SR
A . BT AL AR I B R A5 S AT Uy
2 AT N BTN TR RHE R T iR AR T
TRIE 2 SRR 755 o ﬁé?)\l&frﬁﬁﬁ’]?‘ﬂzﬁ%
Sl F 105 AORMURMB AL, FEXS SOAE Btk
R, 40 SCHR[S-61R H — ﬁ%ﬁ&%ﬁ;%}“
B, SE RN EUN UTRAEE AL, RIS



- 134 - ® N EREFEEH

ZERHEBEAT RN . fEOCIR T RN, XRTVERA
B RS s T IR AEAR RS, EATR R
WESZZ. Fih, BETFLRHRERITEAE
THAE 7 ORE RN AN a1 HANZR ) EERLG,
SEBRAS I ROR I AN EAE

FEFURBESE S T35, inSCHR[71EL YOLO i
RFERE B YOLOV2-Tiny A8 HLid & fir
HLFREX IR, ARG 4 B EFH CR-NET® RIS AL g
PR 22 0 28 O R A 7 AT R R, B AR
T HERA R 1K 2] 89.5%; SCHR[10]7E L AL _E 4 X 2% T
G, T RN YOLOV3-Tiny & A AR 5 2%
AL, TR U MERR 2R B 92.13%; SCHR[11][H
FELL YOLO g3, i H] 2 BE B 73 75 123047 1R
A, REBHERRFRIEB] T 93.61%: SCHER[12]32H T
ABCNet(Adaptive Bezier Curve Network), 1% 454E
5 U T4k, RIS A T k2= I 2 g
fiF 47 5 P U A AR, i P D26 /K i 2 10L& 3T
ACHE s R I SR TR T A R B R 2 A %
(Convolutional Recurrent Neural Network, CRNN)H]
BERPINGEE, HEWHFRIAR] T 93.56%. 28, M
AT N T AR 7D, R B 2 S kU
PR, SEEFRTT 7RI R R RS RS

AR SCERR L ) LS BT R e A DU 5 1l B
Fe, PR A X 2 RE A I R 2B 2 T 99.86%,
PUNHERA N 99.08%. A ZTTHRATR .

1) FESCARGIIT T, oot 7 AR IESR IR 2%, 3k
BT HEFEENEFE L £ ERESES, ok
PRI R IELE N, i JE T8 S B
%, SMERFSELFOES, Nk
MZREETFER. RERIIAREE G2
MR T RGERR, Al D RAHE, Xk
AN e T Y R 2% 1R A i R, T FLARAE 3
9 0 28 A 12 v L A A T 2 ROBERFAE A g

2) FESCAR T TH, Rt 1 FE T 2udt CRNN #)
MAPRIFE . EY, FriEMI4s it IR0 55 M
45, SRAEMRE AN PR FAE R SR A BRI, KR
LN G| Ja AT AN, SEI BRI IE A1 SCA
XFF. BRI, FERBE R ST R I g
(Gate Recurrent Unit, GRU){ % K5 #1012 (Long
Short Term Memory, LSTM) £ % ¢ 4iEJ7 51 £ 47 4
fith, A FH 5 i 2 AU R R B A 43 2K
7% (Continuous Temporal Classification, CTC)XJ4¥
TEFPHUBEAT fifft, 1325 MIRA A R . RS
K] BRIEM ] LR TRV R GRU B 51 A T]
DA b RO 12 L PRARRRE Y SR IR B8 s Y UML)
PR RCORA B B3R Tt .

3) BT 0 PR S AE R I 5 05 T4, sk
BT ity 1 ) SCAR 52 S AR A, LA X 8% 435 ) T B
R LR RS, XRRE . 90t KA
BT R BATT IR

1 HEXIME

1.1 3FAEN

AR ETIE AT UL 4 Fh2AY . BT [EIAM
HiE BT BT 2T A4 o (Giant
Cerebral Neuron, GCN)IW 7 AR TR G ik
AT R B AS R AR B HLAS I TR 4R 1 SCAR
RRDUSI7E SSDU kit | 8 s e A HE , LAIE S A
FUIUTEAR ) SCA, FF ek A L AR By SR R 22
Textboxes++"1 I 2 4 25 B Py A% R4 HE L 0 AT 15
oG DRI & R AR I SCAS . IX S RE ) R PRVEAE
THMENL B L E 4. S[R3 5% CTPN
(Connectionist Text Proposal Network)™" {137 2 4b
FET 5 N ELHEN LA, AN [FRSE I SO T AR R
Z A [ 8 T BB, Reg il 2 REEZ1E S
A ZREIRIA 2 AOAE T AN {h SO R
FEATR o N T RRIRBE 5 2] BEIRFEI KA i SO
KRS FEAS R R 8, SCHR[22]82 ) EAST 5%,
ZEEE T PRSI, RE EIE IO S TRAR S
A, BETFIRT R RIS HAP IR
SCHR[23148 1 5 TR 3= 20 I i i R e
7%, AFE131Z 15T DMR i & B T i 28 SCAR DL X
S EE B EOE AT » (BB T B BVER 5 B oy
FGEE AL BRI R . SCHR[24) 48 R A2 T
AR () B A BRI 2 AT IR P o) SR A, 18 N B R R
1H 0L AL B TR SRR, AH 2% T2 R
VARSI
1.2 XFiR7!

b SR I B T SN A R,
F RPN T Z AN R B R 1) R, AH A
AT L HEBAER R G A w22, EEAAE LA
HRFFRA R — A CTC IFRIRA GTCP,
AFH CTC #HATHEA ST, FFMA GCN EHH
PR I 28 e i B Y SRR e 7, AH I 7] JiF 1) B0 5K
LR 2k . 3 RS IR FE R S TR L
il 575 (Attention) ™), $REL T —FAAE RNN [T
%o SCHER[28)7E ML AEAl B3 1 A1 A (A AH B 52
W (P9 J1 77 560 SCHR[291F2 H T —Fh2ET CNN,
RNN FIVE 7 AU 22 j) 2 A 0 B0 33 S iR
AAETZE S, (HAN R ZARTE T A7l 7R SR AT H LT
FERE R o 85 = Fh 307 R B B2 R A a8 P
(Aggregation Cross-entropy, ACE), 04 —AM (8] 7



PMEN], 5

S DUZE IR il 2 0 2% (1 HL 2R ] HLA SR BB B0k - 135 -

ST IR AT R G H A1, BATHER R,
T WA R
2 HiERIE

ABCNet & —>0J ASEH S 21 )11 2k ) 09 25 A
0, AwEWUE G BE, JFEEITEN. BE
A 3 /MBI M DUZE Rk I X 2% Kk
TUER VU RS, B AR SEHES &l 1 By

e B EEP RO B 50 RRIREMA
WA AE B TGS, FARRAE 4 7 B 0 4 U SR SR B
ANHTEMEARAE; SR 5 I8 R T U8 R il oA 55005
() B B T D) 245 D2V DL A o5, 8 3L A B R (Y 2
ol Dok R SR B ISR BAE s I
FAEVCAC SR, H XA SRR IR T X 555 fda
A —NMR R ST PR AT SRR, IR

e HRE S IR 2% HEE /7

A A7 3t e 25 R R AL 2 2R

AVl

i =45

1 PR EIRLEH

Fig. 1 Overall network structure

2.1 BFMLE

BT WL A AR ZE 4 R R, W 2 BT o
T, FIHTRZEM S SEIURIE, B2 0 REIE AT Rl
AT, BRGNS SCA L B ANE SGHEAT TN . o, 3
MBRHIT—HER G, BURRHE RS AR R —
P —2F, BEHA AR 2 5. ZFREMKE 2
FRFSEH): BTNK] 1 BINK2. 44FAE B R SFAS
ARFEI, A BTNK1 S5 Mt %R, MR EREIR
SPARTEIRS, i BTNK2 45307 1E 2. J-KH 3*3
BRZLHAT IR B, W L R R R TR & R
FORFER B AR RAE, KRR RS K 2 £
BJE, R RAERRIRHE LA IR 2 AN E 77 20
HATRFE AR A o
2.2 MEREEHEXEL
2.2.1 NIZE/R 2k

L2 R i 2R P3AT DR R U 2 i AP R
WS HA M2 c(r) , HE X AN

c(t)= Zn:biB,.,n @), 0ssr=<1 (1)

e n FoR NUIEIR B ZR BT KL b, o5 @ ME
ms B0 FRmREEHEEZ A, o XA N
B, =Ct'(1-1)"", i=0,---,n )

K, € REZ TR R MIELR LUK LRI E
R 2 =31, W] USSR IR SCARAE .

K 3 R AT AR B HISCARME R B, AL
Freh 8 NS AU, BLAE 4 ANTIR KPR B
(4 =557 e AL ER 4 6] RH A
Jl— 2% DUFE R 2. hRiE s KT 4 A, T DL
RN TIHRERIRI 4 MR R RIS HA S
L2 U TEARER) V28 /RS HU .
2.2.2 DUFEIRR ¢

N T S B I Sk, 38R IERE U X 2% 7
SCHTHEAT — P TAL B4R, BIDHE e SCAR XU A
AR 5 S — ST AL I o AR 5 7 i
FEAHE 3 MU % BOGERX I FHE, BO%ER X
AR TR SO A 7R AP,

AR W ZE R RHAEIL VAR T — A Hd
DUZE IR X 55 M 2% (Bezier Align Network, BAN). ‘& 1]



-136 - ©h LB SR

#

ResNet50

Staged BTNKI

= <

s ~
/ \

¥
[ 1*1/1BNRelu | [ 7*7/2BNRelu |

[ 3*3/1BNRelu | [+ Relu |
4

1*1/1 BN -

/

I¢

-
/ N
AN
L [ sk | 1%1 /1 BN Relu \
BN \
"

A 4
[ 3*3/1BNRelu | [+ Relu
4

/

ok

1*1/1 BN .

E 2 BFMEEN

Fig. 2 Backbone network structure

B 3 XAHERS
Fig. 3 Textbox instance
QBT ZAFET . RAEPUR T LURAE R AR, A58
TEHER) S AFIR ], 12777 AT AR I Ak A AN RAAIE
TG R Rl MBI AL B AR g, (g, 84) 9B,
KB G M2 it R 51 (4) 5

(3)
t= g%
wol.lt

gi gi
L 4—tp-(1——};lL) 4)

out out

e R, A, 23500 o R TR R A P v R AT

s ¢, b, AR LR IR IR b RISt AR s
0, FRIRFHE Lo
2.3 EF CRNN RISCAIR BlEBR

RN T E R S, SCRIRAE R B
I LR o 2N R SR H 1 AR IR B R AIE 3%
NTEFR, 28 00 28 Fieil B it J7 91 AR 25 o3 A, SR JE A
F CTC AT RRD, K RFE AL AR 2R 51 . B
HERY CRNN BRI ZE RN 4 Fios. B 5l NTTEETEER
BOTRE KIS, HAE TR SIS

opsz-

[ 4 pifEH9 CRNN 82
Fig. 4 Improved CRNN model

ARG 2T CTC, IXFEA AT LARRAR W 25 1 B %
%, 3BT AFETH 2 IR P B
2.3.1 PR

28t DUSE IR S A EE 1 G 8 B R B Rl —
(R BERIE L, T LATE A A B R E SR U 45
FOEEE R Wik EFSE R B S InA S .
N BUGFRAE AT DA A 58 B e i 3 Bk )2, AL g )
L2 . R RERUSIERE, WU



IET,

BT DLZE R 2 ) 2% 1) P AR A RS R U9 Bk - 137 -

THERURFEP 51 o FRAE P 51 R AR v D2 BLB A
AL, WEBLER—MEE AR —ANRHIE R &
W2 UL, RRIE A K R RE B K,
TE 21 1 5 ) Ay ] 5 500, B — /MR SRV

Rk —LimAN T ZRHET5, ik L8 —%F
G X N—AMRES, BT DG 2 R 3 2 BEAE
ﬁ%ﬁ%k%%ﬁ?ﬂﬁﬁﬁ%ﬁ&ﬁﬁ%ﬁwo
— K H tanh R EE Logistic BAEUE NH0E BR%L,
TEEAT IR IR R 0 A 20 % A6 o PR 2 B o P AR
MG, sl 2R 2% AL E 240, GRU 5 LSTM
—FEHR T Ve K 2 AN s ) A 3 R s Y AR
FORRFERENE A, EEE S NEE IR HT R
1B UG PR A 25 I 24 BR IR A 1 1 20

ZRER| R GRU M2 HagiEE—ANJ7 Ak
W BRSO R, A SCR A MU GRU, M
FEAEFF A IR J7 T AT P A a2, 4R 5 - PF s
B — AP IRFIE 751« XA GRU P25 25 ] 5
Fise IXFERIRRR T MY GRS 2 RNN 6 B2
H R B TR PR E 1) A, i EL AT DASE G s 2
B RS (Al N ERER R

NN E
Hﬁ

h(l) 1) (1) h(l)

B 5 XW[a) GRU 54
Fig. 5 Bidirectional GRU structure

2.3.2 fifrh 2%

FAAT R 48 02 B BTN T VEE IHLHEI W GRU
PR e B A% O SE AR B 7 41 AR T A5 AR AIE
P AN A, SRR R ER. R
JINLHI R — PP N = 1A, YR
HANN 5 5 2] 54 R BTV - b 7 45 e R
FEXTFF AR RN, S sm BRI T s . R A
MLl 6 B,

llllll ilis

1‘ f ‘t

| Atentions |  mE M\\

\ "‘, """ \ e SN T .
B 5 T \\ EL [k A T %L
: — N DRt - bl
mncl NN \;EEI; i1 f
4 : N Comm il
ﬁ:’; | HERREN DR NE NONHE By [T W
o — — RN
Bt P i
~QO———-0——:
N B
/ T 1 .
Rz mE N [EE=

=2 )

6 EEILLIENH

Fig. 6 Attention processing mechanism

b b, RSN QKV AR, H Q
REE W (Query), RIELLHLRFH; KACRKRLE
B (Key), RonAE— Ml REAFAE B R ey 515 1
B P HS MR, BIOY V(Value). Bl Q
5 KT — AR AR, AR Ul VR kE

P RIBCEAR HEAT INBOR AT, 8 AT LTS 2 Attention
Value(VE = ) R m R H e, , MAUEAE
a,, 43 BT (5) FIa(6) 375«

e, = w' tanh(Ws, | +Vh, + b) 5)



- 138 - ® N EREFEEH

exp(et’,.)
S exple,,) ©
K w. WRIV NG RINEE; s, RoniE
B R R T b RN E . EAE a,
(ENRI A5 RS S e L T B g, -

8 = iat,ihi (7)
i1

VE RN B IE R RN, e — AN )
X AN EER I E S, .

(x,,8,)=rnn(s,_,(&,/(y.) ®)

Xb: (g, /(o) N g 5y 1) one-hot RN ; ran(-)

FREA I GRU HIMBRRRE  Hoba B A I M

RSB x, fls, RoR . KH xSRI 241025 1)

= Ky

FIF o

ti

p(y,) = softmax(W,x, +b,) ®

y.~py,) (10)
X — PR AE CBIAL,  &n] DA B U 2
T 24 8 A5 B .

3 SKWEERERS

T R BT ) E R A I S R AR R A AR
P, TR REWEE LT T 5 HIERRSLLS, 4
(1) IEBGE 5 42 H ) SCAR I SR AE A HR 4R
FE SRR o3 AT X L s (2) PR TR 22 I 2%
() 45 K RN IR BE B AL R 5 s (3) X EEAS[A Epoch
X Eh TR 5 (4) XiF U SCARR 1E 9 268 6 R 1 1
Wi HIS0; (5) XL CTC F1 ATTN A A [FIH L)
VR ) AE AR
3.1 HiEE

SEIRUSEE FFH ] 2200 5K coco #% xR E LR
H¥ade. HAd, 2000 kT, FIRM 200 7k H
TR, EARXK IR & B S X k. TEE 4
HITRAL SR B, R A IG5 7 v2:, IR BRRE LR
Wk, TNNGRRSTLE 640~896 BEALEEL, &% Al
R RSF/ANT 16005 7R PR SC 370 Atk Y 15
AT 0.1 LRBIREHLR R . % H o B AR
HA®EHM.

3.2 SCIGYHTS

WA Z& 7E— > GTX 2080TiGPU &£ k{7145,
WEHHRLIKA 2. WIS 213 0.01, 7 HlfEERK
04 160 000 A1 220 000 B3 L 0.1, FAIEARIREL
N 400 000, YNZERHE KL N1 K.

3.3 jHRHSCIG
3.3.1 SCAK I R
9T SRR 0 B A AR A L B e, IR T

5 SESEAY 5 ROCARRINGENS, ERERIEATA
BRI EAT T REAT X EE SRS . WP fabn A HE R .
o] ZE MR VEAN TR AR (F 1B - 78 5k U0 25 R R
ICDAR 2015 A 5 R RRSIRE. & 1
LA T ASCRIE A A LR, R 1 T LR
t, AR IR E R i,
SEAE R R sEgah, Pz BEIEN RS BT
RLAIFTI -

#& 1 ICDAR2015 M REIFEAICMEER LIS

Table 1 Comparison of detection results in ICDAR2015

and electric meter dataset

Sk R WFER% HEEY% F18/%
EAST 83.27 78.33 80.72
PSENet ICDAR 87.26 85.37 86.30
DRRG 2015 89.24 84.69 86.91
ABCNet Ktk 93.56 89.60 91.54
AICTTE 95.28 90.86 93.02
EAST 92.62 9431 93.46
PSENet % 97.25 95.49 96.36
DRRG . 98.36 97.64 98.00
ABCNet 99.02 99.78 99.40
AICTTE 99.86 99.63 99.75

3.3.2 FRZE I 285 G5 H RN TR BE X AL Y [ 52 1)

N T IREGLIR AR RN % RGBT O . B R A
FPR IR AR B, e TR 22 Y 45 VR N RFAE B B
T W2, JH @k sziG % B ResNet34. ResNet50 Al
ResNet 101 7% 2 M &84T Lk, SEIG4E Rangk 2 o
7~, AJPLE Y, ResNet50 151 T BottleNeck 4544 [
Rk, TESEE RN RE 2 RIS T P
3.3.3 Epoch i {HE A 2 (1) 51

X 3 24 Epoch X[ #EWIZR M. AT LAEH, 1E
FHIE IR A E T, ABYLE Epoch = 400, loU
KT EET 0.5 81 0.75 BANFRAE T, Il ZRgh RARIA
BIFEARFEE .

2 FRIREREMGHIT LR

Table 2 Comparison results of residual network

with different depths
EEI= /% HE12/% F1{E/% ZH
34 91.30 93.76 92.51 63.47x10°
50 99.08 99.30 99.19 76.16x10°
101 99.12 99.45 99.28 85.21x10°
%< 3 Epoch 3hEMERIFMN
Table 3 Influence of Epoch on accuracy
Epoch &S ToU=0.5 ToU=0.75
100 0.0001 0.684 0.563
200 0.0001 0.906 0.832
400 0.0001 0.991 0.947
1000 0.0001 0.995 0.951




PME], S5 BT DUSE R 2 0 46 1ty H 3R Y P AE U SRR

- 139 -

3.3.4 W IE M4 HOA SRR 7

N THAE BezierAlign 7 IE W45 53 P RE BT
EHITER, 7 AE A BAN M4 %A BAN M
R BE R AR L HEAT T R SRR, X i g Ransk
4 Fis. ATLAE , S B IR 2 AL B R0 5%
AP AR RS TT T — A E 0, T HAEHER R
FETT R EA IR Z KBSMEFE. B e] I,
BAN X UM RE BA — 2 R THEH .

® 4 HEMBE YRR LR
Table 4 Comparison results of the effectiveness

of the corrective network

Hk T /fps WEMIR/%  BER Y% FAE/%
7 BAN 22.8 98.06 99.15 98.60
H BAN 22.5 99.08 99.30 99.19

3.3.5 FE T AL U 0 HE TR Z 70 B

WONHERR R B SER 5 R AR 5 Fron. A& s
A A1: GRU A LSTM (3HER R A Z A K, GRU
Wi, H GRU BIRUKIEEERAD 7S8R, B
IR TAERY s SINERIHLEG, BRI AT LS i 3k
BURFIEAE S, WERRIRTT T 3.33%, {EFENt. S
A L (B BSR4

&5 NENGIEIR B EME LR
Table 5 Comparison results of the recognition accuracy

of different mechanisms

WL HERE/% FEIS /ms ¥
LSTM+CTC 95.69 132 52.72x10°
GRU+CTC 95.75 9.8 42.58x10°
GRU+ATTN 99.08 16.5 46.16x10°

3.4 LIEER

PR S R T LSS Sttt 7 B
fia Hh 4 R A T (1 502 AR AE 7 41 45 1 v T A E A 1)
MR, BESEEET 1, REnEEES. H,
NN CTC SRR 5 0 25 3, Ay A S
SN EA R g E sy = WALy Kiil= RFR:] 5o HATHIEZ T S GEh
SFHCATPAE Y, ASCHZEEA LT 4 i,

1) ARSCATH R, SO XA I 1 R 2 %
o, RS2 R B 4RI AR LB Zh S5 R R
W, RERCTNE AL AR SCARIX S A2 T, 2K
R T 27X, B 7(a) iR .

2) R, R, V5. YRR R
SR, Attention Y% AR FELER FH FELAS EAH X HERA
HRI R ok, BonME EEAR . B 7(b)FTR.

3) A ERARAN IR ANAH R 45, Attention 532
A LAk CTC SR L B AR s sk iR 22, 131
FEEEE &, WK 7R,

4) bR 5/6/8/ AR, LGN CTC Hik
TEFRF TN, 255 14k, 454 Attention ALY
PUNEIEE R ZE AL, W 7(d)FR.

[ o

RE

bt A M R P 2o 7y E’\]ﬂq‘%f?j\joﬂﬁz

Tl

B R L 1 w5, SHUED ISR N0.752. 0.629

(a) KRR EE

SEhREfE. 11335.80 iHBIZ5 5L, 1335.80

SEPRELE, 1133580 RHILEL 11335.80

e

SEPRHUE: 124622 RIEF: 124622

YBREL: 1246.22 IHIAETL: 1246.2

JebRAE: 1800.38 AL 18038

SebRACT: 1800.38 BUHAE AL 1800.38

(c) AR FRF R RCR R b
——— P —
#¥00000108%  G&/T 17215 321-2008 #9000001088  GB/T 172 2008

SEBREE: 18562.75 RIS 18582.75 SCBREUE: 1856275 AMILE R 18562.75

SRR 1.56 HILER. Les

(d) ARBL A5 1R TR 500 R SR L
& 7 AT ERITEE

Fig. 7 Comparison of visual results



- 140 -

Y EL R R

S5 3R

[1]

[3]

T, B, R, % T HPLC R BEDER
BORAER P 2 AE R Pk o BRI 58 S S2 D). R
TR G RGP 5451, 2020, 48(3): 92-98.

WANG Hongxi, TANG Ruyi, WU Yidi, et al. Research
and application of smart meter reading technology based
on HPLC in customer side universal power internet of
things[J]. Power System Protection and Control, 2020,
48(3): 92-98.

INSLH, Bl &t/ RS A R G AR S
SN EHI]. B RGERY 58, 2020, 48(22):
76-83.

SUN Liming, YANG Bo. Nonlinear robust fractional order
control of battery/SMES hybrid energy storage systems[J].
Power System Protection and Control, 2020, 48(22): 76-83.
MR, A2, BRFEE. 5858 B IR MXGL 58
WA H M2 A MRUR AR )] ARG RS
P, 2020, 48(11): 10-17

HE Lijun, CHENG Shan, CHEN Ziming. A scheduling
model of a multi-microgrid system based on bi-layer
optimization with consideration of PCC power control
and bilateral bidding[J]. Power System Protection and
Control, 2020, 48(11): 10-17.

HU Zhuangli, HE Tong, ZENG Yihui, et al. Fast image
recognition of transmission tower based on big data[J].
Protection and Control of Modern Power Systems, 2018,
3(2): 149-158.

ANIS A, KHALILUZZAMAN M, YAKUB M, et al.
Digital electric meter reading recognition based on
horizontal and vertical binary pattern[C] // 3rd International
Conference on Electrical Information and Communication
Technology (EICT), 7-9, 2017, Khulna,
Bangladesh: 1-6.

ZHANG Yichen, YANG Xinxin, HONG Tao, et al.

Digital meter recognition method based on topological

December

features of image contour[C] // IEEE International

Symposium on Broadband Multimedia Systems and

Broadcasting (BMSB), June 5-7, 2019, Jeju, South Korea:

1-4.

LAROCA R, BARROSO V A, DINIZ M A, et al.
Convolutional neural networks for automatic meter
reading[J]. Journal of Electronic Imaging, 2019, 28(1).
SILVA S M, JUNG C R. Real-time Brazilian license plate
detection and recognition using deep convolutional
neural networks[C] // 2017 30th SIBGRAPI Conference
on Graphics, Patterns and Images, October 17-20, 2017,
Niteroi, Brazil: 55-62.

SHI Baoguang, BAI Xiang, YAO Cong. An end-to-end

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

(19]

trainable neural network for image-based sequence
recognition and its application to scene text recognition[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(11): 2298-2304.

JEaz, BRPE, RIKLL. HEF YOLOV3 441 LR 3K
WA tHEVLRGRH, 2020, 29(1): 196-202.
GONG An, ZHANG Yang, TANG Yonghong. Automatic
reading method of electric energy meter based on
YOLOV3[J]. Computer Systems & Applications, 2020,
29(1): 196-202.

Jia e, KIBZR, RWMH. S5ETREMEMN%MNZ
B> KRB A SR T ], tH RN RGN
1, 2019, 39(1): 223-227.

LI Jianbin, ZHANG Xudong, WU Binbin. Automatic
display number recognition method for electricity energy
meter based on deep neural network and multi-threshold
soft segmentation[J]. Journal of Computer Applications,
2019, 39(1): 223-227.

HE Kaimng, ZHANG Xiangyu, REN Shaoqing, et al.
Deep residual learning for image recognition[C] //
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), June 27-30, 2016, Las Vegas, NV,
USA: 770-778.

LIN T Y, DOLLAR P, GIRSHICK R B, et al. Feature
pyramid networks for object detection[C] // IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), July 21-26, 2017, Honolulu, HI, USA: 936-944.
HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask
R-CNN[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2020, 42(2): 386-397.

DEY R, SALEM F. Gate-variants of gated recurrent unit
(GRU) neural networks[C] // IEEE 60th International
Midwest Symposium on Circuits and Systems, August
6-9, 2017, Boston, MA, USA: 1597-1600.
HOCHREITER S, SCHMIDHUBER J. Long short-term
memory[J]. Neural Computation, 1997, 9(8): 1735-1780.
FUKUI H, HIRAKAWA T, YAMASHITA T, et al
Attention branch network: of attention
mechanism for visual explanation[C] // IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), June 15-20, 2019, Long Beach, CA, USA:
10697-10706.

LIAO Minghui, ZHU Zhen, SHI Baoguang, et al.
Rotation-sensitive regression for oriented scene text
detection[C] // IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 18-23, 2018, Salt
Lake City, UT, USA: 5909-5918.

LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single

learning



PMEN], 5

S DUZE IR il 2 0 2% (1 HL 2R ] HLA SR BB B0k

- 141 -

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

shot multibox detector[C] // European Conference on
Computer Vision, October 8-16, 2016, Amsterdam,
Holland: 21-37.

LIAO Minghui, SHI Baoguang, BAI Xiang. TextBoxes++: a
single-shot detector[J]. IEEE
Transactions on Image Processing, 2018, 27(8): 3676-3690.
TIAN Zhi, HUANG Weilin, HE Tong, et al. Detecting

text in natural image with connectionist text proposal

oriented scene text

network[C] // European Conference on Computer Vision,
October 8-16, 2016, Amsterdam, Holland: 56-72.

ZHOU Xinyu, YAO Cong, WEN He, et al. EAST: an
efficient and accurate scene text detector[C] // IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
July 22-25, 2017, Hawaii, USA: 2642-2651.

LI Xiang, WANG Wenhai, HOU Wenbo, et al. Shape
robust text detection with progressive scale expansion
network[C] // IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 16-19, 2019, CA,
USA: 9328-9337.

ZHANG Shixue, ZHU Xiaobin, HOU lJiebo, et al. Deep
relational reasoning graph network for arbitrary shape
text detection[C] // IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 14-19, 2020, CA,
USA: 9696-9705.

GRAVES A, FERNANDEZ S, GOMEZ F, et al.
Connectionist temporal classification: labelling unsegmented
sequence data with recurrent neural networks[C] //
Proceedings of the 23rd International Conference on
Machine Learning, June 25-29, 2006, PA, USA.

HU Wenyang, CAI Xiaocong, HOU Jun, et al. GTC:
guided training of CTC towards efficient and accurate
the
Advancement of Artificial Intelligence, February 7-20,
2020, CA, USA.

VASWANI A, SHAZEER NM, PARMAR N. Attention is
all you need[J]. ArXiv, abs/1706.03762, 2017.

YIN Wenpeng, SCHUTZE H, XIANG Bing, et al.

ABCNN: attention-based convolutional neural network

scene text recognition[C] // Association for

for modeling sentence[J]. Transactions of the Association
for Computational Linguistics, 2016, 4: 259-272.
WOJNA Z, GORBAN A N, LEE D, et al. Attention-based
extraction of structured information from street view
imagery[C] // 14th IAPR International Conference on
Document (ICDAR),
November 13-15, 2017, Kyoto, Japan: 844-850.

Analysis and Recognition

[30]

[31]

[32]

[33]

[34]

(35]

[36]

[37]

SMITH R, GU C, LEE D, et al. End-to-end interpretation
of the French street name signs dataset[C] // European
Conference on Computer Vision, Part I, LNCS 9913,
October 8-16, 2016, Amsterdam, Holland: 411-426.

XIE Zecheng, HUANG Yaoxiong, ZHU Yuanzhi, et al.
Aggregation cross-entropy for sequence recognition[C] //
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, June 16-19, 2019, CA, USA: 6531-6540.
TIAN Zhi, SHEN Chunhua, CHEN Hao, et al. FCOS:
fully convolutional one-stage object detection[C] //
IEEE/CVF International Conference on Computer Vision,
October 27-November 2, 2019, Seoul, Korea (South):
9626-9635.

LIU Yuliang, CHEN Hao, SHEN Chunhua, et al.
ABCNet: real-time scene text spotting with adaptive
Bezier-curve network[C] // IEEE/CVF Conference on
Computer Vision and Pattern Recognition, June 14-19,
2020, CA, USA: 9806-9815.

LORENTZ G G. Bernstein polynomials[M]. American
Mathematical Soc., 2013.

LI Hui, WANG Peng, SHEN Chunhua.
end-to-end text spotting with convolutional recurrent

Towards

neural networks[C] // IEEE International Conference on
Computer Vision, October 22-29, 2017, Venice, Italy:
5238-5246.

HE Tong, TIAN Zhi, HUANG Weilin, et al. An end-to-end
textspotter with explicit alignment and attention[C] //
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, June 18-22, 2018, Salt Lake City, USA:
5020-5029.

SUTSKEVER I, VINYALS O, LE Q V. Sequence to
sequence learning with neural networks[C] // Neural
Information Processing Systems, December §-13, 2014,

Montreal, Canada.

i HER: 2021-08-28;

&M@ HEA: 2022-01-26

EEEN:

Wage (1972—), B, 4, g, SARALEFR, HR

75 6 A % fe A 5 AE X 2 %) ; E-mail: sunfuming@dlnu.edu.cn

M5 AL X257

& A1992-), B, MEMRA, ARG EAHE S
E-mail: 863450662@qq.com
ks (1963—), 5, @44, W, 8, R

B AHALFEEEHE F 3. E-mail: xmwei@dlnu.edu.cn

(%3 5 )



