Computer Science and Application HHEHLEIS 5 M, 2023, 13(9), 1655-1664 Hans Y
Published Online September 2023 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.139164

BT REZE I 5 & x84
RANRG LN AR

IR, RBER, FAR, BRE, 2R
AR PR FHEATIL IR, R ]

Weks . 20234F8 H3H; S HEM: 20234F9H1H; KA HW: 20234F9H8H

H E

BURRR AT HME B R GUE F R 20 HUHE BT E i N B U R\ Bm gt it 50 dreedy. &
SRR — TR S M BB, XEMIE BT BX F BT 08 RAELUBGE EXTLSTMR
ZHATIAL CAIR T W 45 B B AR B, 53 SR A GANR S iR 4R BEAT T 3858, 3E— PR T VIR R
HMEHRERAE. KRERRY, FEN T AR 2 S PR RIEE]99%, FEEHEE70.1
B, WRHMEIFARATR. EEFMADFIHIE BRBO MK GLE R (BT, BRERF T B kS HI75
BHER, BARERINARTR.

KA
BEES], #ika#, HBFEA, LSTMMZ

Research on the Application of Address
Segmentation Algorithm Based on Deep
Learning in Power Service Auxiliary Input
System

Fengchan Guo, Yiliang Wu*, Xuliang Luo, Tinghui Lu, Cuimei Liu

Guangdong Power Grid Co., Ltd., Jiangmen Power Supply Bureau, Jiangmen Guangdong

Received: Aug. 3", 2023; accepted: Sep. 1%, 2023; published: Sep. 8", 2023

TEIEH .

XEFH: AL, RBR, PR, MEE, XERYE. TR bk 5 BB LT B LS BISR N RS LW
NABFRD]. HENEE SR, 2023, 13(9): 1655-1664. DOI: 10.12677/csa.2023.139164


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.139164
https://doi.org/10.12677/csa.2023.139164
https://www.hanspub.org/

AL &

Abstract

Information systems in the modern power industry often require specific formatting of address
information to improve data analysis and statistics capabilities. This paper proposes a deep learn-
ing-based address segmentation algorithm that separates address information into administrative
divisions. The LSTM network is optimized using the ELU activation layer to enhance overall net-
work performance. Additionally, GAN networks are used to augment the dataset, further reducing
overfitting during the training process. Experimental results show that the algorithm achieves an
average accuracy of 99% in address segmentation with an average computation time of 0.1 seconds,
meeting the requirements of auxiliary input systems. The algorithm utilizes the segmentation of
address information to associate it with the corresponding power supply bureaus, thereby further
enhancing the efficiency of electricity service processing. It has great potential for application in
the power industry.
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1. 5|15

B 55 AN A, ARV 55 I R 2 o i 2R N 015 2 H 2800, iR w5 AR,
BRIV BISRAN R GEREAT W AE B RN AEE IR LS E B, bk 826 o 115
BZ—, MHIEE R RF NS RAFIEE 2 E . W X3 o S DA T T 8ds i gt 50

AT T bk o3 305305 O — @ IR gT, % A ks 007k R 2 BUR LR 1) B0 i 5
R[] BT HOBOE RN, XAE A R AT ] BN, WRABOE SRR (s . . X A
VN BT, JFIE RN ATV A ASE B #. 2) ST FRFULECH) JTvA2]: s X sk
TR P RS FRFREATILED, RAAE 2Bl FIan, v DURE I8 I A B0 By BEH e 175 7 2t
7r#le 3) TG EIMIIAB]: MG A g oAb DI, SCRF BN A
Heya S b s ST bk 45 R AT 70 H . 4) ST SRR [4]: FIRIVE SRR bk 5 4 & AT
EERL, DAMORBEAT 2% Blhn, ATEMEH] n-gram i 5 AR ST bt 545 s BEAT G4, IR TH R R
A P AR ABE R AR R A8 0 foe (70 1

FEARGERIHAEAE B B77 kb, BEOBRIR A 1) bR k. i TR B R A
ZREVE, AR X A AEAR U AR A R a0, AL X kT e A X G R B X A4 S TR
FLE IR, A et DO 7 B TS BUE N PRI (S R . 2) 1B S RIEMAHEVE: MUk Bl H 2
HANTHABGEEFMARI R, BHRET SRS MAFEE, BIIANIEEARFK D&, EEA
IS XL E AT RE & IR Mk E BAEA RN AN AAERCRE S . 3) W A7 A fESEPR{l
R REF, SRR R (i b, 55 TP05%), MIRE UM, fE1F bk (5 A7 AR 1R Bk 17 55
TEOL, TSI L 7 B8R - 4) THEEBTIRAOBR A« A% BE 7 SRR AT 75 BB R AN R )il v Ty s RO AR
PRSI R 75 B R AT BB, UG I 1 SR B vk s B AT [ A . ZR G B EAER,
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TINS5 BN R Ge b bk 5 i) B BRER P, T B BDUR B 2] SR S AR SRR = R U 3 A
T
2. REFINA

TRBE 2 S e — PR e N8R 22 2], B R BRI R AR s 2 2%, i it 2 E R
LSRR IT R HMT S . ER— MR B = ) EE, AT LUK EEE T B 305 SIRHE, R X
SR E AT RAR 4225, WP RARA. ESIHR. BRIE S S R MTS . TREE S SE A N 4 (1 )2 )2
&3, NS B R IGEEE i S S R R IER R . IR ERHIER R AT LR R S B b it — B A
BRI, RARBIRARRHEE R, RES ] CEAESNUIRIE T B RE, it FE LA Ak
R P REEI . BB S, ASRE S AU R B SCARAE G 1R T S HLE R, DR
BRI RG5%.

S ZEMNMAEGRE, IREF IR COEr=4 TIRZ KA, 8 WIRE SN R E8G.: GBRM
22 [ 4% (Convolutional Neural Network, CNN) [6], = Z2 8 T iHHHLAL SR, @il B2 Sl E ki
HEUE HIREIE, HH T BB BAsENEAT5 . R4 2 (Recurrent Neural Network, RNN) [7],
FEH TP ESE, SRR ARTRSERE. BB RSESH KERICZM 4 (Long Short-Term
Memory, LSTM) [8]5 | 4214 #. 7t (Gated Recurrent Unit, GRU) [9]. A= % 7T 1 4% (Generative Adversarial
Network, GAN) [10], H1 A= bl #s R A 28 P MR A B, @t preE Il ghm =, BB JrIREAR, i
BAER S SR REE . B 9 2% (Autoencoder), 3B 4 N O B0HE [E 45 PR 4E O gm it i id, FEMRAYIE R,
FHF B Fe 4 . RFAESE IO L ST 55 . VE R AL (Attention Mechanism) [11], FH T 43751 i G S
N RESE AR 1) i ) B A T B L () 4y, SR ALPERE o 7k 22 M 4% (Residual Network, ResNet) [12],
WIS SN JE R, AR RSN GRIS R PRE FERIE SEE R R I, BARRII M S50, TR
>](Transfer Learning) [13], @ TRYIZRGFHIBAL, FEBTHIAESS AT, IRUIZREEE, FHAEBHREL
AT SRS B A R . AE [ ARTE S SCASAL P (Natural Language Processing, NLP) [14]45i38, %
FAff 72 RNN AT LSTM 4%,

3. HiEAbIE
3.1 HiElEE

TR 2 ST AU AL B0 AL S A R B L e TAREESED IR, HAE — DR R EE DR
AR . St thhb 3 AT LS LR LA IR A2 R R0 3t e S B H0d i icdie . BURFHLAI R, . 4 %2 [ R0
X (P BURF LA S B 4 T A SL b hE 8, BN BUR . Geit s MBS 5. I S sl J o S 1R A A
RS, OFEHERA BE R ATEIX R MBS . R SRS SR AL RS . 04 1 R S AR 45
PEHLR, 41 Google Maps. LI . m i %, eI 3R 4E 1T iz s AL B A, GRS L A
HIE(E BAF . HACBARR L L. — 2ok R AR G B 4%, 1 LinkedIn, Facebook %, H /7
T AT e T AR B QRS B X BT A 200 F P SR AL kR AT A B AN IGAIE, W] DA — Pk
EHBEEAR I RIE . HETFE: L RMWEFES Ve, WS, WEE, HoEEYR @
FEAL TR L o X e B S R AF IR B R R HE B, v DAV N — AN R ISR SRR . TR - & -
VF 2 B A X FIBURAL SR AL T s P &, Kb e S AR 4gE, afEthhbddE . @iz
TFRBHETF &, AICURECE]— e A LR AR, b PR AT B BOE . AT EUX RIBESE . 7R & AR A
Hh b P R 45 P BB B L AF G U S R A b s (LA BT 1), HILEUR I 8 A T8, A K& BB AL
BUOR AR, A A SUBOR B2 2% IR I SR B oK o AR SC LA A 38 44 i P 4 Dy ik 500 WAc £ 11
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FeUE, BT APL AR . BURHIE . SRbHIR . 552 A8 T 4 [E 76 Bl 47 4
HEHOHE R . A SCIE T H ] APL LSRR Fh 2 M ik 305 100,000 £ 4% .

3.2. HuiEtEE

X TR B2 S B4, AELE R IAERYIZRROR, 72— BN ZRpT H B0 8d . B 1 o
(Data Augmentation) [15]5&—Fi i % J5 46 e AT A A 70 R 4 I ZREE e A= A1 2 FEPE IR R
LB G IEE s B RSB AT K B, ANIMAS BB REAS . e xR
ITIRFARAE, VLR MBI ese, MM AR B A AR A ERREAR . T EUGHAT PR AR,
W FEUGLE KB B A BB — @RS, AT IIREA . 47 0 BT 4iiuR e, T BUBCREL
AR RSE, AR RURBERRREAS . 38T 0 UG AT BB HRAE, A5 46 B A B AN [R] X 38
7 EUR, AEBCHTREA . M. 1 R A IBEA L RS, s e A L BRI AR A, B A
Rtk . B AR . SRR BE E AT R4, INSURSERE . WTECRE . MRIESE SR, AR RORTIIARE AR
TERHAT B GRET, 75 B R R R AR AR 2 SRR A5 B — B0k, B R 5 5 (0 Bl 45 48 B A 1R 1Y)
BXER.

AE 8 L S 384 0 7 vt T UG B A A (AR P, TR Al SOAR S, DA B g B 8 i JvE
M LS N, R AS SO A O 70 /9 2% (Generative Adversarial Network, GAN)JR S8 #5155 . GAN /& —
s 1R 1y I 2R A RS2 () T M B 2% STHEZE . B ph 2B i (Generator) F1:#) 51l 25 (Discriminator) 5 4™
W 2Lk, SR AE L3 4 1A 7 PR v A OB () AR BCRE . GAN ZE RN 1] 1 B .

Real data 3"
x
Discriminator ]——) D(x)

z —>’ Generator

Figure 1. The GAN structure
&l 1. GAN &i#y

GAN AR JFEERANTR : 2528 A N — AN BEHLE 75 ) & z, RN B A5 S S AR e
A RS 1) 2 A R TT RE AR S SR SR AT () A AR B o ) 2% B AT B S A A i R B x
PR, SRJE%H D) T T4 NS 2 S S Ba ib /2 A s « A0 25 0 32 B4R F R R mT REHEf
by W N PR B AR S S RN B e B 7 AR B e g, MBS R R, Ak
AR A B, R AL L FN AR AT R . ) 30 25 AR A8 A B 38 A B I A G A0 1 SR B AT
FIWT, XA AR A R g R . AR RGN B AR A B AT ISR, H AR R A AR s A U O &
LN L RIS 0 0 25 0 A B v A AN T4 . GAN (R s 75 T R DA AR ol i o o 1) B,
% 2 2 B L SHAE A IS TERHE, H AR EE PR EEE . ASCRA GAN MZAE ) 200,000 4
HEEHE, 2 B B 2 o RO E S 47 31 170,000 SR R -

4. 1RELGT
4.1. LSTM %k

KAFIHCAZ 2 (LSTM) & — R R PG FR R 22 25 (RNIN), B3B3 51 N T THENLEIR sk RNN
T P O S5 0 FE R A ) 1) . LSTM Sl 4 (5 B sh,  BERE 78 AL FE K IR 5% 2 (AT 55 58 4 St il
FARCIZ LB E B, LSTM Mg g5ttn & 2 Fixs.
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Figure 2. LSTM network structure
B 2. LSTM M4gL5#

-
Ll

—
»

LSTM M H—NakZ /> LSTM HItdl, A LSTM BT IBES =AM ARFEMITTEM: BRI,
WCAZ IR T T 76 LSTM BBt B ZIM A 2 A0 t — 1 B ZI PR (S BAE N, ik i an
AT RS BT AN FEBAS BR oR T {5 2 . LSTM S5 414 T TPR R sigmoid BRI %05 40 B s 4L AR, 381 1@
i sigmoid BUE BREG HE —> 0 B 1 Z MM, SRIEHIXS R BRI AR EERRE . EiR 0 &
IRSEAIRE, (L 1 R . LSTM P4 T A& 46 1] LAk R IR (1)~(6):

fo=o (W [h,x]+by) 1)
i =o (W [hx +b) @
C, =tanh(We -[h ;,x J+be) ®)
C, = f,*C_, +i *C, 4)

0, = (W, [hy, % J+b,) 5)
h =0, *tanh(C,) (6)

Hrr, tanh AXUHIEVIREL, o v sigmoid WG REG: x A t ISZIMEIA: f. i o v C ol t
I ZIEETT. BT B TS EMAIRE; C R RMIREIREIES: W, « W o W, W, 25
RFBSTT FANTTS F TS SRS S AR P AT BB UE: by« by by« b 7RSS
I BT R 1A SR MR A S st R v IRt 2 14 s 2

R FIATERE, LSTM AT LU & M Ab FR ] 7 A8, SEUIII IR Ao &R AN iE 12 . 51> LSTM
BT H S A s G B RE A S, B HESZ A LSTM Bot, 7 IMEE R LSTM %5, L
JS23%) B8 AT AR AT 45 75 oK

4.2. BB

LSTM 4% B A BURAIFRIBRE Sy, (H 5 5y FE I SR A0 i e A R R 0L H B P2V 2
(1 1] o A SR FH 51N ELU SRG J2 (1) 77 V5 R AP ST IO 45 25 5 Ao FEE 304 2 1 I L, LA v 000 ) 1
ELU Z5& 1 A0S R 2, R sigmoid AT ReLU . 3 bR B S T InAL AL & IR, B 45 Rl A e ¢
BRI o RGN AR B R — B RN, AZ AR IR AR O 0 1 AR . FEEREE: 2]
M PN R G, ReLU & — R g sl A & . fag N A& x 1] DLAIR IR X AN % . e 3R W] ReLU
2 0 AENE S i E. EELMBEAHMAMEE, 7 LS s e S et 24 A T
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A, JEISTEIE X A R EUERN x A B SRR — I . B P A S L BB SR B PV Rl . 57
Sigmoid &£ EYIZREARUAH L, 15 FH ReLU Il 2545 21 1 0 2% 2 B Wi Shali & B 75 i Ta) K K Jiak2b> o 4 A ReLLU
Bk RIIES, WG IR X TR R RSN A ReLU HEATERIFRET, IR
FIRHEE. 5 ReLU i, £ ELU RG4S, AvFLIHE T — AR THE AR 35 BT
W ERE . ELU BEFMNIEE, Euaut— N ES, X5HAMIIGEIEARF. BRAaEs, ELU A
ReLU AL, ELU B S =l 4 A ELU WAE . ELU 2 30inst(7)~(8):

f(x):{x,(x>0) 0

a(e -1),(x<0)

f,(x)z{l,(x>0) ®

f (x)+a,(xs0)

5 H A s A TAI L, ELU #R BT A odh 22 I, PSR AT DAL S S .
NS HIR /NG, ELU Jb 7 Rl R A B AR 2 R — 2 1015 B AL . A SCi@E R 5] N ELU JZ4R8E sigmoid,
ERERIE B S, NHEHAMERE, Wil TiZ8AE IR TR R @, S0k it g 1] an sk
(9), HudER LSTM Bt as /& 3 fir.

Ot =E|U(W0 '|:ht—17xt:|+bo) (9)

Figure 3. Improved LSTM cell structure
3. R LSTM B T4t

A8 Pytorch HELEHE @ B R TF RIS, Il R A1 LSTM 5 ek ) LSTM A5 43 51 AT )11 45,
153 2 MAFREERRET A R an I EE SR S5 1808 5 R BREEVE NI GREAR . ISR E SEunsk 1 fr
TNo

Table 1. The training configuration parameters

= 1LONSEEESH

UIZRACE ARZ4
Batch size 20
Hidden size 1500
Num steps 40
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Continued
Init scale 0.05
Max grad_norm 10
Epoch start_decay 16
Max epoch 60
Lr decay 0.65
Dropout 1.1

TEN R B 42 1 75 B A 2 AN A BSGIERT JS 1 LSTM 4% . [RIE, it b R [A) 4R
BN, TSR EIT 0~1 AruE A . A ST LR JURAS RSN FE AR K R R k47
AL, B ACC (FEHAFZ). MAPE (CFIIAHNT 20 tLiR %), RMSE (B35 % 2) & R? (L& L)% .
o, MAPE f1 RMSE FME /N, 356 WA 0 2 37 ) 5 SR AT s R® 187 A0 2 [ VA O R AR I 0L 5
R MR EIE 1, Vi WIS (0l & R B A o AR 7 045 SR 7T LAAS B SO AT S (1 LSTM G PPAN 48 b
W72 2.

Table 2. Comparison of evaluation indicators before and after LSTM improved
= 2. B LSTM RIEITFMNE#RAOXTEE

For AR ARy ACC MAPE RMSE R?

IRk 0.9873 0.0126 0.2658 1.2690

LSTM MR 0.9869 0.0118 0.2569 1.1256
LA S 0.9865 0.0124 0.2954 0.6952

yExs 0.9955 0.0035 0.2116 1.1243

U LSTM MR 0.9964 0.0034 0.2220 1.0226
B4 0.9897 0.0052 0.2305 0.8932

M2 A, KA ELU S3ER) LSTM MIZE SUAPERE EL IR LSTM W25 B 2 AR AL 5
5. RZigitr5MA
5.1. RGN

FEH S 2 rh, SRAVHBISRA RS SETHE B R ARIHERPE 52808 . AlBIRN R G807 DO 4%
ARBUAEL S . Bt SO e, PR . Al RAAAIIKER . B BeRIESE ThRe, WO #4715
BN MR R SO EEE 2 —, R RRAE SN A T AL e RS FORIR A, Il SALANASE
FAT BN e hE B AT 0 &, DUOTEREATEGR MG 500, NIRRSRARE, WIS ARGHE
LG ZIEARTEMIT R, FEIREFRO ST Btk ORI SORERr, Bl Bl
ol BRI N KRR . b, ot Beash AR ay 231 ) H bk ol 5 o R £ R T EEAT ORI, Bdie
KA TERE AsREBBERTE S, BE— BTt Tk B . MBS A RGAM A 4 PR
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Figure 4. The assisted entry system architecture

4. BENRAN RGN

5.2. FHZR T

SN R G S5 AE BT R BN S BLOAE A SRTTH AR ERE SR B3R AT 3,
WFFRN FARCRN EE RN HARE: M WA T RRMERE, REUEAT R S i
TREEFTRANEAR G0 508t RAEMSHD: ERGTHRES AR T X O H#HE, 7EH
JEY EEZ RT3 IR ENSRE RO X TR B R R, SR RS E ST S A
FEALE, HBIKE RS, W T IR RS F P SR IR s PERERY k. FEAb SR,
SR P AR, WP SZ . ESRTHBEAR N, [ A AT LA LR TG & AL PR L
HAaiksl: e OB RGN GEL, B ERYEIEE SIRBUTE AT E R, 3Em R gl 555
M. IR RGHEIERR W 5 Frm

g

|

NS =
F AT Hodie R
L SCASR U
TRHEAT SCASR L
|

Xtk Hcd

VLR P AL |
Kbl e,
0 32 LR

J =
o Huhik K
BE17 0 E
)
HR 4351 B 9%
TECATI E [ 3t E BT

l

iR

Figure 5. Process of the assist entry system

5. BEIRANRGIRIZ

5.3. 1%HESTHR
AR RGHE T %5 11 AT I, il fE Android Studio b HREDL 850547 1 ORI 4T
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ST, R SR P 42 PR 25 S B R, 4 AT R I T (3 I MR IR, D)
PO SE S S AL, AR DI B B, AMARE T, 1%, X(E)%. HAILEE, %
Wk SR FSE ST 40 W, R GoHAR 4 M R 1135 R 0 B R (T 3 L SRS i 5
R, RGN 6, TR R 3 iR

E:\Project\YinZhang\venv\Scripts\java.exe

FHEE, BUH, INER, FHBSHLURRZROL100%, BLEBEEARMBEAT, t=0.09
FHRE,mem, REK, B2, I RBeMAREEHBF, t=0.09
rfitsEesakx, 08m, 8K, LEER%E27S, I fBeMNIieiHB R, t=0.10
zia, 58m, ABREEEE, MFEK485S, ABHBR/, 1=0.11

BEH, WEEEK, AIRARSS, EXHERIEFHBF, 1=0.09

MEHEAERK, IFEEH, HilRK, ERH27S, FAHEBEHELBE, t=0.12
FEEBTREAK, B8KFH, RUEK, EEKLII9S, BB KTHANEBF, t=0.12

Figure 6. Test example

& 6. MR HlF

Table 3. Analysis of address data test results
Fz 3. M HHEMIRNGE R 54

TEIX K Mo i TIHET 2 (%) TH3E S 17 (5)
H-Ti-X 280 100 0.09
H-mi-RB 300 100 0.09
- iR -’ 180 98.9 0.10
HEET - X 120 99.1 0.12
HIGX - - & 160 98.7 0.11
HiglX - BigM - X 90 98.9 0.12

TR SR 6 B L BRI AR )48 L 7. TR X HEAT IR, LA SR 0 2 Rk . MR 25 56 1) 4,
BRI R R IAF] 00% 0L [, SN 0.1 B, Sk LB BT MR, 2 il 5
BN RS ER
6. LRI

AR SC Bt S B B N B G ot M B W S SR, SR R R TR B A ST
B4y, S B ATBUX ZHAT 40 3. R ELU 0S5 LSTM FZ83E4T 00 14 LA 25 I 4%
(R ERE, BAMEF] GAN R4 B 42T 7 158, A7 80 e 7 2R3 R b & A ek 40l 1 1 . St
SRR T 4, ot T bR 10 40 P S A B 99%, SFHIBEER AN 0.1 8, FARIF S
B k15 DG R (it B R (BT, B3R T T B LS I AR FE AR . B R T L S BN R
Gi Pl AT AR SN, BT I 1 S R
E&InE

ASCH “EIMTE R IR A ARSI 150 H .
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