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Abstract

With the continuous progress of deep learning, network models have significantly improved the
performance of Online Signature Verification system (OSV). Nevertheless, enhancing the accuracy
of online handwritten signature verification remains a challenge yet to be resolved. In pursuit of
this goal, this paper proposes a dual-task learning residual channel attention mechanism network
model based on bidirectional LSTM to improve handwriting signature verification. The model em-
ploys the residual channel attention mechanism to adaptively learn the weights of sequence fea-
tures, addressing the challenge of allocating weights across different channels. Additionally, it in-
tegrates a bidirectional long short-term memory (BiLSTM) network to mitigate issues such as gra-
dient vanishing and explosion, which may arise with increased depth in deep neural networks. In
addition, multi-task learning, including supervised learning and deep metric learning, is intro-
duced to better perform feature learning. Finally, this paper proposes a training method based on
multi-task learning to further improve the accuracy of OSV system. The proposed method achieves
2.33% equal error rate and 97.03% accuracy on SVC-2004 dataset. The experimental results show
that the proposed method can effectively improve the accuracy of OSV system authentication.
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B FERL KB IRHE. E 2012 45, Khalajzadeh %5 A 22300 FH A R 28 ) 24 S B S %8 44 G
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Figure 1. Overall model of the algorithm
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Figure 2. Residual channel attention mechanism mode

B 2. REBEIENINSIER

FEVREERP L 26 ey, AN [ JE T 2 TR 38 A8 26 AH LA DG, He v R R o 5 4 e 1 B it
B, T A AR A S LA SRR . BRI, A% SR A 2R R 4 R BE TG ¥ 78 704 18 3 0 1 (] [
A R ZE S, T TCVE A BOBA A [RGB TE Rk, 28 T AR 17 90 2% (3K E 0 AT 51 1 RE
TEh, EIEN I REAFAEE BN R, A FEIE S A R R B B A R AW SR, 2SR

DOI: 10.12677/csa.2024.143066 162 THEAURF 5 R


https://doi.org/10.12677/csa.2024.143066

P 28 A e A G X R 22 S AT R, B0 LA BLEE Y AR S, AR NS I TERE . N T R
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RNN (Recurrent Neural Network, B #£8/20) 472 B T A0 37 5 5E, W1 B 2808 5 AL 3 (NLP)
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Figure 3. Bidirectional long short-term memory network model

& 3. MEHCEERTIEIZ LR E

LSTM #ERI & = AN SCEELE#) . fr N\ ](Input Gate). #7501 J(Forget Gate) 44 Hi ] (Output Gate). iX
SeI 5 5 B AE LSTM BTN RSN, AIMPE 7 REeE Bk E . sssdmt. Br 7 BLE 3 Fh
SER . A MRS FBREOIRAS . R x, o5 t B M PGS, W R e Effrt b o A7 h,
FORI IR H . f, C, hARFRRBED], WAl fHi 0% . WA b xS, o FoR
sigmoid JUE K AL, tanh TR R C RRAIIRE .

HAEARDR:
fo=o(W, [h,.x]+b;) 5)
i =o(W-[h.,.x]+b) (6)
C, = tanh (W, ~[ht_1,xt]+bc) )
C, = f, *C_, +i *C, (8)
o, =c(W,[h_.x]+b,) 9)
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h, =0, *tanh(C,) (10)

2.5. MEEZ NG %

AT S5 IR B T PR ST S5 R R R B, B W B S ST S PR P FE o SIAT 5%, FReA14s
B R g FH T I 255k Z2 M T8 I 5 MU B Y 1 2 AT 5 0k s . b4 2k B R et F
WL ST S A TR AA) R RS 2R A FH 52 SCJ 45 2K (cross-entropy loss, CEL) eR £ k34T 25 (1A
B3] B MBS TS Ok s o T R :
1Mk n
J; = _VZZ y; log h(yi) (11)

i=1y=1

X, MONFEARSE, KON REE, v NESEAREE,  § NS BT TN 7 iM% . JF BLaRATI A 45
WHEN I

RIEE RS TS BIERTEL TSR AR NAAAIEA TN, X5 AR 44 2 7] 1) S BRAR G BOR .
ST AR 2% R A B e 2 ) 25 44 PR S LRI VEARRAE , AN FUR A TG ISR 73, 454 T Softmax Loss
FI Center Loss. FHt, Softmax Loss FH T-# A [FIZE A IR FERFAE 73 JF, 17 Center Loss M RE %44 | — 51
PRFAER 51 228 A L o IXFRGE A 1 5 AN AT LAY KA [ 00 22 8] B ARAE 25 5, I Re R/ 6] — 28 ) Y
HRHE R ZE8E . B Center Loss [ LG B3GR, 50 N FIRFIE 1K 58 6 80UR LA Ay SR HER PRt 2> 13 142
Tt GRWE 4 FroR. MAh, SRRECRH T RUE AR Ho, [ e, SRS Y MBI L, X,
FORGERZ AIEE, W A b FRSH. m FoR mini-batch A/, WREMHAL s (54F) =1, T
A B s G =0. BIRA Ry, e, 3 i=j KA EHic, .

L33 e, | @2
L=Lg+AL, (13)

m W;;xi+byi o
e el X

j=L

ZAEF ) MG RIINZRIERE T, AHE FUE IR S IEE R TR A LSTM 248 3£ AT Ak
eI T AR 2 18] (015 B AN, DAPIA AR S R 22 ST R R . [N, R R ME
FIHIBR R ERES &, W T XUE 55 PR 22 BT B L I 2 R AT S5 R BB I AR TR R

g/
HH, BEa Mg NIRBEIAE. Bk, BFICHEH IOUT 55 5% 22 18 38 I3 55 L ) 25 A5 0 g s
5E o

Jun (FOF7)=ad, + B3, (15)

3. KBS
3.1. BTN

FEIX IR TR, FRATTSRH] T Python 3.8 A1 TensorFlow 2.3 Y& 2% 2] e, FTARAL . IZRAIERAIF #4125 X
2N T HREIAA] LSTM [T 452 31 5% Z2 018 v = AL e SiohE e, BRATTERE T Adam R 4k4s,
Tl OUE S5 18 25 B 8. @RS 0% B_1. B_2. Epsilon il Decay %%, FAI1AEME S B2 1] 0 2% 1)
SRR . BUE] LSTM AT 2% 2 2] 5k 22 I v i S LR L R VR4 S 806 1 T dlR . 0T IX I
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Table 1. Hyperparameter optimization results of model

#= 1 RENBSHIMER

HESH SHH
Epoch 100
Batch Size 4
TN ZALFBUR R
[a, f] [1,0.1]
Ak a5 Adam
B 1 0.9
B 2 0.99
Epsilon le-8
Decay le-5

3.2. SKMERIH

RLR A LSTM JEAT XU 55 2% 2 FR 22 B TE VT i U BLAI R, JRATTRE 40 2 F 7 2 BEASREAT T
AN, DR KT P A IER AL . R T, BATLLZAEA Softmax JZ fn t )5 46 A
AN AR RbiE . FR SR ai L E] 1 97.03%. HACA 9 (A7 hILAIER 1R Wik 2 B
7No

Table 2. The user statistical results of error verification

=2 ERINEM A PHITER

M rs 2 7 11 12 21 26 30 32 37
ERTE AL 1 0 1 2 1 1 2 0 1
R EESE L 1 1 0 1 2 2 1 1 0

T Hh, AR T S 56 SR E 25 20 BT XA LSTM AR 55 27 ) ik 2 3 18 Y 7 A7 ML A R f 2 5
PERE(IEZY 3)o FRATT T SEMIBR AU A LSTM (R XUAT: 555 21 5% 22 i 3 55 WL B A M B 25 SO A 25 R
BT RUA LSTM [ B 8 AR 55 B 22 Il T8 vE B U NI AR R (B 2).  [R] I AE B A 55 At IR Xm) Lstm
IO 2% SREAE) e A4k 8 R A 5 Bk 22 A AV A LA A (R 1) FRATTARSE IR W Rt S it g 1 3 Fh sk
B, DL b 3 PP (5 b s SR an e 3 B AR BRECHAR PR RIS AL . U] LSTM R XUT 45 25 2] 5k 22 i 1
RV R I HE 2k 2 7 97.03%, SF4FIRFIAH] T 2.33%, 2K TAFERHIE(receiver operating
characteristic, ROC) i £k i1/ 4 Fr7 .

Table 3. Authentication result comparison

= 3. NS RIS

VARl S8 T HER 2 (%) SEHOIREE (%)
A 1 87.99 12.30
BREA 2 95.83 4.77
PR 3 97.03 2.33
DOI: 10.12677/csa.2024.143066 166 THEAURF 5 R


https://doi.org/10.12677/csa.2024.143066

1.0

——Model 3 Pls
—==Model 2 7

1.0

Figure 4. ROC curve comparison results

[ 4. ROC BhZ&xTtL 45 R

3.3. XTI IEXTEE

N T BEIRNIAE TR AR R, AWEFCRAT 15 AR TS 5 R v BE Xt L seds . BRATTE K
B EXSHOAHSC AR, JRISRIGEE RAIN T8 4 o AITHHERITNERG 1 2.33% M54R3, 7EAENE
RS, AT R HAR AR T, AT R LSTM B 5% 5 31 5k 22 S T 55 T AL Al A 7
KL T BRARSE AT IR A . AR AR T i, FRATTIE S 45 A R Rl TE T LR A XA LSTM p%%, 3271 1
WAIREST . Pt FATHITT3AE SVC Bd 4 LRI &, FEAIEYERE M SR IR 07 T ARG 1 R KL
o KPR T BATFTIR IR BRI J7, DRI S SRR RS A UM I N R A 1A
SCFF

Table 4. Comparison between the proposed method

= 4. HRIIEXEE

SCHR Jiik AR (%)
Sharma (2017) [11] T AILBEEM DTW R 7.80
Xia X (2018) [12] A5 FHARFAIE i 28 20 3R Bduidk 9 DTW 2.60
Vorugunti, C, S. (2019) [13] INFEA D) 5.83
He,L (2018) [14] MEZRHME + HPBRHE + ZEE RIEE 6.61
Vorugunti, C, S. (2020) [15] FHERA 2.98
3L VNVIRZR 2.33

4, 5ig
AR T — PG F 58 G IEEE, RIS LSTM 0T 55 5 515k 22 8 58 2% AU 8
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RIT% %

THELTHEARNE. FR, 825G 7R 2 0IEE R HUHE AR LSTM 4%, FAT5E s 1 2L

Yrp E G B Sy, JRESR TRHMIER L RE . SEIGUERS, FRATE KW E LSTM HIXUE 5542
FRZEIETE 1 R T WL B AL A R A PR TN 2.33%, WESRT TR WERREE . 5T
FALE, AR ISR TERE I 1 S (KT, BE— 2B ESE T OER S . XTI SN LT
FREZNIEGUA K T B, BT Z N AT,

=
[E 2 5 AR5 4w BT H (62073227).
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