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Abstract

In order to solve the problem that online signature verification (OSV) model cannot extract stable
signature features from limited signature samples and have a large number of model parameters,
this paper proposes an online handwritten signature verification method based on feature selec-
tion and one-dimensional ghost residual network (1D-GRNet). Firstly, the random forest feature
selection algorithm is adopted to screen the global feature set of each signature to obtain suffi-
ciently stable signature features, so as to improve the accuracy of signature verification. Then, the
ghost module is adopted to improve the standard residual structure, and a one-dimensional phan-
tom residual module is constructed to reduce the number of parameters of the overall network
model, and at the same time provide the possibility for signature small sample training, which
improves the practicability of the model. Finally, the method is verified on the datasets MYCT-DB1
and SVC2004-task2. When 5 genuine and forged signatures are adopted for small sample training,
the equal error rates (EERs) on the two datasets are 3.21% and 4.57%, respectively. When 10 ge-
nuine and forged signatures are adopted for training, the EERs on the two datasets are 1.53% and
2.93%, respectively. The experimental results represent that the proposed method can effectively
improve the accuracy of signature verification.
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AR, A5 BEARZBED NN ARG, (iR 7 — e m . KL, S 1 OR P )
AN NBEAL LA 7722 4, AR VRIERON AR T U I I B A B . (ELRF 5254 INiIE (online signature veri-
fication, OSV)YENAEMFHIE RN —Fl, CERERIT. BUFHLC, HESESEMA R Tz 1R
Wot. R, MTEAERSERIHREZHPBEEOHE, AU LA BREREN, XEHELTFS
BB WUEFARA I EORRIHkiR . B, RABERAEL T 5 282 BAEBOR BAT — & HIBHITE SO R H
VIR

HHT, LT E5EAINERTNE LA NI ) T4 RRe AR MRS T = B R Ak

BT 2 JRRAIE IR 25 40 DA UE 7 125 72 I\ 4 S AR B33 0 40 SR s () IS 8] P SR AAE 250008 A B ] g 4 52 1)
B4 SR R R AT 2 44 AT IR, STV I G s AE TR IR AIE /2 15 2 08 A2 € o Tbrahim 55 A\ [1]42HX
TGN IR LHE, EERE, 2K 35 DA RRHIE R 4 AT UGE, %284 UG 771
BARPERE M AT, SR 23 I 4 28 44 DB RS B AN =1 1) 1) # . Babtia [2]32HX 7 224G, ~FI9IEE, X-Y
ARFRBRIE 225 13 DN A R 2 2 AT IR, 80 T8 AN IEE R TH R &, AR A T
Bo AR N[3TESGIRINAEAZ I 47 M RRHMEE N S, R E b H il ek % 2 16 4k, AT
R Bi-GRU BB 4 JR e 52 L 8 4ERFAE, o ¥ M HEAT RS 5 X2 4 AT IAE. %
TIFEAEZ FEARIZR R TR AIERS . FEN[4152H T —FiEET DTW K9E & /8lH] BLSTM
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ELFBRLINIET L, BEERIPLH BLSTM G54 MR E BB, IR 4 1) 22 4Rk
RS REA HATINIE o A TTIEMIRAERE AN ZR B BOR IS LN AT SR8, IMEARSEIR 45 RIFA 0o

FET R BRI P RHAE B 28 44 VAR 77 ¥ 72 LAY 25 44 IR B AR B 8 70 SR AT R TR B[] P 1) AR i 5 40 SR xof
BAHATINIE. BEMAERERRE, WERINEETRENSAERNTE - EMENELEXNSEE, X
FESERR 5 N B AT g . Saleem 55 A [517E FEARAE 1508 SRAT A 26 J5 5 28 44 PRI I [ 17 41 8008 10047 R A
FAE 225 8] 1% (dynamic time warping, DTW) SB35 0] fRp il 25 4 FIRSAR %5 44 #EAT LD, S ARARE 55k
WERF NS I EAN o b7k THOBBE R 56, I RS M IR ZE . Song S5 N [6]IEHXAE 44 x Bl E Ly fil
R, 77,y BUDDGERE, O B RN R E SR R AR, FREH DTW-SCC HIEX I 44 34T
MIE. Ahrabian %5 A\ [7]8 F] H 4wf5#5(Auto Encoder, AE)X2544 1) 12 R SfdF 4L 7 5\ 3k 4T B 4k, 153 —
2H [ 2 K B RRE ) &, R T IZE AR X 4% (Siamese Neural Network, SNN)X R AR 25 44 F1EF & 4 HEATIA
iE. Lai % A[8]42H —FhJE T RNN fI%E 44 K FE % 14 )4 —1k(Length-Normalized Path Signature, LNPS)#iit
FFEL T 58 2INETTE, NBELKEA BB M 7RI R, IE5 NI, f2m
TRELRPAUEYERE, SRMB AT R BT R,  [FII U ZR 75 Z 5L brdE ASRAS [ R B2 A AEAS

MEL BT AR, TSR UNEFERIAG T R R, BRI . &k,
AT $EH S 44 RS e R AE — BRI TS I A 2 HT OSV 7 V&R A2 7R 3R HU 25 44 1) [l 2 P AIE 5 B X 25 44 i3k
ITINIE, RFIEBIRZFAEZHITTREMW . HIR, ELRELVIERIARERRE T NEEE A&,
BREABA PRI R — TPk . [FE, RADABERN R TS ZNERMER IR N T Rt
W, ARSCHRH T TR FEANL) RIRZE N 4 R L F 58 A NE. EER DT

B, AU FH BEALRR ARRFAE B 8 5000 N5 44 1) 4 JR R IR R Hh 0 108 LR AR IRRAE SRR 28 24 NIE
MHERAFE . SR)E, A L) BB bR 5k 22 45 EAT D503k, ML) RIRZEM 28, FEAFZIA S 24 I IERS
HIFEES, PR A S5, WERBR R, AR, AT /MEARYIZ SR AL T getE, $Empiiy
(RS FH A o

2. Bk
2.1. BiETAbIE

AR SCAE S 56 AR A 3 B P EE 5B MYCT-100 AT 330 SVC2004-task2 B4R 4, LAME E 41
IUEA ST VE A Rt . Hod, MYCT-100 PEEEF BRI 100 NH &4, BNHP 256 25 4
HNEAREAR, ZB2REE BARER AR . HAAR. BRIEIMA. EAXKPWA . B8R A TLABE T
HIFFE. SVC2004-task2 H o CHEE IS L &30, HILH 40 M P %S, BNHP 5 0E 20 M EA%
CREAR . B4 MRS BSR4 AL SR . AR 7). B, ZEKPmf . EmE A, HIEE
PRGN R T FVRE . 25 R BER (18 F %, AR SO VEAE P2 0805 S 1R IR [ R4 V% 28 7 AN 7 REAE

BT E S 2 IR AE R A R Th S AEAERE A B & M RE A o DRI G,  FETRIAL B I 72 v 55 B0 25 44 AT
TEAEERAE, DAHBR RO . AR SOR A T =TI S8 38 X 48 4 AT i Ab 3, RS L AT e
1, K424 1R/ TRAE0,1]

2.2. FEBAIESR

FITH 2 TR AR S B A0 — 4 L) 5 5% 7 P 2% (one-dimensional ghost residual network, 1D-GRNet)[J7E
KT H5EXIIETTER SRS 1 P, FEDNRHEGEMNZ) GIRE B YGER A5 . FFEk SR
053 RS FH BEN AR IR IR B R BN 4 1 40 4R 4 SRR R4 ik th 25 44 IR AL, SRIRIE
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REAE A 250, PRARRRE TU R IS . 88 843 /2 1D-GRNet YA INE, K5 —H o0 28 A e
SERHETE ML N, Z a4 AS—4E2) G5k ZE A58 (one-dimensional ghost residual block, 1D-GR)i
ITRAIEERE, 5 Je B H A N B R 2 SoftMax BRIEAL R 43 K 38 vh S8 OAIE LA . B 7 ik i & —

HR R AE JE T A4 o
O <
ENe! 0] 4 = i} o
5EQ O % “RERERERE
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Figure 1. The overall framework of the proposed model

Bl 1. PR AR ESR

2.3. ETHEAL AR EIEHEE

BN A RRHE, B2 smmEmtt. PRIRE . PR/, R R4 AR RRE, Xt
S RABUR, B A REELIITREE R, B SCR FIE 44 (142 JR AR A 9 RE 3 R 4 R 2
ARSCEFHIEE MYCT-100 F1 SVC-2004 task2 H A HIREALFR( X, ) s HABAR(Y) EI(R) MR T
R (EL A SR m A (AZ,) AW P RAER SR I A: R AL, Blin%: 4T3k 1( Avg.p)s B4 580
Fe(W/H )\ PRIKCP R Avg.el )55 BARIIAJRRHERE B Qs 1 s,

Table 1. The global features of the signature
=1 BREFRFHE

FFe FHIE FFe AL FFe FHIE
1 Avg.x 15 Var.p 29 Avg.x acceleration
2 Avg.y 16 Avg.x velocity 30 Avg.y acceleration
3 Avgx y 17 Avg.y velocity 31 Avg.x_y acceleration
4 Corr.x and y 18 Max.x velocity 32 Corr.x and y acceleration
5 Avg.azimuth 19 Max.y velocity 33 Var.x acceleration
6 Avg.clevation 20 Var.x velocity 34 Var.y acceleration
7 Signature height (H) 21 Var.y velocity 35 Std.x acceleration
8 Signature width (W) 22 Std.x velocity 36 Std.y acceleration
9 W To H ration 23 Std.y velocity 37 Min.x
10 Sample of points 24 Median.x velocity 38 Min.y
11 Sample of points to W 25 Median.y velocity 39 Max.x
12 Avg.p 26 Sample positive y velocity 40 Max.y
13 Range of p 27 Sample_positive_x_velocity
14 Max.p 28 Corr.x and y velocity
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TEAS FH 22 FeeRp fiE 1o 2 o 3 G 2 H SRR AIE 5 R AE 2 IR () T4 B, 3K 4R 0 AR AR A E 38 S 2 )1 5 AR
(R, B2 2 MR RS B 2 44 IIE R o DR, AR SCR 2 1 4 1 = SR (R B AL AR MR AR AIE i
PETE[I SRAF I A SR R AE SR AT R AE IR PRAC B, AR IRAT A BURFE . BEALAR PRARFAE 12 £ 55 AH LU
TRREMER BB RO AR IE Ry X, PR RS B A e v, BENLRAR LR AT A
SYEUHE . BEALARAR I R B 2 A A B 5 b B S R R A SRS m AR, AR X S A A B
MIPRERT, SRJEAEFTA PR I TN &S BT LR 5B, HRRAR — M RER . MV ARRELE
B URAE R A T, B & NMFIEE AR 45 i, IR RHIE M R R e Bt AT 2, B2 TR SR
AL R F RS NRFELE AT SRR B 2 MR R KM e LB . BENLARARRRAE
EHEEER LN ZAP IR

1) FEHLREE

BEATLA R — LS N AMFER T GG B 4R D RFE, B UOESRE m MERINES D' TERIR
R AR, D hRBECRAEBIFEAR, AR AT T ISR R AN . EEHUT LI#RE K
Ko

2) RN

LA BEN LR AR B & DHE e K BRI, B tree _1,tree _2,tree _3,---,tree K .

B, MRV .. BB MERILERIE ¢ 4, MR IOE PR 18 50R /INMIRHERHT 7 2,
ELEIREAR R AT RRE T R SE . R E DRI AR E X —Id R Kk, MR RN, AL BEN AR
Mo ok, FFAENT 5 0 (9 Gini 1850 :

Gini(n)=1-3 P? (1)

B, TERIRERETT S 0 T AL, B RN T A K AR

3) FHEIEFE

Yo, K AR T SR A (PR % . B AEAR Y SRR PR IR A 13 2 A MR SRR A
BN R RER Hh, SRAFSFIR 2 . T (R, K el K ARV AL AR BE LA AR 38 22, 104k

1 K
—> err_OOB; .
K=

SO, RPRIRSERE AR RO IE G X, TR, A5 B R TE, RS RITHRE, 2f
XX, eer_00B, . FIIITIE BT AR T L .

e, WWHEHRHERR 2R AE, o T RENLARMGZ —FidT B 1 0 AR R, IS AR IR 222 1
(AR, W Z AR RS S5 R AR . (Rl AR A AR BREEIT 1, W] 24 ARG Ak 04 2 2

K
AE, ==-3(X, cer_OOB,~eer _OOB), j #RHHENIF5. @)

K 2 Ron &R I R £ 5 ARSI S Z R B RN BT B 6 A8 DIEAS L 2. by B mT a0,
ARSI HIAE 0 F) 0.9 BIME X AN HEAT LI . HBIEAE 0 B 0.2 XA, SE4ERS5EHATIRF M 5.83% K%
B 4.57%. BIEAE 0.2 £ 0.4 XA, A NIERSERIRARESIEVN . BI{EAE 0.5 £ 0.9 X[EN, HT4F
£ BEBREVE A R s 22 DA S5 A R R AR 2L E T, th 4.65% ET1 3 6.71%. AL
MZEA 4 SRR £ A I 3 EVERR L KT 0.2 R A 2% (1IN o
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Figure 2. EER curves of signature verification with different dimen-
sional features

B 2. FEMIE TS IAE EER #2

2.4. BETREGHNLIR MK

LI 28 S5 R e J2 15 2 2 IR AT TS HE B T, 4 W 4% 2 B0t 22 I 2 2 L I P88 ¥ R FD 1) et
RN TR RN SR P 1 RTIX — A ) B, A SC S| FATELIAE N [10]52 sk 22 454, ]
3 PR, BRZEEGEA BB B ZE PR A 2k, A s AE SR AR P AR FE I E — BLAE 1 BHiksh, AL
fife e 1 E A W S AE VI SRR T O BR B 2R I . SR, B R BIFE AT 5 25 44 UIEBOR 7 3 8 & 31 /)
HEPMAR LY, B RES AR RAE b B A A B — 2 . B, ARBEF
KL GIPACE T G5 T R G, LR PR RS 5, e R se e . [FIRE,
FEBLVUER/MERNGIR B AT R . RRRZE SR x, TBAHH y(x) 7Tl FRAFR:

f(x) = Ghost (max (O, Ghost(x))) + Ghost(x) 3

y(x)=relu (f(x)) = max(O,f(x)) “)

Figure 3. Ghost residual structure

B 3. IRKELEN

ZJRA5HL(Ghost Module) [ 1171/ — R4 BT A2 AL G AU, RENS 5 B I 2 AL 7 B /D i 2 40
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FAUEAR I S A B 0 IR BRI HE B AR 24 i PE e, LA 4 FT7R . Ghost BB Z B AL FE
I NARAEG TR 5 BB — bR e G AN, 1K R 2 6 A AR BRI R B A AT AR ],
M/ B . 5 iR ARt A — SRR AE ], X B IR E S BUOR S K. IR BES R — PR R
STHBER, ERRHE R NEE AT RS, BN ETE P REE B R — B R R AT SRR AR,
HHBRL PP KA 1o R R b AT DU I 3 2 B0k Vi B4 H AR AE P 00 3. M3 N
HHREAE 14 5 AH (R, Ghost AR H BT 75 1 2 B0 A0S d 45 FE U B ORI T B AR R AR R i A i AR
Ghost BLHUZ SRR SE. Bk, ARICRHZI GBI R Z S W PR HEGIZ, Jsb 2R ) 4 4
ZH &,

N IR, AR 1 < w x ¢ WENBEIARHER, 1> w' < n WE AR, bRt
BRBBIEN 1 < k (RIIC k=15). AR (Eh R AR E E S0 m, BHEEN s (KT s =2), &
BEERIIGBRZRNA 1 xd(d=3), IBLtrdEBERF Ghost BRI S H & T -

FRHEG A S K
alzc*k*n (5)
Ghost RS ¥ &
0, =c*k*m+mx(s—1)*d 6)
ﬁ: c*k*n &
0, cxkxm+m#*(s—1)*d

i EATAL, FNRRIE R IETE R ¢ i2 KT s, B4 Ghost BRGII S HEIL AL T IR G Us.
Ghost B 51 AN FT LA X0#/b 1D-GRNet Y BAR SR, BRI 24

FrAEE R

LEET = . gw’xn
1xwxe Ixw’xm / \ \
rre N St —_—
1xk

7@%&\* _—

LKIGAHEB

Figure 4. Examples of standard convolution and ghost module

B 4. FREERMLRIERRG]

2.5. %

4 1 7%, 1D-GRNet P45 1) 4325 28 3 % /] Reshape /=, Dropout )2, Relu B0 552 LKL =44
HEFLZ[128,32,2]40 . Reshape JZH 4TS 4 ML) G M RE B Bl —4E, Z RS eEEZd.
FH T 1 3 199 26 L2248 FH B ORI AL E 4 3R T 0 25 4 IEA U IE S B, AU — B2 E R A
—> Dropout (0.5), IEIERITRFHERE S, )5 RAEREE A FAEH Dropout, BEHi0 KT ZRHERE S .
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H JE A8 SoftMax A I BR Ok T 425 44 FEAC ) EL O M
3. XBWR T
3.1. iR
AT FER FA HEHI %2 (Accuracy, ACC). 1544 % (False Reject Rate, FRR). 1515 (False Accept Rate, FAR).
41 # (Equal Error Rate, EER). 523 # T/ERHIE H £ (Receiver Operating Characteristic Curve, ROC)K ¥
5. AT
TP+TN

cc= (®)
TP+TN + FP+ FN
FAR =T ©
TN + FP
FRR = 1N (10)
TP+ FN
ERR = FAR, = FRR, (11)

Hrh, TP, TN, FP R FN 4y~ “IEfEZ” , “IEffE4” , “dh5sz” M “fhRiEds” , 7%
7~ FAR 1 FRR HFHEEW ) B

3.2. BEIH

AR FLFEEATH python3.8, tensorflow2.3 ¥RFE S 2] FERMEALHAT ISR, FFHATESES M. Wk
2 FioR, AFFCR A Adam RALES, SRS UK 4L, JFimiat epsilon M1 decay #2852 31 b 2, Hk
{FH L2 IENAb TR E 45, Bkt & . 78 1D-GRNet #8317 28 kIG5, EAT LA AT
PR, BN B 5 N 2B A N R AR S5 R .

Table 2. The hyper parameter optimization results

=2 BEHIMER

HZH ZHH
7R Adam (Ir = 0.0008), 5, = 0.9, 5, = 0.99, epsilon = le—8, decay = le—5
Kernel _regularizer L2 (1e-3)
TRV B2 LI % R
Epochs 120
Batch Size 4

3.3. REMERESHT

AN FEBHLE MYCT-100 1 SVC2004-Task2 $di 48 AT /75 HI AR FI A P 192 2 IR E B 4y
MT,  SEATH PSR UE iR A st . S R P RRAE IR 3R 2 R AR E 2 4N, IR HCRH 5 M E
A AT ISR

B, ANTERRAEIRE AT TR AR RESLEG, SEI0AE UK 3 fR. £ MYCT #R%E F, &
W77 SR RN 3.21%, HEREZRON 96.13%. 1E SVC Fdi4E L, AW 7SR E N 4.57%,
W N 95.08%. [FIRF, M S FIRIEFERE A, £ MYCT $difE L, FH 105 NEBLWRTNEES,
IVF 50 MEBE BRI N EZA, RIREN 2.50%. £ SVC HdE4E L, 1 36 MAZSLPRINNEES,
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23 MEEABIRIUNEZ Y, RHEN 3.83%.

Table 3. Signature verification results of the two datasets

3. MMBUIBRRMERINELR

AR FAR (%) FRR (%) ACC (%) EER (%)
svc 3.83 6.00 95.08 4.57
MYCT 2.50 5.25 96.13 321

TN=1950

(a)

Figure 5. Confusion matrix of two datasets. (a): MYCT dataset; (b): SVC dataset
5. AT BURERHVRIEREM . (2): MYCT $4E%E; (b): SVC HiRE

N T B IRAIE BT 7 1 AN P A AR 20, ABFFU MYCT 1 SVC #dli4E B4
A ATINIE . SVC BUE4E B3ty P 28 A INIE 4 SR a0k 4 R . 75 SVC B4k b, ACH P 3 1
N 76.67%, H/7 6, 8 HIMEMZ N 83.33%, R FASEEIITE 90% & UL F. MYCT #df 4 bisr M
ALY TERER R G AN 5 For, AR 45, 53 1 71 M ZFERE N 80%, HI7 4, 8, 95
M2 INIEHER RN 85%, FI P 21, 46, 63, 67, 85 MIZZYIEHERMR N 87.5%, TN %4
WAEREETE 90% K LA 1o Seibat AR, AR 75 13506 %A P 2844 FIAIE M BE R AT

Table 4. The verification results of each user signature on the SVC dataset

F 4. SVC HIWE LB RMPRERINELER

HAFs 3 5 6 8 10 11~13 16~17 25 32~33
ACC% 76.67 90 83.33 83.33 86.67 90 90 90 90

Table 5. The verification results of each user signature on the MYCT dataset
= 5. MYCT BEE EE AP ERINESR

HFPRrS 4 8 21 46 47 53 63 67 71 85 95
ACC% 85 85 87.5 87.5 80 80 87.5 87.5 80 87.5 85

3.4. HRASCIE S AT

N T VAR BT 7V & AN B U s AN 3 BN R BN X AR AT T RS EG . SREGITE
MYCT 1 SVC ##li 45 BT, HF H R 5 AN B LT/ IMEAR SR, FEEH ROC #2317 45 RVTAG
WA HEEN 2 4 R S AE — B E R T 5B L UAENF U E s, AT 5 70k BN L AR MR I i 2 505
INEE 24 14 TRV RHAIE PR R A RCRFAE o« DRI, 55 0T B L AR R AE 18 338 SRR AT S AR I0HIE ,  FI T R 7 R
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i AE

e AR BB AL VAERSE, st Bl 6 Fia. £ MYCT 34 b, RAEFIF IRk 50 50k 1 Sl
FN 4.63%, FFHFHEIER LS A INE NS REN 3.21%, HETIESHIRERKT 1.42%. £
SVC $fls e I, RAFFHFEE RN SR RN 5.83%, (FHFEEREENSERREEN 4.57%, H
FEACT A IS T 1.27%.

101 ——- KAEFUSIELESE EER = 4. 63%) 1.0 ——- KIEFHELSE EER = 5.83%)
—— 4H{F3ER (EER = 3.21%) —— HHE%F (EER = 4.57%)
'S 0.8 -8 0.8
© ©
o 1 o
2061 | 0.6
9 ! 2 :
o 1 o
®0.49 |t g4 b )
) ' o) ! e
@ . 3 .
Lo.21 & Co.2] &
\
\ s /
\‘ -
0.0 S 0.0 —
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Accept Rate False Accept Rate
(a) (b)

Figure 6. ROC curves on the two datasets. (a): MYCT dataset; (b): SVC dataset
6. FMEIREE EBI ROC BiZ. (a): MYCT BUIBEE; (b): SVC HiRE

LI G ABEHARE ARG TR I R A R B SR, (HR 15 2 K PR AL 25 44
WK S T i — B IAE. % 6 RPN IR 22 25 H) R L) GBEHLE 25 S5 () S 46 T, B v 5 A0 R 2%
IZHE N 278,574, LKIGBERMK IS HUE N 140,487, HILLE TRIEMSEE FET 49.57%. JFH.,
18 F X0 GAB IR 1) IR 25 7E P AN B 4R 1 (128 44 YGIEF30RE FE AU T BE 0.2% 0 1% 3R L) RBLERAE BRI 2 S50
HEIEIR, 254 AR RS FE IR IR T P o

Table 6. Signature verification results of the two datasets

F 6. MPMBIERNERINELER

LiEES fi il Ghost E 2§ ACC (%) ERR (%)
No 278,574 96.38 3.05
MYCT
Yes 140,487 96.13 3.21
No 278,574 95.25 4.34
SVC
Yes 140,487 95.08 4.57

3.5. HXTIEXIEL

N BB IRAIE BT TR S, AR AR vk S AR TE VA RE R ILEAT T . K 7
T ANE T AR B RS MYCT-DB1 Fl1 SVC2004-task2 | [{s2iG45 5. 78 SVC B4 F, MUK 5 A
WA BAT NGRS, A ST R SEANR AN 4.57%, I T HAM . 4R 10 DE % 4 371 2

i, Okawa 25 N H 38 T 25 44 4 SR RRAE R A I VIE 5 iR ST T3 77720 24 - 76 MYCT $il 4 &,
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Table 7. Comparison between the proposed method
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