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Offline Handwriting Verification Based on Siamese Network and Multi-channel Fusion

LIN Chao-Qun' WANG Da-Han' XIAO Shun-Xin' CHI Xue-Ke'
WANG Chi-Ming' ZHANG Xu-Yao®> ZHU Shun-Zhi'

Abstract The offline signature verification model has garnered considerable attention due to its ability to discern
the authenticity of signatures. Presently, most offline signature verification models can be categorized into deep
metric learning approaches and 2-channel discriminative methods. Most of deep metric learning methods use Sia-
mese network to generate detailed feature vectors for each image, and the Euclidean distance method is used to de-
termine the similarity. However, the Euclidean distance only considers the absolute distance between two points,
and it is easy to overlook the direction and scaling information of points. The correlation between data will not be
considered, so unable to capture relationships within feature vectors. On the other hand, 2-channel discriminative
methods perform feature discrimination before the model training, enhancing the ability to determine the dissimilar-
ity between different images. However, in this case, the fine details of the images are not sufficiently clear, resulting
in a significant loss of features. Addressing the issue of excessive feature loss in 2-channel discriminative methods,
this paper introduces a handwritten signature offline verification model designed for scenarios independent of the
writer MCFFN (Multi-channel feature fusion network). The efficacy and potential of the proposed method were val-
idated through experiments conducted on four distinct language signature datasets: CEDAR, BHSig-B, BHSig-H,
and ChiSig. The experimental results affirm the advantages and potential of the proposed approach.

Key words Offline handwritten signature verification, deep metric learning, Siamese network, channel fusion, AC-
Mix
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F?ZIL‘H( SHUEEAT A R A, RN ) P R I A B
e, R LA R LA S RO RS AR R, 2%

SEEEAI R, R, 7 MCFFEN X4 gl ér
T VYK A R AE R HUAL EE S (1) 128 HERFIE(S R
MR, Bt AT 512 4EF 10 B M T1E4:
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AP B R S BURHE, IS TR E R R
IKEE B B R %ﬁ X5 AT b A i R 2 b
J& T ZEIEAS B, E1F SRR I E 2 115
B, e RS RHMER 2 A R, fERES S A
BB, 1% 4% g 5k 21 5 R L
MCFFN $2UEMSEE R 5B A ROK
BB R DR A R B R S AR R R AT
Uﬁ fik B A 128 4k, 2 J5 &at F A B b i
ZHH 0/1 RANB T NF—A N, 5 BUEE A5
77/21‘5 bb, 285 22 38 3 w1 AR ) 22 0l T AR, il
HHIEUEFEE 2 tHE B A 2 M 8 B A I U
Aok, SAEPTK E A AR IE U 256 4E
KirEERM, HTEAFIEEZ, tH5HRME
5 T A .

2.3 FIREBR

FEHA IS AR SRR T ACMix 1
BRI A BT AS NP R . FERHAE R A 2
Ja, 1RIRA 512 NYEREHIRHIE A&, RRAE 2 8]
ZER 2 R, T MERRICEHRE, RIS B
TR 145 A1) ACMix AEHUETHRIE L.
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0] 286 RS TR ) Sl R Bk R S e v AT B AR B RRAE 2
AT AER IS GBI AW, &5 HN
0/1 = RMEE K. FMBLH A 255 AN /NS Y
BRI, —A ACMix B i, Hp s —A /A
LR N B A BIERA 2 5 B X
1) 512 4E4RFE, 2 5 KA ACMix MBI BER
JINLHIBEATREAE SR AN, 5 J5 R /N A () AR s He it
ITHRHEVASY, FEdEN 2 B A ERIEAT 4025, b ik
N2 HL BN A% R E D 485 0 Y 28 SR B 1Y) 512 4
EGBIFAE, ZRER S S HE v SHE v ROK
Bz B R« DA s it B e Ak B TR i DY ke
AR 22 TA) ) 2 SR AIEAS S

1E2 BIRAE L 5N T 2Rk >
W28 TR, A A, ACRM T 0.5 [ Dro-
pout. I/, BANM LK HIH — 41T Sigmoid )
FRAEAE, BOAERG 0 ~ 1 BOVPRINESE. 78 HE 6 2 0
AR ARSCRE L TEAIMER /N TS5 T 0.5 BN
FANIERE A, KT 0.5 FIMEZR A H LA 4. Bk
BRECR FH o 858 i ok, A A:

L= f% > lyile(p) + (1 — i)lg(1 — pi)]

(5)
Horb, g FORFEAR (R SChRRE, 1IE3808 1, 713800
0. pi RoFEAR ¢ M IER LR, [FIEE 1 —p; N
NFEARTI N 7 S HE .

3 S

AR LHET PyTorch(1.13.0) HEZE, ] NVID-
TA-3090 YA, KA Adam RALES, WILR2~2
RWEN10-6, BLEIFIN 1075, batchsize K/
BN 32, ACMix L[] kernel _att 4 3, head N
2. AN, ARSCWHEAT T BSE F SLL, HITE MBS
(I A B AT R IHAEAFE 5 10 o5 — AN 4k
AT
WiREE

Hode e 1B 5 R (R AR K, H AT
It 5 [ PN b 73 0 AL 2B 328 5 531 7 18] IR AN
FRH TASD R IT R B, A SCRs A 38 1
CEDAR #¥E 48, 85 N i 15 A1 BN 31 i% ) BH-
Sig260 ##E 4k, 30 ChiSig K 4 HEAT LAY 1Y)
A TEAL. SRR SETHE BN 1 P,

CEDAR H4fs £ Jy 915 15 b (19 25 44 FE A H0 4
. e 55 MBAHERAUAM, BEELEN 24
SRILILBE A FEAN 24 FKONEREAFEA . MRYEHT A
(K TAR, ASCEIL 50 S NHIFEARAT IR, HR 5
LB WREABATINR. W TRHL%4LE, 2H

3.1

S 50 &
®1 BHEARIESEE
Table 1  Offline signature verification dataset
Bl AR EE MK BRBE  ASNhERAL

CEDAR R 55 2624 24/24
BHSig-B & hnfuid 100 5400 24/30
BHSig-H E[ i 160 8640 24/30
ChiSig i 102 10242 -/~

WA 276 NS HE-HLFEARR, 576 MSFE-hik
FEANT, RRUEIE URE AP AT, A SORARYE 2% -1
SRR A (1 50 B AT e 2 2 — P 3 R AR, BT DA
N THAELHE, KKE 276 NS H LR
XF, 276 22— RE A BEAT I ZRATINNAA.

BHSig260 # 40 F i 0 5 F1 B s Hohis
£, AR ELBEW N AR ) EHE 4. BHSig-B 4L
A E 100 KL H MR MPLER 4 EG. 84
BB 24 AN HLBAL M 30 MEIES S . AR
AT N, BENLERE 50 284 #H 14T
Wk, HRZEAH %4 EEGE1T. BHSig-H
LA E 160 LA H M HHIER L EG. B4
BAEA 24 DNEIBEAN 30 My 4. FFEH,
ASCHEBEHLIE R 100 42848 25 A AE NI 2Rk
WGRIERL A 60 4425443 102 44 Il £ s
T UL BRI R A4S, AR SCRIFEREHL
HHEL 276 NS H-HIAEARNT, 276 NS H—hitFE
AN HEAT I AR

SCHR [18] MR T —ANB A A S SO RS B 4k 25
4 D3 A6 L E B 48 ChiSig, SRR, P&
HMBAEFEAES. BREm TR TF 554,
HROTIMFEELMAAFE5EAME R4
. AE B BEMLAE B 500 47, SRR EIE
Pl — e N2 42 ) 19 3015 1 2 4 50, 7TH
FRELIUAT S, L EEHE MR KT 47250,
KA R A H A FE B EE IR, XX T84
IGAE R — MR KRIBkEL. 2 )5, /E& @ XFUND
A o [ [ S bR AN B R S5 A SRR IESRAS AT
T4 R SRR, T iZEdEE, A TR
HHEL 250 NMEAAE NG, 250 DNEAAE IR
. WNTFEANLE, AINERE RS Z H41E
NESEREAXS, AN A E IR 2 A D ke
AR TR TG, SE D IEREART, O
IR 2 IAME N B SEREASKT . R IE 158 5ty i
FEAGT Z 0] (R 31T, A ERR T 2 REIFEART.

PHEfEER

%FF CEDAR Al BHSig260 ¥4 £, 4 SRR
HEOSCHR [25) MR E, A RIEA R (False rejec-

3.2
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tion rate, FRR). i # % % (False acceptance
rate, FAR) FI#fE#fi % (Accuracy, ACC) KL &I
fli MCFEN, JfR 5 5 H AW I J7 84T Ho
FRR & X R IE 850 B DL E SERE AR BRI B
Z, FAR & UNFRIEZHE FR DA G FEA 1
Ee, ACC 5 I IR0l B FEAS B DL FEAS B
o] aezss

1% T ChiSig 4, A SCRAIHHE S 1E# 17
H A BT FE AR HERf 2. 254517 % (Equal error rate,
EER) fIE 552 % (True acceptance rate, TAR)
RHEAT H. Horh EER SRVFAl FRR 45T FAR |
P, EER BUIC, BB RERLF. TAR HITHRETT
%t (6) ~ (8) P, H A4 RIERZE (FAR) 5%
F 1073 i, TAR A #4715

| HAREERH
FAR = =g (6)
R
FRRE= g (")
TAR=1-FRR (8)

3.3  XfLESRLE

DN AERE Y R RO MR 1 AR A 55
KRR, A SCIEHUT 5B B IR BE 2 ST BB AT LR
73972 SigNet (2017arXiv)®, IDN (2019CVPR)®
DeepHSV (2019ICDAR)®!, SDINet (2021AAAT)®,
SURDS (2022ICPR)"%, 2C2S (2023EAATI)P7,
TransOSV (2022ICME)®0, i sk 7Y BE A 25 A= [ 2%
LR B SRS B 1 V2, A SR L OUGEE T8 ) 531 1)
Tiik, LA R R AU WA ST i MCFFN B4 )
M. NTT R EE, X T i 0AE, A8 TR FH D Ak
B R AR DU A FH R RIS b B ORI R ) D R
£;. CEDAR. BHSig-B. BHSig-H /3 HI{E% 2. 3 3.
F 4 EIR, 5T ChiSig $HEERI45 1, A ST A
5 3.4 TN,

7£ CEDAR ##lE I SL IR 45 ) MCFFN #
RUIAR] 100% WHERh 2. H F B R R T 1% 809
SEREARE A A5 T B HL 22 R OR, BRIR 2
JIEAE I EE R EIAS T RIF RISt gRa i,
MCFFN ] ACC 43t IDN. SDI #& & T 3.62%,
1.75%, 75 SigNet. DeepHSV. 2C2S —#¢, ik %
7 100%.

£ BHSig-B (¥4 4rh, skie 4t KB MCF-
FN b2 =5 0 1 AL A 08 6 1) S0 o LA A 35
R ZRIL 2] 7 95.61%, JF H7E FRR 5 FAR [Jtb
B, WAER TIX— AL BB T R, MC-

# 2 T CEDAR BUE&EMX L (%)

Table 2 Comparison on CEDAR dataset (%)
TR AR FRR FAR ACC
SigNet (2017arXiv) 0 0 100.00
DeepHSV (2019ICDAR) — — 100.00
IDN (2019CVPR) 2.17 5.87 96.38
SDINet (2021AAAT) 3.42 0.73 0895
2C2S (2023EAAI) 0 0 100.00
OURS 0 0 100.00

#* 3 T BHSig-B #IEMNT LR (%)

Table 3 Comparison on BHSig-B dataset (%)
B A R FRR FAR ACC
SigNet (2017arXiv) 13.89 13.89 86.11
DeepHSV (2019ICDAR) — — 88.08
IDN (2019CVPR) 5.24 412 95.32
SDINet (2021AAAT) 7.86 ;\;8 94.42
SURDS (2022ICPR) 5.42 19.89 g;\é:
2028 (2023EAAT) s11 5.37 93.25
TransOSV (2022ICME) 9.95 9.95 90.05
OURS 3.86 3.84 95.61

x4 AT BHSig-H FHRENST LR (%)

Table 4 Comparison on BHSig-H dataset (%)
B R FRR FAR ACC
SigNet (2017arXiv) 15.36 15.36 84.64
DeepHSV (2019ICDAR) — — 86.66
IDN (2019CVPR) 4.93 8.99 93.04
SDINet (2021AAAT) 3.77 6.24 95.00
SURDS (2022ICPR) 8.98 1;\81 g.f;\éwo
2C2S (2023EAAI) 9.98 8.66 90.68
TransOSV (2022ICME) 3.39 3.39 96.61
OURS 4.89 4.89 95.70

AN

FFN 5 IDN #fLk, ACC #2517 0.29%, 5 Har&c#
M 5% 2C28, TransOSV FLL, 43 7lH8 5 T 2.36%-
5.56%. 1X & LLIE B AR SCHE H 1) MCFFN #2284 (14
R

5 CEDAR. BHSig-B #f[7], MCFFN 7 BH-
Sig-H a4 b HUS T A . 5 H i 5sohr
5 M, MCFFN 7£ BHSig-H #¥5 4 L5
T 95.7% MHERR, BARARERMEE R, FRR A
WA, ook, 3F B 5 AL th, MCFFN
FIHER RAVAN 25 T 0.89%, TM{E BHSig-B 4, 5
BHSig-H K HRALEE TransOSV #EL, MCFFN 7£
R LIS T 5.56% M8se. &Lt MCFFN
HIZ AL T TransOSV.
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3.4 HERIIIG 7f BHSig-H 193l £ 4 48 X8y Il 25 A0

Ah, ACAE ChiSig 4l 4 Lib4T T yH st
5%, b InceptionResnet #& 04 52 18 SCHE ML A 3%
LRREARIS AR I I SigNet IDN A5 3E4T %t
bb 5256

W 5 fion, JEAE IDN 56 Ham il g & 1 5
AR B, S IE Rl A 1 B RS ) O VR R R AR
T 0.9%; WEYERFEZ Y 78T RIKEE R IE
B A58 1 mh A 1 R B IR RS R, XA
Ji A1 HEB R T2 T 88.96%, AH Lk T 1H i @l
&, 1R E T 3.24%. 1 ACMix HH 45+, fdiiRy
BAEmRERZE, L3 7 95.23%.

# 5 T ChiSig BUELEMIHRIZLLE: (%)
Table 5  Ablation experiment on ChiSig dataset (%)
R EER TAR ACC
InceptionResnet 6.60 28.10 93.60
SigNet — — 82.28
IDN (328) 17.91 10.50 84.82
IDN (EiERE#A) 14.81 9.61 85.72
IDN (iR G + ERA) 11.38 7.82 88.96
OURS (LRKEE F, ToiE=Z 7)) 11.78 32.49 88.09
OURS (TRAKEZEE Fr, xR T7) 10.83 — 89.20
OURS (RAKEEE F, ToiER77) 7.84 — 92.14
OURS 5.19 28.96 95.23

N T UE B ROR B R B A L R T Tk & R )
SEMA) ) AR SR AR B P R RN = AT T ek i
5, Horh I8 K P RN BB NS E B
LB, B R RN R E T E B
R B FRAE RN AR B ) HoRIA MCFFN
R AR — 8 W FRRKER R, 5INRER
JJa, WERRRIRE T 1.11%, M09 N B F,
W MR 7 4.05%. L34 REBWIER N5 ROKE
B R s in B — 2 T A7, R FE B R (R
BRI -Gl IETSARNE LN

ZIERSEYS, R T AT I A R A A
B, T4, N T A EARSKAE AN 5K FRR Fl
FAR $RFRIH T EG, ASCTHE T MCFFEN 7£ ChiSig
BiE£E L) FRR Ml FAR f8¥5, 13 6 Fin.

FEIES LI

BE AN, ARSCH AT T B IE A, 7R X I T AR
h ) AR A CEDAR. BHSig-B. BHSig-H.
ChiSig PUFA[F1E 5 BT, A SCRH—FiE S
I ZREE AT VISR, N5 & FIUIGRAEE AT I, 31
n, ASCHE BHSig-B Ml ZRficis 5 EUIZREAY, Jf

3.5

B R 7 SRS B4 F I sEsG M. & 7
BOR T B E MR A A, H AT X LTI R
2, SR F A .

# 6 3T ChiSig BIEM RS (%)

Table 6 Main parameters on ChiSig dataset (%)
TR AR FRR FAR ACC
IDN 10.46 17.91 84.82
IDN (i#iERE#) 9.61 18.97  85.72
IDN (iR G + ERAD) 7.82 14.27 88.96
OURS (TRKFEE fr, ToiE=T7) 21.91 17.26 88.09
OURS (TGRAKEE Fr, BiERT7) 15.59 16.30 89.20
OURS (RAKEEE F, TiER ) 6.90 17.18 92.14
OURS 5.34 534  95.23

xT7T BEFTER (%)
Table 7 Cross-language test (%)
iR EE

%S ) ; —
CEDAR BHSig-B BHSig-H ChiSig
CEDAR 100.00 48.76 49.89 57.48
BHSig-B 64.86 95.61 82.79 63.71
BHSig-H 50.11 86.27 95.70 20.00
ChiSig 54.60 70.02 55.37 95.23

R T RRAEERF LR ERERE T . A
SO A BALAE 44 B IE 28 42 K A BT 2 UK AR A DL T,
T NIIZEA SR NBIAE KU ST B DI, A
I 5 XA 55 SIS, SR TS )
(KRS e T T Hoth s 2. BHSig-B s 5
BHSig-H #dla S iR S b T HAb B fe s v, wT
REAS BT B TE AN iz i 10 15 75 07 2 il

4 ZERIE

ARSCHEH T — T A B LA B AR R MC-
FEN, HI AL FAEE 2 T 584 KL, #%
AR TR S e 1o R S R O 2% M OB R BB AT
AL FEHL, PR A K F I8 IE R 5 1 7 U AT Rkl
e Ja R M ACMix FIRIBEHBEAT 2 5K B 7 AR LU
W7, SR P T M AL ) AP0 OB S L SR e A%
SRl E LG 7 E T R IE (S SRS VRS R L £E
W, AZ L -GN K, B E
FLA AR 4 2 HLSERIE R OhaG Y. SR IE T
FT e IR B F1. KRR TARR b T 5
B E A RUEAIR ) T AL
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