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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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+ v SEBE R AR
itk ot
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IDN % 1 ZiEE A

MCFFN 5 1 JZ2ER N

MCFFN % 2 FiEE N

IDN % 2 ZiEE A

IDN 2 3 ZiER S

IDN % 4 FiEE S

K5 EEIIREE

Fig.5 Attentional characteristics map

I AR S T R 1 TR R P R K
JEW, SRR R IR 5 S M4 2 S T84
IAIE A B AR AR I 40 R 215 2. B4 MCFFN HE
A 4 BVE R B POE AR B AR, e
JIRL R AR B RBERI 73 7 K.

SEBEME
U TE A PR 7 30 A kA A\ ) LD Ay
A SKOSGHEIE B R, JF B B R SRR R
WA RIS R . (E, XUETE H 5 R 2% R B Y
JE SRR Al HEAT I B, U A B R R AR A B
e, R LT bR 2 UK KBRS AR L, f 2%

2.2

Dual reverse forensic attention module

SERERI MR, KL, £ MCFFEN 4, gl &
T VUKo A 2 R AE SR EUAC B 5 1 128 4EHFIE(S B
I, sdkah s 7 512 e 5 B ML T1% 4
AR R 3 0 ) X 2% . MCFFN AYUAY AL S T 7 2
S K B R S BURRE, IS TR E R R
TR P B R B RS AE . X R 7 aQFE il & i 2 2 rp
&7 HEZIEIERE R, 15 MR I 2 115
B PEE T RA R 2 R, R, TERLE S 1A
S B, 12 0 2 e 6% 18 ) B v R0k B

MCFFN #2BEMSHE A SF5 B R ROK
BB R DA R AR B R e 2R B TR R A AT
B, AR & 128 4, 2 5 &0k B R
Zht 0/1 KA B AE—NN. 5X0EE A 5
JriEAR b, SRt £ 38 w1 R ) 2 EIE S, Rk
EHIEGRHEE 2, B 2 B E A IR
AE—ak, B ILPTK E EARN IE AR A 256 4E
KitHEZERME, B TERFEE S, HEHRIEE
A .

FIRRIR

FEH IS AR T ACMix 1
BT BN N A FERHE R A 2
Ja, WEFRAE MK E a3 512 MERE, %5
L2 A 22500 2 HOK, 9 7 HERR SR R ARRAE, SR
BIE HER /14561 ACMix AHUETRAE L.

SibmIER A1 512 4ERRER R AR H B
M EERRHAT R, MRS T ik

2.3
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PR 2 AR ) ol R . A B AT RE AR AR AE o
A5ETHER IS BN AW, &Z&5hmtN
0/1 =R ah . FMBLH I 250 e PRSI
BRI, — A ACMix B R, Hp s —A /A
LRI A B G IEIER A 2 5 EA X otk
1) 512 4ERFE, 2 5 KA ACMix MBI EER
JINLHIBEATREAE SR AN, 5 J5 R /N () AR s H it
ATHHAEVAGN, FFdE N 2 BB AT 40 25, B gk
N\ % BRI A B RFE A 28 1 400 P 285 B BRLIP) 512 4
EIE BIRFE, ZFHIER S S HEE A 2B 7 K
Bz B R« DA s it B R e Ak B2 TR i DY ke
AR 2 TR ) 2 SR AEAS S

TE2 BIRAZ L 5N T 2Rk
W2 TLA, ARSI S, ACRA T 0.5 (1) Dro-
pout. I/, BNM LK HH — 40T Sigmoid 1)
FROEAE, BIZERK 0 ~ 1 BOVPRIREZE. 78 HE 2 2
TR, ARSCRE X TEAIRER N TS5 T 0.5 BINE
RRhIEZ A, KT 0.5 MMERRH RS, ik
BRASCR FH — 73 A8 Xt ok, H A AN

L=~ 3 lyde(po) + (1~ yo)le(l —p)]  (5)

2

Horb )y RoORFEAR ( SRS, IEN 1, 2R
0. p; RANFEAR ¢ T A IESRFIMESR, FEE 1 —p; W
RFEATII R 7 2RI .

3 LIy

AR LHET PyTorch(1.13.0) HEZE, ] NVID-
TA-3090 YIZA A, K Adam RIS, WG4
KRB N10-6, BLEFI N 1075, batchsize K/Nk
BN 32, ACMix K] kernel _att 24 3, head N
2. FAN, AT T HEE S LI, BIE— MBS
RS ERAT I GIREAFE S 15— MR
i 7
3.1 HiE&E

L BRI E XA s AR K, H AT
b 5 [ P 4 2 3 6k JE AL 28 328 45 9 T ) PR ER N E 9
P T A AT RILEE S, A SOR A FH D815 1)
CEDAR #¥s 45, 68 oz i A Ep #h 5 1) BH-
Sig260 Hdf 4, H I ChiSig $¥E 42 HE 4T HE AL ()
TARPEAS . BFEIEEMGIHE B W 1 Fior.

CEDAR H¥ 4 0 9015 18 Fh 1) 25 42 K A $ 4
. EH 55 BEBEREFEARAR, BLBEXHEH 24
ik BSEAE AR AR 24 Gk OMIEZE A AR, RAE AT A
1 TAE, ARSCE 50 N NPIFEARBEAT LR, HR5
HE LB WREABATINR, X TELELE, %5

®1 BN RIESEEE

Table 1  Offline signature verification dataset

B AR HE AR ERE AERALL

CEDAR G 55 2624 24/24

BHSig-B  FHInduig 100 5400 24/30

BHSig-H EpHhiE 160 8640 24/30
ChiSig 3 102 10242 -/-

WA 276 NS H-FEIAMEAR, 576 NS FH—1hik
FEANE, RLRUEIE URE AP AT, A SO RYE 2% -1
SIERE AT P 5 BE B S 2 — O s AR AT, it A
T RAELFE, KKE 276 NS H LR
XF, 276 NSO AT HEAT I ZRAT .

BHSig260 s 55 i i 5 A 15 £
£, AR HEERANAF £ £E. BHSig-B %
PEAE 100 LR H B MPLIES 4 EG. G4
B HAT 24 NELBEA R 30 MAEEZA. AR
PRI N5, FENLIERE 50 284 E &4 AT
Wk, HR%L#HZE4E BT, BHSig-H
LS 160 LB/ H M NHIER L EE. B4
BEA 24 NEIBA 30 My, R,
RICHEFEHLIERE 100 42548 S 1E NI GREER
WNGRAERL HAy 60 4425 4438 12 44 VB Il £ s
XFT LA BSR4 844, AR SCRIFERE AL
L 276 NS H-HIFEARNT, 276 NS H—hitkE
A% HEAT YRR

SCHR (18] FEE T — AN B #00) Hh SO RS B 2k 25
424y K6 I L EHOHE 4E ChiSig, LIRS LRI P
SRS AES. BIREHTEHENTFE554.
HARATIMTFE5ELAES F 5540068 R4
B AEF BT BENLA K 500 47, R )E1EEIRH
M8 —E N %4, 19 3015 12 4 5, 7T
FRELIUAT S, HNHEEE NIRRT 4 7H0E,
R A7 AE A 2 H R AN A RS & MBS, XX T84
ISR — MR KRIBkER. 2 )5, fE& @i XFUND
FHn g E E FAR R R S5 A SRS AT
T o B B SRS, TR S, A S REHL
FHEL 250 MEAAENINZREE, 250 N2 2 AE ik
£ TN, ANEBERS Z K% 41E
RNESEFEARNS, AR E R 2 B 2218 s
AXF. TR TG EARE, SUE D IEREART, T
T HE 2 (B AME N B SR AR, N ARAIE B S 5 i
FEART 2 (A B S5, AR SCEBR T 2 RIS

3.2  E{HIEER

%tF CEDAR M1 BHSig260 $# 4, A SCK#
HEOCHR [25) MR E, AT RIE4L 3 (False rejec-



8 H 3

tion rate, FRR). fi 4% % (False acceptance
rate, FAR) FI#fERi 2 (Accuracy, ACC) REZZ&TF
fli MCFFN, JF¥ H 5 H A I A 77 ik i 47 HL AL
FRR & XY HE R IE 4 B B DL SERE A SR 1 B
R, FAR & OV R IEZ AR FR DL IE FEA 1)
Ee, ACC & O FIM IR B FE A B DL RE A
i sk

TMxfT ChiSig Hdldl, A SCR R EMEFH 1R
IR W 4 AR B 2 SR 1R E (Equal error rate,
EER) fIE 34252 % (True acceptance rate, TAR)
REEAT HLHR. Horh EER SRVFAl FRR 55T FAR 19
P, EER BUIC, BB RERULF. TAR HITHE DT
= (6) ~ (8) B, H M IR R (FAR) %
T 1073 i}, TAR A #EAT V15

R
FAR = —gragm (6)

R4
FRRE= g (™)
TAR=1-FRR (8)

XFEESERG

NS UE AR CR, AR AT A S AT S5 1
R, AR SO I T 5 HT IR B 2 SRR A7 LA,
I35l SigNet (2017arXiv)?, IDN (2019CVPR)®,
DeepHSV (2019ICDAR)®?, SDINet (2021AAAT)®,
SURDS (2022ICPR)®, 2C2S (2023EAATI)E7,
TransOSV (2022ICME) 0 i S ki 74 B A7 25 A R 2%
582 SIS A 1077, A SR F G TE H) 51 1)
Tk, g R R LA A S i MCFFN B (1)
A NTTEMEL, XTI AR A, A SCR I Ak
B AR OISR P R R A B R IR U R
#;. CEDAR. BHSig-B. BHSig-H /> B 7E% 2. 3 3.
F 4 REIR, 5T ChiSig $IR ML R, A 0K E
5 3.4 TN,

7 CEDAR ##ls 4E (520 45 b, MCFFN £
RIEM 100% FIHERR R . HE B FE KA T iz 50
AR, iR HERERK, FHILRZ
TIEAE R EES T RIFIIS:. 476 T,
MCFFEN f) ACC 4%/t IDN. SDI ## % T 3.62%,
1.75%, 315 SigNet. DeepHSV. 2C2S —Ff, ik F
7 100%.

7t BHSig-B a4 4, SLi &5 K MCF-
FN Eb 2451 2 i AL 28 720 4 ) S A0 58 A AR 34
HEMIRIEE] T 95.61%, 7 H7E FRR 5 FAR [fjtb
B WAER] TX — A BB T ek . MC-

3.3

S 50 &
# 2 KT CEDAR HRLENIN LLLE (%)
Table 2 Comparison on CEDAR dataset (%)

R FRR FAR ACC
SigNet (2017arXiv) 0 0 100.00
DeepHSV (2019ICDAR) — — 100.00
IDN (2019CVPR) 2.17 5.87 96.38
SDINet (2021AAAI) 3.42 0.73 ﬁ
2C2S (2023EAAI) 0 0 100.00
OURS 0 0 100.00

#* 3  HT BHSig-B HE R szt (%)

Table 3  Comparison on BHSig-B dataset (%)
R A4 R FRR FAR ACC
SigNet (2017arXiv) 13.89 13.89 86.11
DeepHSV (2019ICDAR) — — 88.08
IDN (2019CVPR) 5.24 4.12 95.32
SDINet (2021AAAT) 7.86 5.30 94.42
SURDS (2022ICPR) 5.42 19.89 $7.31
2028 (2023EAAT) $11 5.37 93.25
TransOSV (2022ICME) 9.95 9.95 90.05
OURS 3.86 3.84 95.61

#* 4 LT BHSig-H Ha & 1xt LEses (%)

Table 4 Comparison on BHSig-H dataset (%)
R A4 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;\(/)\1 ;33\36
2C2S (2023EAAI) 9.98 8.66 90.68
TransOSV (2022ICME) 3.39 3.39 96.61
OURS 4.89 4.89 95.7

AAAN

FFN 5 IDN #ftk, ACC #&& T 0.29%, 5 H i s
5% 2C28, TransOSV FHLL, 733l 1 2.46%-
5.56%. X f& LLIE AR SCHE 1) MCFFN #2284 1A
e

5 CEDAR. BHSig-B #[f], MCFFN f£ BH-
Sig-H ##i4 EHES T AR, 5 H s
5L A HE, MCFFN 7£ BHSig-H 45 4 S
T 95.7% [MHAERR, BARANERMMLE R, FRR N
WA, - H 5B EIM L, MCFEN U % T 0.89%,
IM7E BHSig-B 24+, 5 BHSig-H LA Tra-
nsOSV fHE, MCFFN 45 1 5.56% 4. /2 BA
Ui, MCFFN 2 (AR T TransOSV.
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3.4 HRRSEIE

AN, ACAE ChiSig 4l 5 LT T yH @S
5, Hp InceptionResnet s& #0454 18 SCHE ALY 3L
LRI ATl BB SigNety IDN AR g k47 %}
bl 5256

WL 5 s, JEvE IDN 56 Hm i ah 4 1 g
AR EL, 3B IE fb A 1 B AR () O VR R R A
T 0.9%; WEYEREZ Y 78T RIKEE R E
B A58 1 A 1 B IS S, XA
FFAE S UE R IR TR T 88.96%, AH bb T3 i @t
&, 32E T 3.24%. 1 ACMix I 45+, fdiki Ry
BAHERAERER, 183 T 95.23%.

# 5 T ChiSig ZUEERHRISLE: (%)

Table 5  Ablation experiment on ChiSig dataset (%)
R PR EER TAR ACC
InceptionResnet 6.6 28.1 93.6

SigNet — — 82.28

IDN (3£8) 17.91 10.5 84.82

IDN (#iERE#) 14.81 9.61 85.72

IDN (iRt G + FERA) 11.38 7.82 88.96
OURS (LRKEE F, ToiE= 7)) 11.78 32.49 88.09
OURS (TLRKEE F, BiER D)) 10.83 — 89.20
OURS (KKK, TVER ) 7.84 — 92.14
OURS 519  28.96  95.23

N T UE B ROR B P R B A S B T Tk &l R )
SO AR AR 6 K B P R R = AT T e sk
5, HoA I8 I K B ORI AU AN S B B’
st E A, B R RN R e
ST B FRAE RN AR S it HoRIA MCFFN
PR AR — 8 W FRRKER R, 5INRER
JHE T 1.11%, W51 N KEER A, R
5 4.05%. SL64E BRI 15 ROKFE B A IR
IR — @47 M, ROKE R R st & 7
(I IR TH R T K

ZIHRSEES ) R T ASCET IR A R A A
B, 46, N T A EAR SRS R FRR M
FAR fEARHATX] b, ASCHBTHA T MCFFEN 7E ChiSig
BAELE ) FRR M1 FAR f5¥5, 13 6 Fin.

3.5 BEIBEELE

BEAh, AT AT T BSE AR, 7EIX I T AR
Y AR CEDAR. BHSig-B. BHSig-H.
Chisig PUFHAFE T FEATMNA. ASCRA—MES
IIIZREEEAT VISR, 5 S R4k, 41
N, A3CHE BHSig-B IR EE & BB, JIf

£ BHSig-H AR Kodh 48 1 I uli 2. Il g
BB AR 2 5 B RS AR AR B SEIRARTR]. R T
WoR T E MR HER A, A AT R T 2R
&, PN R TE

* 6 T ChiSig BHEEN ERSH (%)

Table 6 Main parameters on ChiSig dataset (%)
R 2R FRR  FAR  ACC
IDN 10.46 17.91 84.82
IDN (liEf5) 9.61 18.97 85.72
IDN (GBS + EEH) 7.82 1427  88.96

OURS (TRKFEE fr, ToiER7) 21.91 17.26 88.09
OURS (TRKEE Fr, HiER D) 15.59 16.30 89.20
OURS (AKEEE F, kR ) 6.90 17.18 92.14
OURS 5.34 534  95.23

£7 BESER (%)

Table 7 Cross-language test (%)

X AR
EES . . o

CEDAR BHSig-B BHSig-H ChiSig
CEDAR 100 48.76 49.89 57.48
BHSig-B 64.86 95.61 82.79 63.71
BHSig-H 50.11 86.27 95.7 20
ChiSig 54.60 70.02 55.37 95.23

RTRSEESREARUETERE PR T . A
SO N JALAE 44 B iE 2R 48 0 A BT 2 AR AR AR DL T,
T N4 SR NIIFE KU ST B DA SE, A
[l 5 MRS 55 A, SR AT
KUk JEidd T HeAt #o e 4. BHSig-B $idli % 5
BHSig-H Hia L ifEmfs 5 A Lh T A Bea e i, 7T
HEAS H1 T BN 15 AN i i 1 1) 455 07 s S

4 LERIE

ARG T — FPH A B LA S5 IE AR R MC-
FFN, H T8 TEE 5T 5% 4Kk, 1%
AR 5 3 e 2 A A D) 8 A X B A R AT
AEFEHL, PR A K F I8 IE fh 5 1 7 SN AT R Akl 7
e Ja KM ACMix FI R HHEAT 2 5K B AR LA
F 7. SR P Tt AL ) AP0 O R S L SR e A%
2030 3 il G 77 1 IR RS S AN PR ) R ZE
W, AZ L -GN L KGR, B E
FLA AR 4 2 HSE RIS R Db G ). SRR IEN] T
JITdi th 7 VA R o FE AR 7). ARSR I TAR K S b T
B E 2 RAE AR ) AT AL
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