Vol. 5, No. 2 Computer Science and Technology June, 2026
55 &5 2 W THENRRE S HEAR 2026 £ 6 H

ETLIRZRENHMENESRFE
ZRAIAIE

RITE, E¥kth, 3
VEPH LR L SEHURE S 15 TR, L F0ER 110168

WE: M ELT 5B INETE IR KM FAAERHERIAZIR . S8 AT LR JER R T S AN R 55 i)
W, PR T PSR EARAE . 2 R OE A5 M A L R UAIE J7 V% o 1% 07 VA TH R FE 2R 35 44 7 51| v gk s
TH FHETUR DL BASE BRI AR EEOL, B RIR% 4 PP T g B, FF4 G f b E 2Pl 5 &
o3 3 A S8 R 3 128 5 P 4, MR RT3 2 R Gt JE VAN S sh A 2 A5 BN GRAE . FEAFIESE I B,
K H Ghost RRAEBLS X5 N5 B THIGERAE, H45 6 InceptionNext-TF #iik 5 DASE i g 2 R TR ERHIE
AR, DAZIE S A REARAEAN AR R AR R-IE . 70 28 B, 51 AR 43 DU B 4 3 452 2o iy A = 3R AT 70 A AL
AR, A G T DI R ) B S N S EY RS, N OGHE S H G T IR . BT MCYT-100 1 SVC-2004
Task2 AFFEARENSLIGEE LK, 1E 10-shot ZMF T, FEHARZFE N 1.46%F1 3.05%.

KRB InceptionNext-TF; 2273 WU i 4xi% 4z 2, B2 T DUk A i) B 38 B S 404 22 SR s
DOI: 10.57237/j.¢st.2026.02.003

Ghost Multi-scale Bayesian Network for Online
Handwritten Signature Verification

Luan Fangjun, Dou Haoming, Yuan Shuai”

School of Computer Science and Engineering, Shenyang Jianzhu University, Shenyang 110168, China

Abstract: For the problems of limited feature representation, unstable parameter learning, and insufficient reliability of
classification decisions in online handwritten signature verification under small-sample conditions, a verification method
integrating lightweight representation, multi-scale feature modeling, and probabilistic discrimination is proposed. Aiming
at noise interference, feature redundancy, and insufficient utilization of dynamic information in online signature sequences,
the method first performs smoothing on the original signature sequences, and then combines feature importance evaluation
with Principal Component Analysis to conduct feature selection and dimensionality reduction, thereby constructing an
input representation that contains both global statistical attributes and local dynamic variation information. In the feature
extraction stage, Ghost feature mapping is adopted for the initial representation of input information, and the
InceptionNext-TF module together with the DASE module is used for multi-scale deep feature modeling to characterize
variation patterns of signature samples at different scales. In the classification stage, a variational Bayesian fully connected
layer is introduced to model the output weights in a distributional manner, and a Bayesian optimization-based adaptive
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parameter search strategy is further employed to adjust the relevant key hyperparameters. Experimental results on the
public MCYT-100 and SVC-2004 Task2 datasets show that, under the 10-shot setting, the Equal Error Rates are 1.46%

and 3.05%, respectively.

Keywords: InceptionNext-TF; Variational Bayesian Fully Connected Layer;
Bayesian Optimization-based Adaptive Parameter Search
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REdE R 2 H — @ I GE &% . Hdr, MSDC 433 (1
AUt B 2 R 23 IR G B AR SR B L — 2 fh 72
{EF; SE 5 DASE BB 5] NN —0 3R, RRiEE
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FT 2% 2 R T o 48 R LT 5 28 44 NE

K2 KBME

WS A B A2 AR B

A0 InceptionNext-TF FEAH ) 4 45 4

Al InceptionNext-TF+MSDC Bl 2% N 2 REE S TRE R 7 32
A2 InceptionNext-TF+SE FAEPZE A SE REb

A3 InceptionNext-TF+DASE TEREAR AR I DASE

A4 InceptionNext-TF+DASE+VB TE A3 Hehih b5 AR5 DL Ak 2

FEMEERD B, A4 BT A3 BE—B 5 N TR
M-S 4z . has R AT DA, MR 2KZER
ISR B AR B R DA — A se A XU,
FE 58 AT S R AL P S 3 50 2 IR, A Hh R 23 5

SHEBTT, TREA BT IRTHIEARFA T 2 RE
I R AT, R 3 MV RLEE KR, & A st
BRAEBEARMEZL AP B R4 T — € AE T, i e AR R AR 2K
BRI _EA N

%3 i

Groups FLOPs Params g’[CC(\':{T SVC f/[ECli{T SVC

A0 10.72M 0.88 M 97.96% 94.50% 4.96% 5.78%
Al 8.76 M 0.67M 98.34% 96.00% 4.07% 4.53%
A2 10.87 M 093 M 98.48% 96.16% 3.95% 4.23%
A3 14.63 M 097 M 98.63% 96.18% 3.93% 4.37%
A4 149 M 0.97 M 98.92% 95.93% 3.05% 3.93%

K 6 o AN Z A AL SR A1 I Frasd A 1 v
BRARALNG DL PTUAE HY, 91 NZeba X 8] S AL S,
B UERA R LR, BB SRR, I %R
TRBCBIME; T K-Means f X [RJYSC 4 SRIK R UAH X1

0.90 "

Accuracy (%)

o o
o ~
a =]

o
o
=1

0 5 10 15
Epochs

R kst DT AL BB S BN I & o I RAE €
FEE BT, BO-APS B 45 & [X 18] B & NI 2256
BRSPS, AT 5RT S HEE R R S
i FERIARE 1k

Accuracy Comparison

0.95 \/

’\/
—— Bayesian Optimization
K-Means

—— Experience Replay
...... y=0.98

20 25
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3.5 XTHSEE

£ 4 RBRTAXTIEECH TIEAE SVC 2004
Task2 44 XS ELas R, nTUUE Y, A IETE 5-
shot 55 10-shot P Fli% B FIHAF 7KK EER, #{k
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SE AT FXT AT Forpr, 5-shot 2544 T (145 SAH
BT ZHON IR RA — @R, 10-shot 254 T 14k
RS BMIER R . XAE—E Ry,
B3R ITVELE SVC 2004 Task2 R4 ) /MEA LS 4 GIF
EEHEA—ErERtES % 7).
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2% 4 SVC-2004 Task2 7 H; 5256

Method S5-shot EER 10-shot EER
DWT-DFT + SVM [7] 4.92% -

Feature weighting algorithm relief [8] 5.31% -

Few-Shot learning [9] 5.83% -

Feature Fusion [10] - 2.98%
curvature feature + torsion feature [11] 4.38% -

DWSCNN [12] 3.98% 3.03%

Ours 3.93% 3.05%

# 5 MCYT-100 *fLbszié

Method 5-shot EER 10-shot EER
Combinational Features + Secure KNN-Regional features [13] 4.65% -

Information Divergence-Based Matching [14] 3.16% -

Virtual skeletal arm + DTW [15] 3.24% -

Feature Fusion [10] - 1.83%
curvature feature + torsion feature [11] 3.62% -

DWSCNN [12] 3.11% 1.92%

Ours 2.79% 1.46%

£ 5 R T ATIES OF A MCYT-100 %
e LRIt R e &5 - nT L, ANSCJ7EEAE 5-shot
L5 10-shot PRI E N IYEUS T AHXTEUET) EER, ik
KU TRATEE . NSRS HHKRE, ESHHEALE
B/ B-shot 251 T, ASCTENRENS RAFRUR IR
D2, UL TR IR S LS ) AR SR E A BRI S
BT BA—EMIERNAE /75 MifE 10-shot 244 T, b
ESHEFEARRBIIGIN, BRI — DG,
X R R R T 7R I PR R R

GG RPHATERTULVE W, RSO IETER AN
FEARVE TR BB E RIAES 3, H A 5-shot
KT 52 B LT EM LR EE, 10-shot 24T
ERF AR EA — RS SRS, &S5 W
SERAE— R FRI, P A E MCYT-100 %
LW IEARZE VAT S A — @ PE R, R
W % TTVEAE 275 K A B AR AN BE % DR FFAE X AR
SE IPERER I -

4 &

ASCHH T — M MR LT 524 NE MR R
IREEZESIRESE, TEHNRE 1 5 THE R 2 [MHAT T 3
Jiit. #5784 Ll InceptionNext-TF SIS RBERFESRIL, I
Wi DASE X5 3 454 i An 5 2 IS R 2 RUE
WA EAT BB, MTTTBE G 1 3 B ML) A DL IRk
HARFETFAE . NI sRAa BRI AR AR 24 N i A e e
Y, ARSCHE—25 51 NAR 5y DU A B2 2 AT AN 2
PR, Jf454 BO-APS SKESKHE S 8% Rid fEdktT

et

£ MCYT-100 55 SVC 2004 Task2 (#i4 #1525
SRR, FTIRTTIAAENEAR R E NS TR IA
TERCR : 75 5-shot 248, EER 43 %114 3.05% 11 3.93%;
7 10-shot 25T, HE—LFER 1.46%M1 2.79%. &
PERE , T IRAE DR R 50 UE T BR 11 (R, 440
—EMREMRE .

[F, ARSI P 5e B 2. fln, 78
BIREERAT N, A8 53 UL 37 2 A0 Ok 2 20T Rl 1
REF= A —E s TR WA BUS 2 1h e, AR
WA BRAEAE S B JE 8 TARR B E A RE XA T
(et UL B SR A2 AL e SR TT i — 2D 5%

[1] Tolosana R, Vera-Rodriguez R, Fierrez J, et al. Biometric sig-
nature verification using recurrent neural networks [C] // 2017
14th IAPR international conference on document analysis and
recognition (ICDAR). IEEE, 2017, 1: 652-657.
https://doi.org/10.1109/ICDAR.2017.112

[2] Ghosh R. A Recurrent Neural Network based deep learning
model for offline signature verification and recognition system
[J]. Expert Systems with Applications, 2021, 168: 114249.
https://doi.org/10.1016/j.eswa.2020.114249

[3] Vorugunti C S, Mukherjee P, Pulabaigari V. Osvnet: Convolu-
tional siamese network for writer independent online signature
verification [C] // 2019 international conference on document
analysis and recognition (ICDAR). IEEE, 2019: 1470-1475.
https://doi.org/10.1109/ICDAR.2019.00236

http://www.computscitech.com



67

[4]

5]

[6]

[7]

(8]

9]

T

Ahrabian K, BabaAli B. Usage of autoencoders and Siamese
networks for online handwritten signature verification [J]. Neu-
ral computing and applications, 2019, 31(12): 9321-9334.
https://doi.org/10.1007/s00521-018-3844-z

Shavit H, Jatelnicki F, Mor-Puigventds P, et al. From xception
to NEXcepTion: New design decisions and neural architecture
search [J]. arXiv preprint arXiv: 2212.08448, 2022.
https://doi.org/10.48550/arXiv.2212.08448

Longjam T, Kisku D R, Gupta P. Writer independent handwrit-
ten signature verification on multi-scripted signatures using hy-
brid CNN-BIiLSTM: A novel approach [J]. Expert Systems
with Applications, 2023, 214: 119111.
https://doi.org/10.1016/j.eswa.2022.119111

Khoh W H, Ong T S, Pang Y H, et al. Score level fusion ap-
proach in dynamic signature verification based on hybrid
wavelet-Fourier transform [J]. Security and Communication
Networks, 2014, 7(7): 1067-1078.
https://doi.org/10.1002/sec.829

Yang L, Cheng Y, Wang X, et al. Online handwritten signature
verification using feature weighting algorithm relief: L. Yang
et al [J]. Soft Computing, 2018, 22(23): 7811-7823.
https://doi.org/10.1007/s00500-018-3477-2

Vorugunti C S, Gorthi R K S, Pulabaigari V. Online signature
verification by few-shot separable convolution based deep
learning [C] // 2019 international conference on document
analysis and recognition (ICDAR). IEEE, 2019: 1125-1130.
https://doi.org/10.1109/ICDAR.2019.00182

http://www.computscitech.com

[10]

[11]

[12]

[13]

[14]

[15]

FT 2% 2 R T o 48 R LT 5 28 44 NE

Vorugunti C S, Pulabaigari V, Gorthi RK S S, et al. OSVFuse-
Net: Online Signature Verification by feature fusion and depth-
wise separable convolution based deep learning [J]. Neurocom-
puting, 2020, 409: 157-172.
https://doi.org/10.1016/j.neucom.2020.05.072

Tan H, He L, Huang Z C, et al. Online signature verification
based on dynamic features from gene expression programming
[J]. Multimedia Tools and Applications, 2024, 83(5): 15195-
15221. https://doi.org/10.1007/s11042-021-11063-z

Zheng J, Chen Z, Huang L, et al. DWSCNN online signature
verification algorithm based on CAE-MV feature dimensional-
ity reduction [J]. IEEE Access, 2024, 12: 22144-22157.
https://doi.org/10.1109/ACCESS.2024.3355449

Doroz R, Kudlacik P, Porwik P. Online signature verification
modeled by stability oriented reference signatures [J]. Infor-
mation Sciences, 2018, 460: 151-171.
https://doi.org/10.1016/;.ins.2018.05.049

Tang L, Kang W, Fang Y. Information divergence-based match-
ing strategy for online signature verification [J]. IEEE Transac-
tions on Information Forensics and Security, 2017, 13(4): 861-
873. https://doi.org/10.1109/TIFS.2017.2769023

Diaz M, Ferrer M A, Quintana J J. Anthropomorphic features
for on-line signatures [J]. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 2018, 41(12): 2807-2819.
https://doi.org/10.1109/TPAMI.2018.2869163



