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Signatures recognition based on strokes 3D depth feature
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Abstract: In order to solve the problem that the recognition rates of skilled forgery signatures is not
satisfied, a personal signatures recognition scheme based on 3D depth feature of strokes is proposed.
Firstly, the real signatures of different writers and the skilled forgery signatures are collected by high-
precision stereo microscope, obtaining the surface 3D point cloud data of the signature strokes. Sec-
ondly, after filtering the noise of cloud data through the Gaussian filter, the statistical features such
as the average depth of the stroke, the standard deviation of the depth along the stroke direction, and
the entropy are calculated. To increase the number of data sets, data augmentation is implemented.
Finally, the data set is divided into training set and test set, using classifier (including SVM, KNN,

ANN) to classify the data set under different training ratios. The experimental results show that the
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best recognition accuracy of the algorithm on the local signature data set is 98.69% , which is better

than most traditional algorithms and meets the requirements of practical applications.

Key words: signature recognition; depth feature; 3D image process; feature extraction; data augmen-

tation
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Fig.1 Block diagram of signature recognition system
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Fig2 Real signature versus forgery signature. (a)

Real signature and depth chart of the vertical
stroke of character “ Ui ”; (b) Forgery
signature and the depth chart of the corre-

sponding stroke.
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Tab.1 Contrast on stroke features of real and forgery signature

Stroke Signature Feature S.Mean/pm S.Std. S.Entropy
Mean 11.030 2.757 —10.786
Real
Std. 1.498 0.542 2.082
1
Mean 13.473 4.023 —14.334
Forgery
Std. 2.262 1.798 3.423
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Stroke Signature Feature S.Mean/pm S.Std. S.Entropy

Mean 17.007 4.706 —14.744
Real

Std. 2.754 1.339 3.267

2
Mean 12.481 3.653 —9.66

Forgery

Std. 1.616 1.083 1.760
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Tab.2 Recognition rates of signature with different clas-

sifier and training rate

T_R 0.5 0.4 0.3
FRR 13.402 8.772 9.023
SVM FAR 3.226 6.140 8.271
ORR 91.686  92.544  91.353
FRR 2.273 7.018 9.023
K—NN  FAR 2.941 3.509 1511
ORR 97.393  94.736  93.233
FRR 6.522 8.772 12.030

ANN FAR 3.061 2.632 4.511

ORR 95.209 94.298 91.730
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Tab.3 Recognition rates of signature after data augmen-

tation

T_R 0.5 0.4 0.3
FRR 2.174 6.299 4.887
SVM FAR 5.610 4.800 7.895
ORR 96.108 94.451 93.609
FRR 1.075 0.885 1.880
K—NN FAR 1.546 3.043 2.256
ORR 98.690 98.036 97.932
FRR 0.497 0.441 2.226
ANN FAR 7.821 4.803 5.263
ORR 95.841 97.378 96.256
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Tab.2 Performance comparison on different algorithm

ARG T 3R T2 R = 4 TR R AR A 45 44 U

Method FRR/% FAR/% Ve IF A T R 4 A O i 2 4 R A 1

GLCM 24.61 4.92 T2 4 0m  E Oy S ARAS L B s Ry T
LBpL'7 11.36 10.05 AR, 2R AE M T 2 IR E S YA W

SIFT! 7.0 5.3 ZE R Ty o) b oE 25 AR 0 3 NS, Rk ss

AlexNet'"] 5.0 75 S, R = 2 R B R AE RR AT RO B A S b 1
KAZE Lo Lo B4 E KNN 432888 b 28 44 YU IF 3R I i A
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Proposed method 1.075 1.546

HA T B R B ERE .

& £ X d#:

[1] FERRER M A, VARGAS J F, MORALES A, et al. Robustness of offline signature verification based on gray
level features [J]. IEEE Transactions on Information Forensics and Security, 2012, 7(3): 966-977.

[2] OKAWA M. Offline signature verification based on bag-of-visualwords model using KAZE features and weighting
schemes [ C]//Proceedings of 2016 IEEE Conference on Com puter Vision and Pattern Recognition Workshops.
Las Vegas, NV, USA. IEEE, 2016. 252-258.

[3] OKAWA M. From BoVW to VLAD with KAZE features: offline signature verification considering cognitive

processes of forensic experts [J]. Pattern Recognition Letters, 2018, 113 75-82.

[4] CUIW C, GUO X P, SHAO H, et al. Offline Chinese signature verification based on AlexNet [C]//Proceedings
of the 1st International Conference on Advanced Hybrid Information Processing. Harbin, China: Springer, 2017
33-37.

(5] T— R, A, & J Tl SIFT iy B 228 44 M 50 07 15 (0] 3+ AL A BF 2 ,2017,34(11) : 3451-3454,3462.
DING Y, ZHAN E Q, ZHENG ] B, et al. Offline signature identification based on improved SIFT [J]. Applica-
tion Research of Com puters, 2017, 34(11) . 3451-3454, 3462, (in Chinese)

[6] MAERGNER P, PONDENKANDATH V. ALBERTI M, et al. Offline signature verification by combining graph
edit distance and triplet networks [C]//Proceedings of 2018 Joint IAPR International Workshops on Statistical
Techniques in Pattern Recognition (SPR) and Structural and Syntactic Pattern Recognition. Beijing, China:
Springer, 2018 470-480.

(7] AmRE « XREETHIHFE 45 R UL T 52842 0 BRI [D]. 58 K5 i K2%,2017.

GHENI Z. Study on Uyghur off-line handwritten signature verification based on statistical features[ D]. Urumqi:
XinJiang University, 2017, (in Chinese)

[8] ZHANG SJ, MAHPIRAT, AYSA Y, et al. BOVW based feature selection for Uyghur offline signature verifica-
tion [CJ//Proceedings of the 13th Chinese Conference on Biometric Recognition. Urumgqi, China: Springer, 2018
700-708.

[9] ZOIS E N, ALEWIJNSE L, ECONOMOU G. Offline signature verification and quality characterization using

poset-oriented grid features [ J]. Pattern Recognition, 2016, 54. 162-177.

[10] B, & REFET LBP MIREX AN FEELRMNTEN]L T8 -F 5 ,2017,34(1) . 23-31.



1020

W5 B 5 34 %

[11]

(12]

[13]

[14]

[15]

[16]

[17]

MA X Q, SANG Q B.Handwritten signature verification algorithm based on LBP and deep learning [J]. Chinese
Journal of Quantum Electronics, 2017, 34(1): 23-31. (in Chinese)

ZHANG S L, Li F L. Off-line handwritten Chinese signature verification based on support vector machine multiple
classifiers [M]//HU W S. Adwvances in Electric and Electronics. Berlin, Heidelberg: Springer, 2012: 563-568.
JOSHI M A, GOSWAMI M M, ADESARA H H. Offline handwritten signature verification using low level
stroke features [CJ//Proceedings of 2015 International Conference on Advances in Com puting » Communications
and Informatics. Kochi, India: IEEE, 2015: 1214-1218.

FURUKAWA T. Detecting indentations on documents pressed by pen tip force using a near infrared light emitting
diode (NIR LED) and shape from shading [C]//Proceedings of the 4th International Workshop on Com putation-
al Forensics. Tokyo, Japan: Springer, 2010 114-125.

FURUKAWA T. The new method of identification of handwriting using volumes of indentations [ C]//
Proceedings of 2012 International Conference on Frontiers in Handwriting Recognition. Bari, Italy: IEEE,
2012 163-168.

WO, A A RS B = AR SR B BT SO BE 0 45 44 28 D RRAE (W SE AR B ST L ] F B A 2 B S 4R, 2016
(3):66-69.

SHEN S, HAN D Y. YU G. Experimental study on the imitation signature pen-tip forces features using the hand-
writing 3D information extraction analyzer [J]. Jowrnal of Criminal Investigation Police University of China ,
2016(3): 66-69. (in Chinese)

RO F AT, AR, F RS ESHEERFRENEL AN LN E]L LS 5 T8,2014,22(7):
1946-1954.

LING J Y, HE X, WEI Z H, et al. Footprint automatic alignment algorithm fusing texture features and depth in-
formation [J]. Optics and Precision Engineering » 2014, 22(7): 1946-1954. (in Chinese)

VARGAS ] F, FERRER M A, TRAVIESO C M, et al. Off-line signature verification based on grey level infor-

mation using texture features [J]. Pattern Recognition, 2011, 44(2): 375-385.

EERE I

BMPEQSL—) . L HHRKEFEN TR
BT AR S0, 1983 4E T3 Ak Tl ok
SRR 2, R R E R AL
R B R Gk AF T | AT 8. E-mail.

wzhlvp@ sohu.com

RIBID(1996—) , 53, Mg I 1N A+
WHoE A, 2017 4F T i 2 K2 ik A3 %+
& SIVANESE A INE LRSI |
U 5 45 7 1 ) F 5% . E-mail: wukun-

shuail7(@mails.ucas.ac




