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Automatic recognition of high-simulation photosensitive seal stamping

ZHANG Qian', HAN Xingzhou
(1.Forensic Science College, People’s Public Security University of China, Beijing 102623, China; 2.Institute of Forensic Science,
Ministry of Public Security, Beijing 100038, China)

Abstract: To realize the automatic recognition of high simulation photosensitive seals and explore
the influence of training sample size and network model on the recognition accuracy, two high imitation
photosensitive seals were prepared by scanning, printing and rubbing design forgery. 3 000 seals were
stamped as training samples and 30 seals were stamped as test samples. Four models of convolutional
neural network were utilized to identify the high simulation photosensitive seals. According to the results,
all the four network models can get 100% recognition accuracy. The convolutional neural network can be
used as a feasible method to provide auxiliary reference for the test. By comprehensive analyzing the four
network models, Resnet50 is the best choice for the task of high-simulation photosensitive seal printing.
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Fig.4 Resnet50 network structure
4 Resnet50 [W 45 254 ]

SR VEHCLL T A IXCB A W 55 A BRSO IR s R FHEET O BV I 1A SC N A A G BEN B, s A AT Ep
Dot . ENBCTH Db i O ik 20 il il % 2 AR O OGN B . 5t 3 FPENE LI S)IE SR ED IR I AE A4 STENAR B
RS B ED 1000 ALERSC, AT 2 B SCEVBAE M IR AE A Rt RESREDTE /00l s B0 10 ACEpSC, A4

31 P SC BB AR o MR A K dls

iz [ Lenet5,Alexnet,VGG16,Resnet50 4 Fh#:fH £ W 4%, LL452EFI3C 100,200,300,-+-,1 000 7% % 2% 35 38 14 |
SrFEAR LT 40 WUNZE, DL RE A B0HE JE AT PR BE B0 UE , B VISR o I3k B TR 0 E AR ORI R Y B U
(loss). THAEMI I FEATZEA ELXT, AT ZRAtAs o . O 45485 780 %) i 70 Ko 30 1) v 0 38 1) 2 T

3 ZWHR

3.1 N ERFE A2 X IR B A R B %

SEIE Lenets [ 25 BE7Y 1) 10 YA Rl ZhAe A
AU R ANk, gk I i MER 2 A loss (L
SN 5 T o RT3 AT R S v A R

Bl —E, HEIGHEARRRIEZ,

e 4 1

F| 30%[y$ET, H loss {EAWHE /N, EHIIZ S
F14 o0 245 A5 7 i Dy Wi S5 L 0L M dis BB 0 N I g o . LU

3 000 sk IR M4 AT, B e HERM 2R 0l ik 90.8%.

SERC Alexnet WIZERETRIY) 10 RO [ Y ZrREAR
s AMGL, UIZE . WK AR SR A loss fH
ICENE 6 Fras, 16 300 skUIGE AR ST, loss fHAIK, DLW MR RIS SR HE, 4 S 4R 1E A L LLFE 4
WEMR PR ESE, FENERUE, RN 34%. HEEEFEAR RN L, #EmhEHE 3] 53%8 3T,

PL 2 700 sk I 2k 4 B, B i HERR SR A ik 96.23%.

accuracy/%

100

12
90 rain acquracy ‘ _4
80 — 1.0
™, e A
70 P > ; Los
60
50 ~, / loss 068
e / \ be
40 teptaccurpcy \ L4
30 —~— % '
20 e 102
10
0 0
300 600 900 1200 1500 1800 2100 2400 2700 3000

Fig.

training sample size/piece
5 Accuracy rate, loss value change of Lenet5 model
5 Lenet5 FBI R . loss (AR kAT IE

5¢ il VGG16,Resnet50 [ 25 #1110 YA RN ZRbE A B9 U ZRAni sk, 2k . I3 AY A R A loss T &

WK 7~K 8, gk e R AR E

Ml ke AR 2 600 5K LI ErF, MK AER R AEFE ©/E 100% /8

£, HBPL 300 KEEARYILRAES, Resnets0 FEAEIFG MK AER R K 86.67%, VGGL6 LA H I HE#E N 90%,
VGG16 #TF T 45 4%ER R T F M 450 rp £ I 2R A AL S 808 0, SHI A AR & A0 77 SR A X a2



551 3]  BE. SHEXAHINEZNENXHY BRI 139

100 0
9 trajﬂlam& 1ggT 7 0.016
80 Pt - 0.8 s AN 17 F0.014
< 70 N . 70 N trair} accurgcy L0.012
< < o~
g 60 “\ /; 0.6 g ? 60 ‘\ test agcuracy 0.010 2
5 %0 / \ [estaccfiracy - 550 1O5S 0.008 =2
& 40 tops 0.4 3 4 L
o f S— < 40 A 0.006
30
2 — L 02 20 S 7 0.004
10 10 kL - AN =+ 0.002
| "\jr.."'- 0.
%0 600 900 1 200 1500 1800 2100 2400 2700 300 0300 600 900 1200 1500 1800 2100 2400 2700 3000
_ training sample size/piece training sample size/piece
Fig.6 Accuracy rate, loss value change of Alexnet model Fig.7 Accuracy rate, loss value change of VGG16 model
6 Alexnet BIRIAERG A | loss (EALATELIA & 7 VGG16 MiFIERIZ . loss (HAMLITLE R
100 1 0.0035  100m—1
Zg - [ test [accurafy / 0.0030 22 1\, I m ! ;
traip accurgcy ) ) 7 /
g DY 00025 o 0 7 ferter
< < 60 AL
§ o0 \ 0.002 0 % gSO ;f Le_m:ts eSNtTo
2 w0 ~ toss 000158 3, 1 7
8 ~ -loss g 4]
30 rel 0.001 0 30
20 20
10 Sl e 0.0005 10
9300 600 900 1 200 1500 1800 2100 2400 2700 3 oD $0 600 900 1200 1500 1800 2100 2400 2700 3000
training sample size/piece training sample size/piece

Fig.8 Accuracy rate,loss value change of Resnet50 model Fig.9 Training accuracy rate changes of four network models

8 Resnet50 FLAIERK | loss {HARfkATL A 9 4 Fir X £ L HU 1| 2T 2R AR AL ]
3.2 &R TR Bl AR BRI

ZEA RS 4 Fh AR I 2k . DR HERG R, 25 R NIE 9~10 fifn, VGG16 Ml Resnet50 [ 4% 5 A [ 41 #5258
L BIAE ZE U ZR AR A A D I SRR, 2 B TR G R Y R AR 2% ) BB ) B RB S B3 909 Y TR E B R 5
Alexnet,Lenets T M4 2 F A3, SRy, PURIMER RIS K, EFEARER DA T, Alexnet iR
PR RE A X B 25 . YIZRBEAR B Z /DK 2400 5K, A RECRIUE 4 Fb 451 2] 80% LA L MR E 6 R . T FERT
) J7 T b8, Lenet5,Alexnet,Resnet50 J#EMf A4 7E 10 min By, & 11 s VGG16 T FERT ] 52 KEA i i 28 4k
SO B R, A T A 3 ) 25 AIRY B AR B =R TE T4 70%.,

100 ! 35
90 \"AClCI L) V? 30
S 80 Resnet56
Té‘ 70 - 25 VP\P 16 Rbsnet50
:3 60 L enats Alexnet £ 20 Lenet5 Al t a
] o £ s \ | A Aigne
£ 40 ’/ = \ /
':ES 30‘ 10 I%/ /
10 . / .
0 X
900 600 900 1200 1500 1800 2100 2400 2700 3000 300 600 900 1200 1500 1800 2100 2400 2700 3000
training sample size/piece training sample size/piece
Fig.10 Test accuracy changes of four network models Fig.11 Time consumption changes of four network models
10 4 Foft o 2 AL I o 1 2 AR Ak ] [l 11 4 F o 5 A5 T RER ] 2R Fk ]
1.2 12

Lo o o —
0.8 \ 0.3 /

flexnel | enet :
| \ 06

% Resnetfo h‘h\‘ ' Repnet50{GG16
" veols 04 Y,

-
1
29
-
>
@
x
>
[}
—_-

loss
loss

0.4

N ] R RNAY

-t I 0.2 \ 7/
0 — = = & 0 g&.ﬁ‘zﬁ;—.
1 2 3 4 5 6 8 9 10 1 2 3 4 5 6 7 8 9 10
epoch/times epoch/times
Fig.12 Loss value changes of four network models(1 000 Fig.13 Loss value change of four network models(100 training
training samples) samples)

12 4 T 25 loss {E AL LT (1 000 FKINZRHEAR) 13 4 Fh 45K loss {E AL A4 (100 SKIIZRHEAR)



140 KMZMESEFEEFR 518 %

Pt 75 B9 0 245 A5 TR0 AN S 75 B LA 58 o A 3] o A o [ Bof o iy L4 ik K Az Ak i 71, MUINZRAS 20RY loss {78 fk
AT, FEVIGRFEA B3 Z IGO0 T (LI 12), 4 FhINZAEETY loss SIANWIE L, (B AEYIZRAE AR i 45 20 i 15
T 13), 22 814 (epoch)i &, {H Alexnet Fl Lenets BT () loss {HIFBEA /D, FO MK “2FPIEL
M s R A

4 £

<l
(avg

J5F Pytorch SEE 4 B BB 28 I 25 A58 52 1k e U BCOG BICEN FE BN SCIY [ SR BIAE 55, 8 A SEI L X o B A5
HLATF 458

1) Em O BEORREN B N SC A SR BT S, 4 B & s B 2 0 45 BRI BEERAS 100% 19 S0 %, JIF
A 3 B 28 I 245 BB A A — ol i 2 A9 7 0 o G 60 68 o R 11 2 2 ki

2) FAE U GRRE A e R ARG B R R R R R, O T HUS 90% Lk AR ERG R, Lenets 4%
AL Z /DT 3000 sKUIZRFEA, Alexnet W17 25/ 2 700 5K YIIZRFEA, VGG16 1 Resnet50 [ 4% 517 55 />
7 600 SR YIZREEA

3) LEAE . AHTGH . 4 FhNZEHKEAD Lenet5,Alexnet,VGG16,Resnet50 72 {kfi 77 h 55 B3, 54T VGG16
I 45 1 N AR FE A e K, IS e Pt s Resnet50,Alexnet, Lenet5 K /N .

4) LEA T EIHFERTR] . RIVEREA AR . R ARSI R4S T I, Resnet50 HiE F T R 5 EOOGREED R
ENSCHy A shiR BT 55 .

SIS E UE B T 6 AR 28 ) 45 A AR ED R BN SC H ShiR B i T AT, (H 7R WA S E L PR AT, XA
E 55 BN SC A S A R PRl ] 25 AR AE SR T a2t , 2 AR IE R A A AR TR S AT S8 0 o i, B BRI RS
{0 FVRE AP Jo R A7 25 BT R A (B PRL I B 35 B0 SC A B sl i) B BB BCAS 100% A9 S50 HERf %, t BB R AR 50
YT R BN . TESEPRRME R, REABREER D HEREARBRIE, BT R R 2N REAR K
P o] 4 v R S A R S R e MR A R I BIE S I

S % 30k

[ 1] BRG] H . ARATEDSE AR 3 7 (0], B B A2 i K K224 42, 1998(6):663-667. (LIAO Wenjian, CHENG Yu.
Fuzzy identification method for bank seals[]J]. Journal of Nanjing University of Aeronautics & Astronautics, 1998(6):663-667.)

[2] Xa,EZH G T T 00 % 50 i AR 7040 3 Rl e 5k ()], T3P0 T/ 5 8 H, 2003,39(3):34-37. (Al
Wu,PENG Lei,LI Lingling,et al. Preprocessing and registration algorithm for check seal verification[J]. Computer Engineering and
Applications, 2003,39(3):34-37.) doi:10.3321/j.issn:1002-8331.2003.03.011.

[3] sk, A ﬁ]ﬁfﬂ%éLm%ﬂ‘iiﬁ?i*Eﬂ%[D] A P R BT K %2, 2008. (ZHANG Yan. Research on some key
technologies in automatic bill processing system[D]. Nanjing,China:Nanjing University of Science and Technology, 2008.)
doi:10.7666/d.y1542675.

[4] FEFK 0 R, &0 Bk O SO U R A 36 (T]. W03 B B 2% 4, 2015,28(10):140-142. (DENG Shaogiu,
FANG Fang,XIE Binjian. Identification and verification of forged documents with high simulation method[J]. Journal of
Hubei University of Police, 2015,28(10):140-142.). d0i:10.3969/j.issn.1673-2391.2015.10.036.

[5] SHARMARBXGIR. HeT BRI 2% AR 0 R B A1 70 2600, I ARBHE R 2 2 4l (A AR ), 2014,33(6):91-96.
(JIA Shijie,YANG Dongpo,LIU Jinhuan. Product image fine-grained classification based on convolutional neural network[J].
Journal of Shandong University of Science and Technology(Natural Science), 2014,33(6):91-96.) doi:10.3969/j.issn.1672-3767.
2014.06.013.

[6] DAN C,MEIER U,SCHMIDHUBER J. Multi-column deep neural networks for image classification[C]// Conference on
Computer Vision and Pattern Recognition. [S.I.]:IEEE, 2012. doi:10.1109/CVPR.2012.6248110.

[7] CIRESAN D C,MEIER U,GAMBARDELLA L M,et al. Convolutional neural network committees for handwritten character
classification[C]// International Conference on Document Analysis & Recognition. [S.I.]:IEEE, 2011:1135-1139.
doi:10.1109/ICDAR.2011.229.

[ 8] HINTON G,DENG L,YU D,et al. Deep neural networks for acoustic modeling in speech recognition:the shared views of four
research groups|J]. IEEE Signal Processing Magazine, 2012,29(6):82-97.

[9] JDGHE. . EKz %, &7 BOCHEN = 0 Dhid ik SR RS ETR]. PEEE S E, 2018,100(5):76-79. (ZHOU
Guanglei, WANG Changliang, YANG Xu,et al. Research on the methods for simulating photo-sensitive seals and its Forensic
Identification[J]. Chinese Journal of Forensic Sciences, 2018,100(5):76-79.) doi:CNKI:SUN:SFJD.0.2018-05-009.



551 3]  BE. SHEXAHINEZNENXHY BRI 141

[10]

[11]

[12]

[13]

[15]

[16]

[17]

[18]

[19]

[20]

SREE, A . R A AR DG RN SCRY SERR B S (0]. AU T S B o 4z, 2013(2):169-171. (ZHANG Qian,
GUO Lei,LI Jinlu. Experimental study on identifying photosensitive seals by using coincidence ratio[J]. Journal of Hubei
University of Police, 2013(2):169-171.) d0i:10.3969/.issn.1673-2391.2013.02.053.

XNGAR AT B PR, 5. T AR RS W EN AL T R SE[)]. J62% 2% ), 2009,29(11):3043-3049. (LIU Tiegen,
HE Jin,DENG Jijie,et al. A seal imprint identification system based on embedded structure[J]. Acta Optica Sinica,
2009,29(11):3043-3049.) doi:10.3788/A0S20092911.3043.

R REE. — I T 02 45 F BT Y B2 A Sh AR VA ] WLl K252 4], 2005,33(3):268-271. (CHANG
Junmin,CHEN Guoding. A new automatic seal imprint verification method based on neural networks[J]. Journal of
Zhejiang University of Technology, 2005,33(3):268-271.) d0i:10.3969/j.issn.1006-4303.2005.03.009.

Wriz 3C,E i K. B TIUM SRR e 9 BD % A sh O 50k 0], 3H3EHL TR 5 B, 2005,41(27):4-6. (CHEN Yunwen,
WANG Yifei. Seal identification using geometrical statistic features|J]. Computer Engineering and Applications, 2005,41(27):4-
6.) doi:10.3321/j.issn:1002-8331.2005.27.002.

P2V 2 . R T 22 0 2 A R SR ) D 2 O B TR D] e O A R R A2 i, 2002,34(4):368-371. (LIAO
Wenjian,CHENG Yu. Multi-classifier decision fusion based seal imprint verification approach[J]. Journal of Nanjing University of
Aeronautics & Astronautics, 2002,34(4):368-371.) doi:10.3969/j.issn.1005-2615.2002.04.014.

o] . 4 FED % B IR 98 7R F5R D). KRR EEK %, 2010. (HE Jin. Research on new method of identification of
financial seals[D]. Tianjin,China:Tianjin University, 2010.). doi:10.7666/d.y1874588.

Z2 SO/ XN B T2 A — Bl R /NI AR 4 5 4 BRI 28 00 235 1 s AL BE RMBGRU) 5 03 R D). L TR S
Bl2#, 2018,40(9):124-130. (JTANG Wenchao,LIU Haibo, YANG Yujie,et al. A high similar image recognition and classification
algorithm fusing wavelet transform and convolution neural network[J]. Computer Engineering and Science, 2018,40(9):124—
130.) doi:CNKI:SUN:JSJK.0.2018-09-018.

F P SRR, RBE S S HESE Caffe 72 KR 43 2K iy D] BUARTHEEHL, 2016(5):72-75. (WANG Xi,ZHANG Haixian.
Application of deep learning framework Caffe in image classification[J]. Modern Computer, 2016(5):72-75.) doi:10.3969/
j.issn.1007-1423.2016.05.016.

SUN M,ZHANG D,REN J,et al. Brushstroke based sparse hybrid convolutional neural networks for author classification of
Chinese ink-wash paintings[C]// International Conference on Image Processing(ICIP). [S.I.]:IEEE, 2015. doi:10.1109/
ICIP.2015.7350874.

ABDEL-HAMID O,MOHAMED A R,JIANG H,et al. Convolutional neural networks for speech recognition[J]. IEEE/ACM
Transactions on Audio,Speech, and Language Processing, 2014,22(10):1533-1545. doi:10.1109/TASLP.2014.2339736.
LI S,LIU Z Q,CHAN A B. Heterogeneous multi-task learning for human pose estimation with deep convolutional neural
network[C]// Conference on Computer Vision & Pattern Recognition Workshops. [S.I.]:IEEE, 2014. doi:10.1109/CVPRW.
2014.78.



