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Abstract Optical Coherence Tomography (OCT) is a high resolution imaging technology, which
provides depth information of multilayer tissues of finger skin. An OCT-based fingerprint image
is presented in the form of multiple cross sectional images (i. e. B-scan), which is quite different
from the surface image of fingerprint. Reconstructing subsurface fingerprint image from multiple
B-scans with high quality will not only solve the image degradation problem caused by surface
imaging (e. g. , altered or worn—out fingerprints, wet/dry fingers), but also provide compatible
image data for minutiae based fingerprint recognition techniques. However, existing
reconstruction methods are designed only for internal fingerprint (i. e. some layers of skin tissues)
and simple edge detection approaches are used. Other features such as sweat gland, which exists

in epidermal layers of skin tissues, cannot be extracted effectively. Meanwhile, those traditional
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hand-crafted feature based methods usually involve lots of parameters, which are sensitive to
noises and are thus not robust. To solve those problem, this paper, for the first time, proposes to
reconstruct subsurface fingerprint image using deep learning. The proposed method firstly uses
HDCRes—34 as the backbone network to robustly segment each OCT-based B—scan into stratum
corneum layer, ridge part and valley part, which correspond to stratum corneum layer, viable
epidermis layer and papillary dermis layer. In HDCRes—34, an Atrous Spatial Pyramid Pooling
(ASPP) structure is applied to increase the receptive fields of the network, so as to acquire more
accurate feature representation. To further improve the segmentation accuracy, we applied a slide
window to the adjacent B-scans to correct the false segmentations caused by the uneven
distribution of the subsurface skin structure. The subsurface fingerprint is finally reconstructed by
fusing the information of three layers by a weighted combination. In experiments, we randomly
selected 4,800 B-scans from 116,000 B—scans collected from 73 volunteers to train the proposed
segmentation network. To verify the effectiveness of the network, we compared our model with
21 classical segmentation models. Experimental results show that the proposed model can well
segment the B-scans into three layers with different skin structures, with mean pixel accuracy of
0. 956 and mean intersection over union of 0.873. To determine the most suitable weights for
fusion, we analyzed the reconstruction results based on the number of sweat pores, the restoration
potential of worn—out fingerprint surface and the definition of ridges and valleys of reconstructed
images. Finally, we evaluated our method with the state-of-the-art internal fingerprint based
methods using the number of features (sweat pores and minutiae) per pixel, the ridge-line density
and Equal Error Rate (EER) on our own database, which were collected from 100 finger pairs of
students (or officers) and 45 finger pairs (worn—out fingerprints) of labor workers. While 5. 3X
10" ridge-line density is achieved, around 1. 9X10° sweat pores per pixel can be extracted from
the image reconstructed using our method. 5.2% EER is achieved for our approach in our
dataset. The results show that our method outperforms other reconstruction approaches in terms
of the number of features per pixel, ridge-line density and EER. When worn—out fingers are
concerned, the accuracy of subsurface fingerprint reconstructed by our proposed method is about

40% higher than that of 2D surface fingerprints collected by two commercial optical sensors.

Keywords optical coherence tomography; subsurface fingerprint; internal fingerprint; deep

learning; fingerprint reconstruction
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W ULTE S BB SEEG 0 L 2 A /NS 5. 3 BT i
Hh B E A S EA T L T S B B AN B, Y TR
Xt M B R R I o O R T P i SUEE M 2
B /N 5. AR AR SO i A B S L A 3R
BURFIE SR RHAE ST FIE 20D C | B S50 2

5.1 HESEMERIIZ

ASCHFR SRR AR A T 71328 BH (374
Bk 36 L O A FHRHE BT, BIEHE & 504
20-40 % I = TAEN G DL K 23 45 38-60 %
MFEFBIAR T 55 8 TAER . FATRHE 2 %
# AT OCT #5804 . T4 — W H ML % 400 1§
B-scan B » BEAR TF-48 3 AN B B CF B 18D 47
FEERE. T A EEE G TFRIETR8OC AR,
B2 AT OCT 48 8U 885 5 1 & 145X 2X400
(FHE R X R K B:F-48 19 B-scan B ) ik
FI4. R 3R AT 2D 7 4 S0k 4 4% (URU4000
B) A1 2D kG AR BORE RS Y (R its B TR 442
PR 2 T8 SOECHE e i (R SR AR 25O X 45 Ak F 1
NF KL 155 3 TAE B F-48 AR 4 P B Bk
154 2D R 8 BCR A 15 2] 45X 2 FHR B X R
B2 VKO TR AR BE 3R 512 dpi K/ 328X 356 14 %
(1) 2D 2 T 48 U8 46 . A& 9 (o) 25— B MG /R
DL R AT B A5 X 2(F A8 X} SRR B 5K 4 HEHR K
254 1200 dpi K/ K 640X 480 14 K 1Y 2D 2% I i kG
JE S8 SUORE A L W 9 (o) B — 5 EMZ T s . i a0
58, RIS N G 48— Rt JCEE B 1Y . R
R B0 2D FRTHIFE SRS BT i A iy 5 1 R SR AR
J155 80 TAE# B K554 , FHe A AE sk 2 5 1
% Rz a3 BE 01 O » PRI TSR AR 21 1) 2D 2R 1T 5 8 S
FE i A, FAT TPk Z R B i 4.

TEBAI R ARy T FRATTX 145 R F-
F& R 12 HRF-F5 4% OCT $8 8L e Jik 4 21
S % OCT Sk I R0 FA T2 B R A 3 it A 7
WE 1) Fros B8 R PO bR, Hebrid 4800 (12X
40005 OCT RE AT S . (33« AR SCEE 4 ik J 5K
PRAEYR T TARTE A b i iy A i 2s , Al
B AR GO [R]—5K B-scan BUS 53 0 EA TR
T X =R A SR BCE IV N e SRR S AL D

TV GRS A 80 %6 I Am i Bk » B 3840 7K
R IEAT IR 20 %0 BOARTE SR » B 960 5K 5icdi 54 7
Bk . AR AL o g 2 pR I 52 SR L A Ak il
Adam™, He25 3] #5h 0. 0001, YI 2543 EI R, B
AR IEAC BN 10 YR L St RN 10 3K
5.2 BUKEEBBRMEST

AR 0 BT S B0 % 1 JE AT A B AR AT
FLARSELS % L F2 s o R, A SERTN 45 F1 53
1) R0 265 Pt %, 51126 21 b - SRR o AR SCR A
BEVEAT A3 B, SC 045 L3 1. LAl ) 25 A5 A X EL il
FIVGG-17"", Res—34"F1 HDCRes—34"""".
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F1 AEDEERERBIEE LNIEER
FL Al X 445 PR bR FCN! Atrous-FCN"  U-Net®®!  PSP-Net'®  DenseASPP!*! BiseNet"™"! ARSIk
VGG-17%! 0. 868 0. 858 0. 801 0.853 0. 870 0. 858 0. 862
Res—3446 mloU 0.870 0. 862 0. 837 0.832 0. 863 0. 861 0. 870
HDCRes—344! 0.875 0.861 0. 854 0. 840 0. 865 0. 858 0.873
VGG-17 0.962 0.952 0.939 0.918 0. 960 0.917 0.949
Res—-34 meanPA 0.967 0. 946 0.926 0. 906 0.970 0.943 0.956
HDCRes-34 0.951 0.926 0.877 0. 946 0.962 0.914 0.956
VGG-17 0.917 0.922 0.823 0.913 0. 957 0.944 0.938
Res—34 FR)Z PA 0.944 0.954 0.875 0.958 0. 946 0.983 0.966
HDCRes-34 0.966 0.972 0.941 0.897 0. 985 0.926 0.962
VGG-17 0.873 0.938 0.819 0.769 0. 920 0.827 0. 846
Res—34 B PA 0.908 0. 868 0.951 0. 883 0.919 0.877 0. 889
HDCRes—34 0.877 0. 847 0. 859 0.944 0. 876 0.942 0.938
VGG-17 0.982 0. 906 0.899 0. 846 0.945 0. 845 0.955
Res—34 A PA 0. 986 0. 987 0.822 0. 780 0. 987 0.918 0.913
HDCRes—34 0.897 0. 803 0.732 0.920 0.994 0.795 0. 895
VGG-17 0.0513 0.0363 0. 0596 0.0545 0.0373 0. 0499 0.0518
Res—34 Std 0. 0465 0. 0555 0. 0556 0.0684 0. 0487 0.0494 0.0416
HDCRes—34 0. 0426 0.0670 0.0758 0.0436 0.0614 0. 0604 0.0390

A ) 2% X HE B A 40 % FCNY L Atrous—
FCN™, U-Net**', PSP-Net*”, Dense ASPP"" DL M
BiseNet™. £ ¥ #i 45 ¥ H » IoU (Intersection—over—
Union) &y I 25 5N 5L SEARZE /9 2 T L, mIoU i —
ik B-scan EI& A B2 E BRI =245 A 29T
FL S 3(E . PA (Pixel Accuracy) A5 R % .
BB R B HIVEMFEFR. meanPA NERT 5t AME > E
SR A R BB AR R UER . Std R
% J& mloU. meanPA . f Jit JZ PA . ¥ PA FI 457
PA VPN FEFR AR AEZS  FH DA B AR A S 1 O

R B EAS SC 3 ) 26 1 U HDCRes—34 1y 5k
filt B0 2% /9 A7 &L PE . X B VGG-17. Res=34 Al
HDCRes-34 73 I RE , T AT 3% 1 b fie)m — 23T
Wra&45 2 mloU.meanPA £ i 22 PA VK #B PA I %%
B PA T 145 B A I E (Mean) FAR E 22 (Std) L FF:
TER 2347 LU #E . 45 SR R W HDCRes—34 JEAilf 9 45 119
SEIE A 0. 925, JL T AP AN X 45 L UE B A SR H
HDCRes—34 Ay LAl 9 28 B 75 50 P 8 5 44 5 RIS A
#E22 R 0. 0390, IX B IR , IE I FIVERE AR E .

Sk B UE 431 D) 4% v B ASPP 25 44 i AT 80Pk

®2 HEREMNEEITENERTHESIREE

VGG-17 Res—34 HDCRes-34
Mean 0.910 0.919 0.925
Std 0.0518 0.0416 0.0390

FRATRE R 1 v i K1 I 24 7 LAl I 4% 2 HDCRes—
34 IF AN TR DA 46 B 25 2R O 435 StdD 33 {E
(Mean) » #r H S5 i (B RS — @ IR PR IGR 1 e
— AT AR E 22 (Std) » b M e I RS AR A, 45

2 3 B . AR S0k E 7 ¥R ¥ E (0.925) @ T
Baseline ( Atrous—FCN) [ 4% , JIE B T ASPP 2% #4) 1)
B RNE. AETA M2 H, Dense ASPP W 4% 48 5 (i
(0. 936) iy » A ST VEHER 55— SR M AE bR 1 2545
R ARSI 5 0. 0390, HEA 55—, 1T Dense ASPP 4
25 HEA 58 AU BT AT R, AR SO VR AR AR AR A E
HE# 5 Dense ASPP W 26 A 22 — 44 (HFE 48 b 1fE
2= HA R AR e M I PEN FE AR Ik S /).

H1 T 400 5K B-scan FI& Th E 450 EE Y filidE
o3 A AN B AEAE R T4, SAE G O T, 435
AN TC 3 B AT 43 B0 43 AR 1% 22 1) B-scan. 4n1&] 6 2k
BN BT S 765 5% DXl i A 7 K o W 2 1), ) o

®3 MHESEMNEMITNERTFHESIREE

PEM R AR FCN Atrous—FCN U-Net PSP-Net DenseASPP BiseNet AR
Mean 0.913 0. 882 0.853 0. 909 0.936 0. 887 0.925
Std 0. 0426 0. 0670 0.0758 0. 0436 0.0614 0. 0604 0. 0390
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P 8 55 AT R BEE B. i3 K i 5 A 1 K
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I, T LA 2 A R R AL b A /N AR
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A LA B 2. SR, B, i U B 4 g
102 X S 2 T AR 25 SR 10 TR . AR EAR B 2 1T
FLRFAE B0 Y IRUBLI 208 R {H 2 B, R 3K 3L
45 TR v 0T N7 4 B AT DX Sl B NS L BE AR A ) R A
T 245 5 S ARORS B2 48 SURFIE R 3R 3. B, 1 U 52
M) 440 445 SR 116 A0 2k SOBRARRAIE . AEBE A5 B A0 (R 8L
BRI, 0, Y HUE R 128 A BE/ .

R S T 8 B B UM A SCIRE T
Bi=0. 0, L3k /& A BT R A AR F B, 2B B, 1 U
e BT E B, I AL BUE. [FIRERY . B8 8,=0. 0. M4
75 B0 U A LEE B 5 B, 1 SR LI, S g 25 R
B9 f . il B 9 Ca) i 52 56 6 E AT AT, [ 58 Bi—=
0.0, Bl B, , B ks A 4R IX Sk i 18 52, It
HLAR AR B8 ST (1 — 3, — 2,38 438 i) T LA
TN A ER A R 24 3,=0. 0, 3,=0. 7}, EAH
WO AL

AR SC AR H B A B AT DA R B, AN B, Y
{H LA HEAT 48 SO RV AR AE B WF 5%, AT IE B 1 2k
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W p=1.0,p5=0. OFATHELCE Y ; FEHOE B LA



2042
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% R 21 B-scan EG H Ff 502 FE PR R 250
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FHQ R AN R AE A R AR 04 550 1 0 7 e N [R)
PSR A LS bR UE. FRIE BB 2, FEAY 45 3L
. [FR, T R R R SR B A RRIEZ
— RATRELREE AR R EREREEOEN
FEIRIL T — MR bR

K9 HEAMEERIER. (o). @A B, ) HE A 45 R Xt
FE, (b). BRI TR] B, I f) B AR 45 SR XT L, (). 4 9 2 T & 4t
2D FR LG S0 B A SO R AR o SR SRS i 2k
HE Ay 45 BB X I8k

TEARBUE SURFHE 2 1T, BEAL 30 5K B A 45 201K
14 P HL 100 4~ R SF 2k 100 X 100 4 2 11 1F 77 T8 IX.
I AR XX 100/\1:1%3 FRRAESEST N TAREE. 11

AR RO A O 5 100 D Pizels/(100 X 100),

Pixels F s FREAR 12 X IR AR . 10 AR FRRAE
T REAE B 20 B B S RS R AR AR L (H R
RRFHERCE B 2 IR S g 45 R 30 AT LU X4
P e A ST AR T 4R 22 OCT s 24160 b A
(] o 326 BB ) T 5 T DXl 347 Ay ot iy A ] X3
GERANFR A PR A SCE S5 R L E TR
A R %, BRSO3 e s B i vl AR L
2 [ 4T R AR AT DR B AR SC s vk 7R g AL
B-scan LT A9AE B DAARAS Bt i 48 804



10 X G TR S (X T 8 S 2043

Uk <Rl

p=0.0, p,=0.7 B I3

el

[ *

.+ [ ey
7 )
: Oy e
(a) (b)
10 B S A A SR i R X HE 28— AT M T — 35 4%
PG TR AR 25 SRS H , 06T b G v T 1 T T DX 38 K% g 24
IEME. (). ASCEMED(B,=0.0, £,=0.7),(b). Tk
{BLAS U 5 1k (Peak— Detection) ™, (c). & T i1 2% K6 il 33 vk
(Edge—Detection) ™, (d). EF 45 ML
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SR s T A BRI A E i A R R, LASR
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& B0 5 B VTt LA S0 0 G 45 R4
R VE A T8 BR . BT S AR DR % (Equal Error Rate,
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EER W48 SR 5145 8, LAV 8 A8 4 S0 (B85
. FRATVE 2 T 40 SRR Y 48 SO U R
AFHRBER ] s PUBE ] 6] LU HA 544 77 G\ 1) S5 1E .
FMAELUE D BRI T LU A5

FESE — S W OCT $8 8UR S A5 3K
B AR s N 3 T AR N B 100 4> T 48 858 A 3
KBRS 57 s TAEE 45 FFa500 . e i 145
Xof B35 DC B X AT 4 1905 (145X 2X (145X 2-1) =+
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FFE BN S5 3 A SCE A )7 EER A3 5. 200,
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FEVCECXT . XoF o AR SR AL vk AR5 i A 2D H8 L
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B3R 6 Pn . AEAR LR, 2D R 48 SUAEAE )
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AR R JE A R T R R
PR A BUA (48 BOR BB R BE B3 OCT
T S EME L. W R T 1 53 F 4R B D T 48 SO 2 i
A 45 IR e ) ) A [ B R R R S 4 R
B-scan EUE 19 2 AT 4544 , MR A48 SOAS [ RFAE 1 5
A B BLIEA T4 B IR, A ST A AL ) M RE S
e E AR AT A A R v T R A 8L
FRAE , I8 SOUC e 52 50 Hp R R . 2 J5 T AR,
FRATTRE E— 25 48 v 43 TS AL R AR B3 () R



2044 it

i

Eitd 2021 4F

SRR CRAN e L e S EBLINALE S N
FHA OS2 523 A sh b fe SU iy .

4

B O AHERARHFE A (62076163,

91959108) & | 7 & #h #F % | B KA & (No.
JCYJ20190808163401646, JCYJ20180305125822769)
Fo il B2 B IR I K F FF IR A AT R e A xR
RGBTk BAR R FF TG R Ea . E S
BT AR BT R LA Bl

[1]

[2]

(3]

[4]

[5]

L6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

z %

Jain A K, Dass S C. Nandakumar K. Can soft biometric traits
assist user recognition? //Biometric Technology for Human
Identification. Orlando, USA, 2004, 5404: 561-572

Cheng Y, Larin K V. Artificial fingerprint recognition by using
optical coherence tomography with autocorrelation analysis.
Applied optics, 2006, 45(36): 9238-9245

Nasiri-Avanaki M R, Meadway A, Bradu A, et al. Anti-spoof
reliable biometry of fingerprints using en—face optical coherence
tomography. Optics and Photonics Journal, 2011, 1(3): 91-96
Akbari N, Sadr A. Automation of fingerprint recognition using
OCT fingerprint images. Journal of Signal and Information
Processing, 2012, 3(1): 117

Cheng Y. Larin K V. Identification of artificial fingerprints
using optical coherence tomography technique//Optics and
Photonics for Counterterrorism and Crime Fighting |l
Stockholm, Sweden, 2006, 6402: 640200

Matsumoto T, Matsumoto H, et al. Impact of artificial
“gummy” fingers on fingerprint systems//Optical Security and
Counterfeit Deterrence Techniques [V'. San Jose, USA, 2002,
4677 275-289

Huang D, Swanson E A, Lin C P, et al. Optical coherence
tomography. science, 1991, 254(5035): 1178-1181
Madhero88. “Layers of the skin.” https://en. wikipedia. org/
wiki/File: Skin_layers.png

Meng Z. Liang Y., Yao X, et al. In-line measurement and
compensation for dispersion in OCT system. Journal of
OptoelectronicssLaser, 2011, 22(2):256-260

Su R, Kirllin M, Ekberg P, et al. Optical coherence
tomography for quality assessment of embedded microchannels
in alumina ceramic. Optics express, 2012, 20(4): 4603-4618
Dubey S K, Anna T, Shakher C, et al. Fingerprint detection
using full-field swept—source optical coherence tomography.
Applied Physics Letters, 2007, 91(18): 181106

Darlow L N, Connan J. Study on internal to surface fingerprint
correlation using optical coherence tomography and internal
fingerprint extraction. Journal of Electronic Imaging, 2015,
24(6): 063014

Darlow L. N, Webb L., Botha N. Automated spoof-detection for
optical coherence tomography. Applied

fingerprints  using

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

optics, 2016, 55(13): 3387-3396

Meissner S, Breithaupt R, Koch E. Defense of fake fingerprint
attacks using a swept source laser optical coherence tomography
setup //Frontiers in Ultrafast Optics: Biomedical, Scientific,
and Industrial Applications MI. International Society for Optics
and Photonics. San Francisco, USA, 2013, 8611: 861101

Larin K V, Cheng Y. Three-dimensional imaging of artificial
by
Technology for Human Identification V . International Society
for Optics and Photonics. Orlando, USA, 2008, 6944: 69440M
Shi B, Meng Z, Liu T, et al. Identifying artificial fingerprint by

fingerprint optical coherence tomography//Biometric

using optical coherence tomography. Journal of Optoelectronics
« Laser, 2013, 24(12). 2404-2408

CETRRE, st XUBRAR, 55 . Re b TR RS0 T A ik
TR ST Ok, 2013, 24(12): 2404-2408)

Chen P, Jiang L., Wang H,
counterfeiting ~ Method  Based

et al. Fingerprint Anti-

on  Optical ~ Coherence
Tomography and Optical Micro—angiography. Acta Photonica
Sinica, 2019, 048(006): 1-10

(BRI, V0, £ 5 B TOUFM T 2N g SO0 o 4
ISR A Tk T2, 2019, 048(006): 1-10)
Chugh T, Jain A K. OCT fingerprints:
presentation attacks. arXiv preprint arXiv:1908.00102, 2019
Liu F. Liu H. Zhang Wet
Presentation Attack Detection using Auto—encoder Network.

doi: 10.1109/

Resilience to

al. One-class Fingerprint
IEEE Transactions on Image Processing,
TIP.2021.3052341

Liu H, Zhang W. Liu F.

classification using deep learning//Chinese Conference on

Cham. Zhuzhou, China,

et al. 3D fingerprint gender

Biometric Recognition. Springer.
2019: 37-45

Lehmann R,
identification with optical
photonics technology letters, 2010, 22(7): 507-509

Darlow L. N, Akhoury S S, Connan J. Internal fingerprint

Bossen A, Meier C. Internal fingerprint

coherence tomography. IEEE

acquisition from optical coherence tomography fingertip scans//
2015 Third International Conference on Digital Information,
Networking, and Wireless Communications (DINWC).
Moscow, Russia, 2015: 188-191

Khutlang R.

internal

Nelwamondo F V. Novelty detection-based

fingerprint ~ segmentation in optical coherence
tomography images //2014 Second International Symposium on
Computing and Networking. Shizuoka, Japan, 2014: 556-559
Liu G, Chen Z. Capturing the vital vascular fingerprint with
optical coherence tomography. Applied optics, 2013, 52(22) .
54735477

Darlow L N, Connan J. Efficient internal and surface fingerprint
extraction and blending using optical coherence tomography.
Applied optics, 2015, 54(31): 9258-9268
Sekulska-Nalewajko J, Goclawski J, Sankowski D. The
detection of internal fingerprint image using optical coherence
tomography. Image Processing & Communications. 2017,
22(4): 59-72

Liu F, Liu G, Zhao Q. et al. Robust and high-security



104 X R HE TR 2 o) (I R T HE AU AN 2045
fingerprint  recognition system using optical coherence [39] Wang P, Chen P, Yuan Y, et al. Understanding convolution for

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[36]

[37]

[38]

tomography. Neurocomputing, 2020, 402: 14-28

Yu X, Xiong Q, Luo Y. et al. Contrast enhanced subsurface

fingerprint detection using high—speed optical coherence
tomography. IEEE Photonics Technology Letters, 2016,
29(1): 70-73

da Costa H S G, Bellon O R P, Silva L. Biometric

identification with 3D fingerprints acquired through optical
coherence tomography [Ph. D Thesis]. Federal University of
Parana, Curitiba, Brazil, 2016

Auksorius E, Boccara A C. Fast subsurface fingerprint imaging
with full-field optical coherence tomography system equipped
with a silicon camera. Journal of biomedical optics, 2017, 22
(9): 096002

Breithaupt R, Sousedik C, Meissner S. Full fingerprint scanner
using  optical  coherence  tomography//3rd  International
Workshop on Biometrics and Forensics (IWBF 2015). IEEE,
Gjovik, Norway, 2015: 1-6

Khutlang R, Khanyile N P, Makinana S, et al. High resolution
feature extraction from optical coherence tomography acquired
fingerprint//2016  17th IEEE/ACIS
Conference on Software Engineering. Artificial Intelligence.,
Networking and Parallel/Distributed Computing (SNPD).
Shanghai, China, 2016: 637-641

Raja K B. Auksorius E, Raghavendra R, et al. Robust

internal International

verification with subsurface fingerprint recognition using full
field optical coherence tomography//Proceedings of the IEEE
conference on vision
workshops. Hawaii, USA, 2017: 144-152

Moolla Y, Singh A, Saith E, et al. Fingerprint matching with

computer and pattern recognition

optical coherence tomography//International Symposium on
Visual Computing. Springer, Cham. Las Vegas. USA, 2015:
237-247

Bao W. Ding Z, Wang C, et al. Phase sensitive spectral domain
optical coherence tomography for latent fingerprint detection.
Acta Physica Sinica, 2013(11): 257-262

S, Tk, FNL 5 T AU EO = TR AR
IR SORIBT . W3l 2013(11): 257-262)

Raja K B, Raghavendra R, et al. Two Stream Convolutional
Neural Network for Full Field Optical Coherence Tomography
Fingerprint Recognition//2019 22th International Conference on
Information Fusion (FUSION). Ottawa, Canada, 2019: 1-4

Liu F, Liu G, Wang X. High-accurate and robust fingerprint
anti-spoofing system using optical coherence tomography.
Expert Systems with Applications, 2019, 130: 31-44

Liu F, Shen C, Liu H, et al. A flexible touch—based fingerprint
acquisition device and a benchmark database using optical
coherence tomography. IEEE Transactions on Instrumentation
and Measurement, 2020, 69(9): 6518-6529

[40]

[41]

[42]

[43]

[44]

[46]

[47]

[48]

[49]

[50]

[52]

[53]

semantic segmentation//2018 TEEE winter conference on
applications of computer vision (WACV). IEEE. Lake Tahoe,
USA., 2018: 1451-1460

Yu F, Koltun V. Multi-scale context aggregation by dilated
convolutions. arXiv preprint arXiv:1511.07122, 2015

Yang M, Yu K, Zhang C. et al. Denseaspp for semantic
segmentation in street scenes//Proceedings of the TEEE
conference on computer vision and pattern recognition. Salt
Lake City, USA, 2018: 3684-3692

Zhao Q, Zhang L. Zhang D, et al. Direct pore matching for
fingerprint recognition//International conference on biometrics.
Alghero, Italy:Springer. 2009: 597-606

Liu F, Zhao Q. Zhang L. et al. Fingerprint pore matching
based on sparse representation//2010 20th International
Conference on Pattern Recognition. Istanbul, The Republic of
Turkey, 2010: 1630-1633
Kingma D P, Ba J. Adam: A method for stochastic
optimization. arXiv preprint arXiv:1412.6980, 2014

Simonyan K. Zisserman A. Very deep convolutional networks
for large—scale arXiv:

1409.1556. 2014

image recognition. arXiv preprint
He K., Zhang X, Ren S, et al. Deep residual learning for image
recognition//Proceedings of the IEEE conference on computer
vision and pattern recognition. Las Vegas, USA, 2016:
770-778

Long J, Shelhamer E. Darrell T. Fully convolutional networks
for semantic segmentation//Proceedings of the IEEE
conference on computer vision and pattern recognition. Boston.,
USA, 2015: 3431-3440

Xie S, Tu Z. Holistically-nested edge detection//Proceedings
of the IEEE international conference on computer vision.
Santiago, Republic of Chile, 2015: 1395-1403

Zhao H, Shi J, Qi X, et al. Pyramid scene parsing network //
Proceedings of the IEEE conference on computer vision and
pattern recognition. Honolulu, USA, 2017:2881-2890

Yu C. Wang J, Peng C, et al. Bisenet: Bilateral segmentation
network for real-time semantic segmentation//Proceedings of
the European conference on computer vision (ECCV). Munich,
Germany, 2018: 325-341

Maltoni D, Maio D, Jain A K, et al. Handbook of fingerprint
recognition. Springer Science & Business Media. 2009

Ma L, Tan T. Wang Y, et al. Personal identification based on
iris texture analysis. IEEE transactions on pattern analysis and
machine intelligence, 2003, 25(12): 1519-1533

KennethK. and WayneJ. S.. NBIS: Nist Biometric Image
Software. https://www. nist. gov/services—resources/software/

nist-biometric-image-software—nbis



2046 it A

¥R 20214

LIU Feng, Ph. D., associate
professor. Her research interest cov-
ers biometrics, image processing and

pattern recognition.

Background

Optical Coherence Tomography (OCT) technology opens
up a new domain for fingerprint recognition, since the
information beneath the skin of the fingertip and the internal
features of multilayered tissues can be imaged using OCT.
Reconstructing subsurface fingerprint image with high quality
will not only solve the image degradation problem caused by
surface 1maging (e. g., altered or worn-out fingerprints,
ultrawet/ dry fingers) , but also provide compatible image data
for minutiae based fingerprint recognition techniques.

Existing subsurface fingerprint reconstruction approaches
focus on accurately detecting viable epidermis layer of skin
tissues by using either edge detection-based, peak detection—
based or projection-based methods. However, such methods
are very sensitive to noise and image quality. Meanwhile,
other useful subsurface fingerprint features will be lost, such as
sweat gland. The quality of the reconstructed subsurface
fingerprints are far below our expectations for the following
recognition.

To solve these problems., this paper, for the first time,
proposes to reconstruct subsurface fingerprint image using deep
learning. Firstly, we use HDCRes—34 as the basical network
to robustly segment each OCT-based cross sectional image
into three layers corresponding to skin structure. Then, we use
a slide window in the segmentation results to correct the
possible false segmentation by previous model. The subsurface

fingerprint is finally reconstructed by fusing the information of
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three layers. Experimental results show that the segmentation
model can effectively obtain the three subsurface layers and by
comparing ~ with  the  state-of-the-art  reconstruction
approaches, our method outperforms in the number of features
per pixel, ridge-line density and EER.

This project proposes to investigate robust anti-spoofing
and recognition approaches by making full use of the subsurface
information captured by OCT. The project will finally realize a
set of automatic fingerprint recognition scheme which
integrates high anti—spoofing, high recognition accuracy and
living detection capability. Thus, to further promote the
application of fingerprint recognition, to make up for the
shortcomings of current AFRSs, and to open up a new field for
fingerprint recognition.

Fingerprint recognition and deep learning are main
research topics of our research group. In the past few years, we
have worked out methods on fingerprint segmentation, 3D
fingerprint reconstruction, deep fingerprint feature extraction
and so on. A few of representative papers are listed as bellow:

(1) High-accurate and robust fingerprint anti—spoofing
system using Optical Coherence Tomography. Expert Systems
with Applications. 2019

(2) 3D fingerprint reconstruction system using feature
correspondences and finger shape model. Pattern Recognition.
2014

(3) Fingerprint pore matching using deep features.
Pattern Recognition. 2020



