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Abstract  Fingerprint features have three levels of different characteristics, namely first-level
features (shape and direction of ridges, etc. ), second-level features (minutiae, etc. ), and third-
level features (pores, etc. ). Traditional fingerprint recognition systems typically rely only on

first and second-level features, particularly minutiae. Fingerprint recognition technology based on
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the fusion of multi-level features (such as minutiae, pores, etc. ) has greatly improved the securi-
ty and robustness of fingerprint recognition systems. Sweat pores are a crucial aspect of high-res-
olution fingerprint image recognition. However, current high-resolution fingerprint recognition
technology predominantly focuses on the sweat pore feature as a third-level characteristic, often
overlooking other significant features present in fingerprint images. To address this issue, this
article introduces the High-Resolution Fingerprint Net (HRF-Net) as a feature extraction model,
which utilizes fingerprint images to generate heat maps of minutiae and sweat pores. These heat
maps are then processed using a sliding window algorithm to obtain the coordinates of feature
points. In the HRF-Net model, the introduction of intermediate outputs structure allows for the
separation of sweat pore and minutiae features. Additionally, a staged supervision approach,
starting from coarse to fine, is employed to ensure the network learns different levels of features
effectively. To reduce computational complexity, a shuffle unit module is incorporated into the
network, enabling efficient and accurate extraction of fingerprint features at various levels. By
generating heat maps of minutiae and sweat pores, it captures the intricate details of the fingerprint,
enabling a more comprehensive representation of the features. The introduction of intermediate out-
puts structure allows for the disentanglement of sweat pore and minutiae features, contributing to a
more focused and refined feature extraction. Additionally, the staged supervision approach ensures
that the network learns the different levels of features progressively, enabling a holistic understand-
ing of the fingerprint image. Furthermore, the incorporation of the shuffle unit module reduces the
computational complexity of the model. The combination of these techniques results in a highly effi-
cient and accurate fingerprint feature extraction model. Experimental results show that our proposed
unified extraction method achieves a true positive rate of 96.59% in pore extraction, which is
3. 45% higher than the best-performing Judge CNN. The true positive rate of minutiae extraction
reaches 81. 93%. At the same time, we also achieved the best results in separate extraction of pores
and minutiae. The Fl-score for the extraction of pores reaches 95.83% , which is 1. 48% higher
than that of Judge CNN. We use the extracted features to conduct matching experiments on the fin-
gerprint matching dataset, and achieve an equal error rate (EER) of 5. 39 % which is 7. 02 % reduc-
tion compared to traditional methods. These results indicate that our proposed HRF-Net model de-
livers superior performance in pore and minutiae extraction, as well as matching accuracy. By levera-
ging the extracted features, our method significantly enhances the efficiency and reliability of finger-
print recognition systems. The HRF-Net model holds great potential for applications in biometric se-
curity and forensics, offering a promising solution for high-resolution fingerprint feature extraction

and matching.
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2. 1.2 MREAVE R LRI

IR EY HR-Net 1, R H TR S145 4 (bottle-
neck block) 1k JE A 1) 5% 25 550, W 4 () Fi7R.
AR 1 X1 B3 X3 BRI 1 X1 HH4
B, Horh 10X 1 45 BUR T B G 4 B K & A R T
3X3 HRUH T HBURR AR, 33 Fh 45 4 BE 98 i U 6
TH 2% FUBR B  E 1) ) 0 BT 25 50 AR 2 4k it
AT, 0 H O 7 T O K B E B R

T R 2 B O B O SR AR,
HRF-Net >R H T il i F HE 80 (shuffle unit) ™ 3k
B BLEH. 8 E EH R TR S5 R an A 4 (b) BT
N CEBE M 1X 1 A Bk B AR 2 R TR 3 iE
Gy RARTR] 20 78 41 PN R AT RRAE B2 I, SR 5 SR i 1A
o HE A B AT 43 B 4% FH (depth-wise separable con-
volution) Xt AN [F] 21 Y 38 18 #4175 AU AR, IR R4
[B) 38 1 2 [ M5 B AR B dJa s ilad 1} 1 B 5B H
SV S D5 s V) 3 B O R AR AR AR B S K R S
HOREAE P 0 47 5% 22 # #%. 5] A shuffle unit A,
HREF-Net G815 . 2 1 /#5180 1) 2 80 Fit 5 4, [

RF PR X6 AL B A 28 BB AT 52 B AR Y g i A
DA KOS A5 AT 1 400 s A 0

[BRE:E- 2|

REKE 3]/
|ﬂ%ﬁ%m

| 1

' | I EABR

fd )
1

| |
(a) bottleneck block( M 4% 1) (b) shuffle unit( i i1 T HE 9 6)

4 TR B AR A LTS

2.1.3 kst 5 R BB

F T VAL A 40T R ) RUBE (R AE L T
T oG B R B SRR )L VL B BT 4
GUA LR I, I I 2% T DL A B 2R — /)
T4 R A FL. i 4 T 40 A O R
PRI e 3 S LN R Y DS Re s 2 JIDE E N
FE 1) A 4 JRy A5 JEL SR AT 4 34 R )

RT3 A TR ROBE B RRAE , AT T A AR
2 W 45 1 SZ B AR 3 X 3 BRI B R L
TFIRE N D (B2 Mg, HIRZE (2D +1) X
(2D + 1) SFEMZE I ]2 RRAE B IR AZ BP 30N
FE e FL AT A A 1 A A BUERAE L A R T
F8 8O LB AT L AR 4% ) B 2 B 2 L RRAE A
4 IR A2 B KRR A AR T ) A R AE A L B
Ji i AR S i B BT AL

Ry i D ) 4% 5 L AN [] 23 G R AT 1 I A A
SCHE ) HRE-net SR T —Fh B B = W& o w% L )
ZEAE STV FLARRAE 2 2T 0 [R) B, 6 4815 i R AE 2 AT
TR A Y 43 B B W B, LAk BV AL R A Y A5 (]
A B B IO Y. BT AR S 4 A AR A
22 A [ SR /N 1 s S0 A 4 g L FG o P g AT O
B e 0T A LA T R RUBE . 3 ) 4 S O i A
PLUT AATHE SR A0 A i i B et e R B,
SR 5 B A AT HORG B 0 B bR 1 EL AT s T AR
B S A T B M. 5 BOR T MR
[Fi] 1y I 4% 45 44 < 181 5 Ca) AR 3R A% 0 1 I 28 25 40, 1 42
T I 25 1) doe 2 J2 ) R A+ 40 759 R L A AL
MM 5 Ch) D2 AT X L A% 4 i o8 00T 248 5
S B W B B S R A A B BE S B S L
T A5 A A3 1 0 45 T ) A W B B2 Loss



2186 it (=2

e i 2024 4

F 20 H 1 WS B 3R Loss o » ATH S %L B K
A X F AR LA ().
Loss minutize BLOSS middle <+ Loss final (3

445 ri I

£l R Y I

A A
(R )
(b)

Bl 5 AREMSEEHREE. (. (GRS, 7E
W 2% F 2 J2 [ B 4 HE 400 S 5 R AL A A
B (b AT % T £L R e gk i o R0 Ay
S B B I 0 4% 45 4

2.2 ETEIAOMNLIRRIE X

ST NFR T BB v R AE A9 57 AR R AR SCR
M T#EshE 0ED. ZEEHTERATTE DA
P KAA I BRIURRAE s Ae b, BRI 5 L 1 S X 1A
G W BT A AR ZR 2R AT R BT A R B AR/ T E
0 SREE(HBE N 0. AR5 kAT — Ui Iy K B MR R
MR BB RSB —A'WH. XFaE s
B R TR O B R KR R R DK L
FRid AL B a5 s, Bk Oh RS I a5k 1 B
NS MG RoR AR R Glaj) IR R SR
JEMH.
ik 1L AT W 0 ny bR R
A RANK Xy WRTTEAP
iy AFR SRS U
1. FORi =0;i< x;i++ DO

2. FORj =03 < y;j++ DO
3 IFMG,j)<<0:

4 MG j)=0

5. END IF

6. END FOR

7. END FOR

8. FORi=0;i<<x;i++ DO

9 FORj=0;3;<y;j++DO
10. IF M (i,j) is the max of the local window:
11. add (i,5) to U
12. END IF

13. END FOR
14. END FOR
15. RETURN U

3 HESESTRAT

3.1 HIEEHIR

AR SR ] v A BE 4 B S B A 5 (PolyU HRF
Database) , iX J2& H Aif X} 5 SCHE AT $2 BT L S5 56 114 i
— N TFFRIEAE 4R KR 4 5 i LB By A DG T AR AR
BT BRI 30 5K R/N R 240 X 320,
1200DPI W48 &t KR . 1 & E S #bric iy 12767 4
AL, PR SR B 5230 b, BT Bk = AR A
S R HEATUNT ARSI Y T AE T B e e xR ar ER
HEAT T TARVE. $8 80401 A 3 BEAL TS 40 i s A
Gy SR AR AR P AR BRI T 629 N AL AT
AT LRI, AR SR T 5 DeepPore[m &£ T
PEFRRL Y AR S 53 07 5. K48 SCEIMER DT R 80 X80
B8 8CY) Fr, 9%k HEAT e 5 B (90°,180°.270°)
GEAE L R T 89250 sk EMR YT . X T R I A
DU A5 AT AL 5 FE B A0 T B T A
B HOK T8 SRR DI E S R By 160 X160 B D)
Fs LA O X 2% BE % R B 58 3 1 M5 B, R RE
TG 7 AT B 1 5, R A5 2 32130 5K KR
Yk,

TEF8 VL AT Y 52 50 b, A SCR AT PolyU DBI 45
SUVCFCBCHE B AR SU R AT S, b T
M 148 AT F-45 v SR B /Y 1480 /> i K BE 4R &C
B, Bk 48 S0 R R/ 2 320 X240, — 3045 2|
3700 A~V e 3§ SCRE A X AT 21756 A DT fic 35 S0 kE
AN,

3.2 XWSHIEE

YU B A ) s ok B D 22, AR SCiE ] 5
Prac SUBIE L HE AT U0 2. U R, AR SCBE B Ad-
am W A Oy 4 U1 25 i O Ak 25 L LA 5 7E T fi %
SCEL L2 GE AR 6 [ B R SRR ik AR S 4
weight decay &} 0. 0001, % > ¥ H N 0. 001,
AR B B 100, 7E A [A] )2 9 R7AE 7] B 45 B A
S, T VT LRI A S ) AR 2 AR, 4% X
FIF AL A AT 55 19 2 > BN 25 5 o T k) F 20 745 85
ARG 00 55 18 2 20 A XoF TR M , A K 4 A R &
oo WHEA 0,02, BT 45 S KAt R ACE, 7T
DA b RE I 1 24 2T TR, R A 2 B B
A Ry 415 S BT T A T 25 2 L BT DA BT K



9 X1

K& . 3L T HRF-Net (938 8040795 5 BT L& — 3R BU i 2187

A4 AR R R B S B Bl 0. 25, TEJE Ab
T Be b K 2 (01 S B 0 KN ) B0RE £ 18 i 4 Y 5
Srh A Tie. X TS E OB A 0 R
PELI 0 ARSI T R AR 0. 25.
3.3 EMIER

FEAS SCHp 2 ST AL A bR S A T F Y
AL AL 5 2 8] 9 BR L BLA5 BB 25 /N F 808 48 o
LY 2R B — 2 I R RS D 3 R Al B A B S
ST IE AR OB A VT LA AR, A T IR AR T AL B O
T WER B, AR SO T B R (R AR AL R
(Rp) LA K Fl-score X =48 458, R, 3278 946
BV AL E S A B ST AL ECE R L,
MR e W3R 7 8 6 A D i) 7 L AR it 5 P A Bl ke
I i T L g Y L — AP0 55 B TR AL R IR
EROZ AP A B S E Ry AEMRH Ry, W2
(DR,

o Num 1yyepescciea

R; )

Num g, omatran

N Num o eepesccted

Rr (5

- Num aypoeciea
[&] B ] DL K 56 % (Precision) 1 4 [ # (Re-
call) >fe Al A5 A1 48 OV L A9 P 8 L H v o [0l 32 9 (B
FR ¢ AHXE RN, RSB R A ESE T 1 0% Ry s WA
2 (6) (D).
Recall =R ; (6)
Precision =1 — R 7
fEid Zpy s b AR R Ry FIR AR AL
$& BCBEAY (Y PP 48 A AH BT 3X PR A 98 AR A E X
ST H o HE DL R B S G B2 BUAE R Fl-score 2K
) 3 0 A ]38R RS- 25 85, L2 2K (8) B % 3 i
I ) A o A0 (el 8 [R) i - T Ry FI R o T
DA 3N Bk Y 2555 MR RE.
Recall * Precision

Fl-s =2" 8
seore Recall + Precision (&)

T8 [F) I 2 JBCAY 3 A 48 BR s 7 LR AR Y R 2
PIASAS 8] 89 P A, 20 A 4% A B9 Ry Ry A
Fl-score. A2, 54 4 b S FL A i & 12767
ATV Y R A B i R 629 AN, O T A O b
) 45 B IO b AR SRR AR A PR RE L AR SC ik
Macro-F 1-score YE N e & W PEMN $8 45, Macro-F1-
score FETFFLAY Fl-score 4R f 8 Fl-score F5H
BT 34, A7 LA sk G T LR 20 T 880 AN O i ok
sz, BRI AR 9, Hd Fl-scorep, RN
ALK 1Y Fl-score . i Fl-score,, %7~ 41715 55 K

M) Fl-score.

Fl-sc¢ + Fl-score,
Macro — F1-score = orer 7 Yorea (9

4 KBWEREHH

4.1 FEEHE O K3 EEE G

TEJG A B LI B e R v R T T B
IR A ZRFAIE 2 0 A bR, O TR BE 2 ) 5 i, ol
DeepPore ™, ¥ Zh & 1 A9 K/l 38 N 11X 11,
LI RN . BRI, SC B R B, Y sh O
1 B AT R 2 S B0 R O kA RE IR Y
P[] Bt 5 R A LS T FL AR B B, BT 6 TR,
M H RN 11X 11 B 8 J P i AL R g
— AT RE PR R AN 2 B P A e A 1 7 A 15 b )
RARFAL. SR B RN E R 3 X3 B AT DLk A
T A 1 [ R, Sk T 3E — 25 WIF 5% 3k A ) 8, T B R
AR B RN, DL 7E R o B R R AT BE e D
T Kz 19 & 2.

B Ok
B 6 sl 1k KT B0 I K R 8

IR

A% SC A AN 6] /N 9 3 2l 0 X6 T L B
JIE AT JE b B, DR S RBOCR e R W 3h B 1 OR
ING A 3 X 3.5 X5, 7XT7.9X9 F 11X 11 K/
T HHEFT X e g, IR il sk TR A . AE Rk
1 Frs  BEAE 3 & 1 RN s 6T LA
HEHE(R, R FFEH MR E(R DET
[ R I T i R (R R - A N i 7 N N R 7S
()32 17 i) 8], A& B 32 47 B ] A Bl 25 0 11 /N e 2
M AR



Bl

£ i1 2024 4

2188 i =
£ 1 AEXNEE O 7L N6 5 =0
- ~ [GEP NN
TEH 48 AR
3X3 5X5  TXT  9X9 11X 11
R, (%) 94.95 94.82  94.49  93.39 90. 52
Ry (YD 6.11 5.59 5.77 5.39 4.94
Fl-score 94.37  94.39  94.32  93.95 92. 68
BATEFH] /s 0.34 0.72 1. 37 2.07 2.92

T Ry IR 3X WIS 48 b5 2 BAHXS S0, Pt
ARICEPEM I Fl-score RVFAG T MR G 1ERE. Y
Fl-score WH &1 B, BE BB PR IE =5 1 B %, BB i /D
iR E Y & . AT AR B, ] 3 X3 R/ I 8l H
R, Z5 90 R (ECBH ) R A H Fl-score
bRt BE 1K B AL 17K P AL FE T R/ Ry 55 I
1% 0. 02517 H 32 17 B[R] 32 38 /)N F Fo Al 7 1R/,
PRI 5 22 I S 3 v AR SCIE R T 3X3 R/ i Bl
T R T 3R AT I Ab 3
4.2 AEERFFEERINEE
40201 AT AR AL ] s B EORSR

F A SC 33 1 HRF-Net B8, 38 i i A 55
i BE 0 4 SO B LG, BT DL AR 1548 S0 R B 24015 55
ORI FLAA T R S i . i e T s

.

N\

LT LA

(a) fREC PR

B 7

4.2.2 THmhSER

AT B AE TP 4k F | shuffle unit F15Y B2 W&
B A ROV L AR SO AR [R] I 4 I I 45 A
RUMCT — B Rl S B S5 2R AR 2 TR, BB —1T
I 9 HR-Net B8, iy A48 SUKBE KL B3
0 2% F14 dic 24 iy e 3 A8 B BE O 2, 43 i X T AL
AT AT 5 A7/ HR-Net B9l B
AT gk i A, BI7E HR-Net #9 B Al L4 v £L
A Sy I 2 v ) 23 9 s T 28 5T R PE R 4% B )2
(R 55 AT R LA B AR AR AR B shuffle
unit, 5 J5 — 17K g AR shuffle unit A5 A

(c) FIFFL#4

/i

FF LA 5 [ B4 3 22

Sk AT DL BT 5 B RRAE s A bR, T [R] ) i A -y
FUOFYT LA &0 A5 20 A9 38 A5 SR an T . % T L
F4REC. Ry (HLBHAOIRE] T 96.5900, Ry (GRAEH)
KFET 7.13% . Fl-score ;58] T 94.66%. XFT-407%
MAREL Ry 3K 8T 81.93%, Ry iK% 11.48%,
Fl-score iKF| T 84.27%. T RE N i & 40 17 &S AL
PEHE S TEREMIFE R Macro-F 1-score 353 1 89. 46 %.
RSB A SR Y FE SRR 4 BT AR TR
F B2 HUHE S0 20 75 s RV AL E BB 8 3K B0 A 7K P
K7 Jrn 17 FL AR s 3 R BR 28 15 I 4%
O EMER . B AT B T WS TE A R B AR
T YT A5 AT R T A TR S EMR WR E A
KO0 1 I 25 28 . 187 2 BT, I 465 T 0 g B4
J1 5 B ST B AR DE L . 6 I L AR T B
0, ) 2% R 08 4 1 b AR B0 AT T L AR AR AR B B9 # )
P50 A s A7 TRT A 000 L DR 22 H A 5 i RE A6 Bk
VB TIUIN , AEL by 3 0000 A v 20 R b W 2 T
BT RSP T R R 2 U G R R AR B A AL
SEIIRWT A S YRR BR A AT A5 b 2 ] B8 B0
ANRZ AR TR0 S 405 s AL A .

(e) THINATT e 2T B

(d) FTIEmAT A

o B =X W B LR M R 2%, ¥4 1l 52 B9 HRF-Net
Do 2 2 L. AR S 00 25 SR AT LA R B, 2 4 A
Ak L GE R I RS B Macro-F 1-score FAHLEL T8
UAHY HR-Net 427+ 7 2. 17%. A4 R 450 A shuf-
fle unit B, i THRERISCHL T 82w Ak, BT IR E A
W AR o, AELAS T A > (] B AT A A e
FEAE £ B Pk g 3k B Je 4 o Macro-F 1-score ik
BT Y 89. 46 %, HE AR 19 HR-Net #1584 §2 7}
T 2,75 % S 1 HXE LAV 1 50K DU ) At F8 A
W RIS B AT, DA B 55 B 3R W 4% A B 09 i A fg 8
o7 0 28 14 e A5 3 i — 25 1 52 T



9 M X R HE T HRF-Net Y48 80407 55 S L g — 3 By % 2189
F2 HExE
HR-N Hp 4k i iy huffle uni o B =X B FRF R 2 Lk
et A shutlle unit Rttt FIEFSS R, (% Ry (%) Fl-score (%) Macro-F1-score( %)
AL 95. 79 6. 50 94. 56
v 86. 61
40715 R 77.29 17.73 78. 66
AL 96. 81 7.37 94. 63
v v 88.78
2075 A5 81.58 14. 01 82.93
AL 96. 76 7.35 94. 60
v v T ’ 87. 92
4715 1 79.56 15.15 81. 24
AL 96. 59 7.13 94. 66
v v v v 89. 46
2075 a5 81.93 11.48 84.27

4.2.3  XFEESCER

Shy B T AR ST 28 065 T LR 40 Y 8 [R] B 4
B A Pk, AR 3043 30 B3 & X X — AT 45 1Y U-
Net"’ | Attention-U-Net ( A-U-Net )" | Trans-U-
Net ™ AEHE A7 52 B, 15 A% 3C T4 1 0 199 2% 147 L3R
U-Net 1 R if Lo E1 0 [ 2% 12 N 2% Je B 15 T R AR
FNFRFIE B, T RRAE B R4 T BoR AR, O — AU A 4
A b RAE I 6 5 X6 17 S22 R R AIE R AT P 45 R 4 L SR
Jo A AT 45 TR AE. U-Net 16 B2 2% L R 43 %) )7
AR R AF A L 32 Oy A — E WOR, At
tention-U-Net 7EJF A B R R M A T 3 2 1 9L .
HFFEESIHLE A transformer 128 7E 1 B AL b 45

BREUE T AR KB Rk, W vision-transformer (Vit)
BERITE 53 255 WAL AT 55 1 B 1 4% G2 45 B R 48 1
2%, Trans-U-Net ¥ transformer #1 U-Net &5 &, T
BE 27 R BT 55 A SORE FaA (9 2% 3547 i 198
SURRAE Y $2 B, 5 42 A HRF-Net #E47 lb3g. A
I 28 B XoF T AT 55 PR RE XS LU A 25 R 3k 3 s, X
P f I ) 49 B AR A Trans - U-Net , 2 3C A4 ) 4% 32 B 2%
B Macro-Fl-score ¥H It Trans-U-Net $255 T 2. 33%,
LA Fl-score MLt Trans-U-Net $£5 T 0. 81%,
AT E B Fl-score #HEC Trans-U-Net #8251 3. 86 %.
Xf bE SR 45 R B A SCER A AR B 7 48 SUAS [ R
TSR B AE 55 1 R B T LA I 4%

*£3 FiRE
AN R AR
%4 2% 3% F SRS
P S IS R, %) Ry % Fl-score (%) Macro-F 1-score (%)
) WAL 96. 33 6.52 94.83
U-Net! 86. 27
4 5 80. 41 22.78 77.72
) AL 96. 66 7.41 94, 54
A-U-NetH'! 86. 67
45 15 79.58 18. 86 78. 81
. AL 96. 05 8.17 93. 85
Trans-U-Net-"~ e 87.13
£l I E 83. 95 21. 45 80. 41
- AL 65. 24 22. 69 70. 54 68, 27
t 45 63. 38 27. 84 66. 00 ’
WAL 96. 59 7.13 94. 66
HRF-net(ours) . 89. 46
£l I E 81.93 11.48 84.27
R TR AR ) B A B HEAT A B FRATT ®4 TRABETHEREST
AR AL 2 40 hE 5 B (FLOPs: & Fb 77 2138 5K i ZHE/M 35 /Gllops B /ms
w NN e . . _Net-10 . 76.7 .
$O FUEAT I ) 1S AT O Ae, 2B 45 SR 3k 4 TR, UrNet 345 6 71
A-U-Net-'! 34. 8 78.0 7.7
5 U-Net,Attention-U-Net, Vit, Trans-U-Net %5 H Trans-U-Net£2] 17.9 66. 8 71
P9 2% A1 He - HRF-Net 76315 5 RIS 808 LB Agh T vitl 201.2 99. 3 16.8
A7 n v B o g HR-NetH"] 30.0 202.0 40.7
S, X —2=5F ETHREF HRF-Net 5] A
HRF-Net(ours) 3.3 30.7 24.4

T shuffle unit PRI, 38 2 gk 1278 (%) S 450 Aot
S, HRE-Net RE % 75 0 35 55 1 58 1 5] 1, e A1 %o
IR K. 5 B A & . HRF-Net 78 J 2%
SEAR A R E R AE R ORAE DL S BERERAE L 1B T
i ] 1 AH H U-Net f4 AL L (H A H HR-Net ©28

A TRKBYHTE, i H HRF-Net ff 75 2 i i
ANl 2%, Gl A R RS B LR A bk,
HRF-Net & —Fi % 5 RA A, 78 L BRAT 55 h H 4 8%
{7 N A N T s o (= A L E S W i



2190 it = Bl 2 i 2024 4F

BB I B 8 R AUk = M B 3R 5 e MR R 1Y 48 BURRAIE 48 RS AEFEX LG AY 14 BEXT EL
e, i IR bR
4.3 Kﬁgﬁﬁ?mizm*’%m;gﬁ i R, (%) Ry (Y F1-score (%)
R . . Jain’s method"" 75. 90 23.00 76. 45
Hyitt — 2L e Bl HRE-Net Xf A £2 HUAE 55 1) i Adapt DoG?? 80. 80 22. 20 79. 27
P A SCHEAT T I L Bk HR DL K2 AN S A B DAPM '] 84. 80 17. 60 83.58
BRI 0 22 WA S0y 0 T LS R [ B0 £ 5 5 5 CNN 81. 69 15.51 84. 69
[23]
4.3.1 ‘FF}L%%EX%[% DeepPore o 9'% 09 8. 64 92. 121
. . N Judge CNN# 93.14 4.39 94. 35
FETF LA A AR L 50 b, ) HRF-Net 8 v Dilated U-Net-**] 93.13 7.92 92. 60
iy A FE SRS BT L AR 7 R S 0 i o L O A Liu’s method ! 94. 88 24.25 84. 24
VBT B T AL AR AR A AT SR K S B Vijay’s method * - 94.55 8. 85 9277
A IO AL 7 B A7 0] H 458 1 B 4 TRTF AL 37 Ours([a] I 42 O 96. 59 7.13 94. 66
ISR HTEIBATATLE e Ours Al 42 5O 95. 27 5. 08 95. 07

% :Jain’s method™" . Adapt DoG"**' .\ DAPM""" L) J %t
TURBE 2 2 S AT VF LA U 7 % CNNPY | Deep- AT L3 O R & L 78 Judge CNN 5 Ak B id 7
Pore'* .Judge CNN"' Liu’s method™" . Vijay’s ORI LAE R LS AR TE R & L
method ™' | Dilated U-Net'"'. Pl R;.R, F1 F1-  VFSLAFRHRERR 78 £ B — 2L 55 52 9T L 205 » Judge
score (Vo) FE Ay 45 1 A5 AL &G T 28R A 4 A S5 360 45 ONIN AT DU BIR A DRk o SR T Ak 24 411/ Ak
RAUNZR 5 B A A SCE T B9 HRF-Net £ 8 F BHD BR > i A R AR AR PR, A S o 3 fin
Wahtd DB LTSN R, 358 T 95.59%, 25 W 38 T DS B 5 Ak 3R AR S T 5 e A5E AR
Fl-score Ik 1 95. 07 %, i T H A 77 ¥ L] T MR, BARINS 76 25 04 iy A B B, K PP 3 18 45
ALV 0 T3 ¥R AE I LR E /Y BB 5 BUME 55 R UMK E B 22 3 38 AR 1 i i 8 B AL —
AT . E AL 148 SO 48 B3 1 5 e G DL R 5 i 1)

SRR & B, Judge CNN ZEIRK R (R, ) KIEEMG . WA 8 o, 58 T 45 i 4 A 8 18 )5 /Y
J5 T R B AL TA SCER O . i —2B R T AP A R IR 6, AT AR, FERK R (R )%
) £ 5 R A 52 O TR PR g S BRAIFSE Judge CNN HAbFE AR 8T Judge CNN J7 k.

VI

1+

=N

— HRF-Net —

— A AR \
REUEH < LB
(&8 T FLEE IS 50 F) FH 2 30 38 4 A A5 B 5 47 9 42 URIUR
R 6 MHFTFTEX T LG A M REXS EE Zy BRI B R e ERN A L 1 R 4 A S T 3 T
Sk / ﬁm*ﬁ*fﬁ A RE A AT B 1K Y 1R A6 238, 3 3R B I 8% Ak ) 1 ) 4
R, (%) R, (%) F1-score (%) N 5 \ ey .

T F =D s/ Bk A A (=N
KO0 RO Pl BRI R HRI A RT3 T
Ours G 412 5O 95. 27 5. 08 95. 07 5 Judge CNN Jy it 5 Ak 21D B8 [8] 4% 19 R8O8R, K
Ours+ridge 94. 12 4.35 95. 36 J P BRI R R AR I R A A A S = G A
Ours+binary 95.55 5.02 95. 24 E Fl-score fﬁli%:zfmfi’fi , % ] E@ﬁiﬁ/\éﬁ% T

Ours+ridge+ binary 95. 42 4.94 95.83

TR 3 6 0 20 7 S5 A P il 7 0 T L A
FUR G B S5 00 55 R R B0 G SR R LA B R

LA 1l TB I H A BE S 8 BRI R, (ECPR 43,2 1 AHBUROR

). W] IR 26 RS W T T B 1 VR AL A ol AT S 0 M I 98 S PR QOB 1 S

T (AR A AL P P I S A B LRI ALARIROT R i S AT X S L fi



9 X RAE BT HRF-Net 38 8040797 8 L LG —$2 B0 ik 2191

YT AT BB AR G TAE. Ry 58 UE AR 3 3 6 40 7 45,
B B B A A L AR SO R B TR Y AR T A G
Gy SURDFEATARTE A3 B T 4071 05 0 AL b L SR 5 A8
A0 S R P 8, B HRE-Net [ 2% F1 9 3h %7 [
VR R AR AN T AT A AL AR, X L5, A Sl
A 7 3 0 5000 A v i A8 SR AT Al T R R
oA amengual % AN 4R R 15 S8BT
F I8 SCEMG AT ER 3G 58 )5 15 B8 L ER, S
2 UG IR TA6 M A0 B 42 4k ok 42 3O AL 59 — D i
FRATH A B Ty TR Y 2% A R 4 Y, U-Net, A-U-
Net, PEAT 40T 5 32 BCAY X b 5256, 5256 45 R 0L 3% 7.
S EE F AT LUK I AE P AR G 7 TR B U A S
B R AR Ry () HFEFE R, (R
) WAR =+ 3 AL G2 7 1 A8 6] R0 K B F8 S0 R 4 B
ST IR R B I A A A0 YT A (R A S A R
VFZ AR DM 5 BOZAL G2 07 AN G kG BE 4R L
EUR R AT ST, SERE Tk L A
SCHY 5 1 A6 B IBCAR 19 850 45 0L s 11 1 e i 3 A A

F 7 AEFEXETT SN A EE T EE
. P A
R, (%) Ry (Y% Fl-score (%)
amengua’s %) 91. 06 77.47 34. 63
U-NetH 82.59 18.77 81.01
A-U-NetH*! 79.54 6.71 80.53
HRF-Net(ours) 80. 76 14. 47 82.37

4.4 EYUMELER

FEAE B B2 HRUSOR BT LU HTHE S0R 30 25 R4 1T
MrIgkn. F455iRER (Equal Error Rate, EER) A] L) 2
WA SRR U B2 2 L Al R 6% 3R W) A SR BRURR AR

B BT, AS SO R4 H Y 48— 5 AU 42 B B VT L AT
AT AR RRAE T R A AR M B T ALY I
fit J5 7% (direct pore matching, DP) "%t 4§ & i 47
DL e S 56

R4l DP 0975 5 . 76 7 L7 Ak E 17 D8 I Y 52 56
L S B BT AL R AR L AR SCR ] 2 42 i3
B L AR B L 3R AR DUZ AR 5 R s, 2R R 15
BRI FRE EMGR 7530 2o 42 BOE 2019 77 1] J5 4 Ji Ry
TIE PR HEAT T8 5 X 5% o d5c J5 B R AR R 5% AL i 961
AR FRAE 1) . AE VTS Y 5 R T 5 P R
AT AL IBURFAE 5 o A5 31— A RHBLRE JE R G 4 R
FE PR T DAAS SIS A DTS5 R S5 J5 6 DT I 4
PEATAE M A1) T B AL 3 A — 2055 2 (RANdom SAm-
ple Consensus, RANSAC)""™ ] DL 4 1F #f VT e 7T fL
PR 5 A 4 25 AR i o 15 A DC TG e 23 3o DC T 114
LB R THE VL RC A 405k, B T A SO By 4
SUREE L HG 8 SC0 T FL AT AR T 85 P A ] 2 9 9
fiE {22 DP kAU R g de i fLIT B &5 L. B
PAFRATTAA A FH 2L il 119 DP 3 5o 50— 71 LR AE 247
T8 BRI A 52 50, IF7E A% G 1 BE Al b E A7 ek ik, R
H- 24071 AR R VC TC PR AR I A e SR ) SE 5

HEAS ST Ty 2 R A 4 OS50 HEAT N . AL dE
BRI 2 > 0 DAPM FIIR B % S W i
DeepPore. {HFERE M2, 7E DAPM ¥, LA
Fill - 20 VR AE 0 DG T 25 R OB 5 AR SCER iy O
AT X S5 R AR 8 PR, S AR AR A
ARSCOTVE PRI AE SR AT DU ) 45 ) b EER 383 T
5.39% . ARG I IEAEMERE LA T T 56. 56 00, AR
FATRE VCIE ) 25 R E A7 rT AL, S5 R A 9 frs , H

*8 MEXIHLHER

L3R BT DAPML'H DAPM-+ 4175 &

DeepPoret?! Ours Ours— 4l 45 55

HRF-Net(ours) 15.42 12.41

8. 10 7.50 5.39

//
S or
\ S
" \-.I.....

() DAMP A F-H: DL AE A R

(d) AR FAE VAR AR

Kl 9 2T [R5 SURAT 32 U7 3% DU FE 25
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I () (o) 2 DAPM J5 46 00 M 89 77 FL k47
DCC 11 285 1, ¥ 0 200 4% 3% 42 TG 7k 48 S0 RIZ b DG i
AL S I (b) CdD S A R ATT 48 10 %) 32 4 BB i)
FESEATUC R R 45 5, i A& T 407 SR DT . KR
PR R A DE B A S IR (UM E . TR
HH 7E AH DS FC 19 48 SORE A X v IR AR S5 TR 4 B
()RR AIE 47 DG C B, AN S B A U 21 B 22 79 DG T L
XiF o 38 BE K VT A A0 AR S i SO Y AR TR
DL 25 53R B A ST £ Y A B IR B AE B ALY
& SCR s B S5 I 45 5L 5 8] R 7 FL AN AR5 R A
FRIESEAT Al L 48 8O ERR BEE 15 2 F— 20 1)
PET; i — 25 E AR ST 3 HE ARSI A Ak

%

5 &

AN SCEE T ok BEFR sC R B R R e
[F] B £ JROAS [R) R AE T LA AR 5 50 B9 J7 5. A3
%3 HRF-Net( High-Resolution Fingerprint Net) #5
RUSCEL T 45 0 R B FRAE A 7 I 1 5% 4 fE HRF-
Net M &5 288 95| AT shuffle unit 254, 32 #1 ¥
2RI T AL AE AL AE TR B A [R] AR AE 2 1
155 o 72 19 26 ZE A0 vh fin A v A B AR B (A 190 2 4
AN [ R FIE A A  RE A% 1] IR A THE 3tb 412 IO S AN [) R
AR RFAIE 5 B0 407 i 42 AT 55, 78 00 28 2848 v i A
FEL 3 40 1) B B 2 LA 5 I 4% 40 45 5 R IE Y 2
2. [ ER G B o B R A B R X TR
TIE AR AR 2 BOCPE RE 1) 52 1], 4% B d5c 3l A 4 S vE LA
A0 AR BRI B 1 RN i — P SR T TR
SEU R WY A SO AR 7 B R RE SR AR H T T
A ) AT 125 [A) I 2 1 4> X 4 S0 BRI T AL
AN o5 AT [R) I 2 JBCR O 325, SR TT . AR SCHR HH Y
W0 25 A AU B X 18 S0 R E B2 JULE 55 4 48 SR BC AR A
— S BOPh TR AT 55 X T e S BUER S0 R G
RORA TR R R 7E R OR BB 5E ob FAT T 2 —
A B v N 465 1) TR P R R R T R B R AR
A SR SOVR Gy s TR FR AR O K
A BB K 48 BCHY FRRAE S IS DR RC A e 8 — i Ok
AT S 3 s 281 S PO 48 SCH ) R e

B OB BB RARHFAE 62076163,
82261138629 .7 A A A sm A @ ER A ( 2021A1
515011318, 82261138629), 4% i & 4% 4] #7 H A
(2020KCXTDO040) . )" & A & e fs &2 E L LB
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Background

Automatic fingerprint recognition systems (AFRS) ex-
tract different fingerprint features from collected fingerprint
images and match fingerprints from the same person. AFRS
has the advantages of strong identification, good stability,
and high reliability.

With the upgrade of fingerprint collection devices,
high-resolution fingerprint images containing rich finger-
print features can be obtained., which can simultaneously
accommodate first, second, and third-level fingerprint fea-
tures. Compared to traditional fingerprint recognition sys-
tems, systems based on third-level features have the fol-
lowing advantages:

(1) The anti-counterfeiting ability of the fingerprint rec-
ognition system is greatly enhanced. Since sweat pores are
unique, fingerprint forgers find it difficult to forge all the
sweat pores in fingerprint images. Sweat pores can be used
as live detection materials to distinguish between fake finger-
prints and real fingerprints, effectively ensuring the security
of the fingerprint recognition system.

(2) The richness of fingerprint features is improved. In
some scenarios, such as forensic identification and partial fin-
gerprint recognition, the number of minutiae is often insuffi-
cient, and the accuracy of matching recognition is greatly af-
fected. As the most important feature of third-level finger-

print features, sweat pores are abundant in number, have

tern recognition.
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strong recognizability, and can effectively solve the problem
of insufficient features.

Sweat pores is the main feature for high-resolution fin-
gerprint image recognition. However, current high-resolu-
tion fingerprint recognition technology almost always relies
on the sweat pore feature of third-level features and ignores
other important features in fingerprint images. To address
this problem, this paper proposes a fingerprint feature ex-
traction model for the first time that can simultaneously ex-
tract different-level features from high-resolution fingerprint
images, including second-level minutiae point features and
third-level sweat pore features.

The method is based on the High-Resolution Fingerprint
Net (HRF-Net) as the basic network, which converts finger-
print images into feature maps of minutiae and sweat pores,
and then uses a sliding window for post-processing to obtain
feature coordinates. This paper utilizes HRF-Net to capture
multi-scale features, which adds intermediate outputs and
multi-stage supervision to the network structure to disentan-
gle multiple features, while also adds a shuffle unit to reduce
the computational complexity of the model. The experimen-
tal results show that our method can accurately extract sweat
pores and minutiae from fingerprints and achieve the best
Equal Error Rate (EER) results based on the extracted fea-

ture points for matching.





