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Abstract

With the increasing demand of biometric recognition, finger, which contains abundant biometric
information, has played an important role in the identification recognition field. There are finger-
print (FP), finger-knuckle-print (FKP) and finger-vein (FV) on different parts of a finger. As a whole,
finger has unique superiority to explore multimodal fusion recognition technology. In this paper,
we propose a finger trimodal multi-level features fusion framework based on CNN, which inte-
grates feature information of finger-print, finger-vein and finger-knuckle-print for identification.
The proposed trimodal multi-level features fusion framework consists of finger three-modal fea-
tures extraction module, three-modal shallow features fusion module and three-modal multi-level
features fusion module, which are jointly optimized. The finger three-modal features extraction
module is composed of three parallel and independent CNN frameworks, which are used to extract
multilevel features of FP, FV and FKP separately. The three-modal shallow features fusion module
uses CNN as fusion framework, and takes the shallow features of the three biometric patterns as
inputs to obtain shallow fusion feature. The multilevel features fusion module takes the fully con-
nected network as the fusion framework. The trimodal biometric shallow fusion feature and the
deep features serve as the inputs of the full connection network to realize trimodal multi-level
features fusion. Experimental results show that the recognition accuracy of the proposed algo-
rithm can be as high as 99.91%. A comprehensive analysis of many experimental results shows that
the proposed trimodal multi-level features fusion framework performs better than other state-
of-the-arts.
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EN S T, EVRHERMBARME S AT HER, ) ZNH T &AM EERFEHEAR
AW IE, AR S SR ESR WA IE &, M T RGNS RMEN R . B4, A
AP A (B3 . AR 2R3 1] NRLEYDRFIE K BRI 4 A BARAE (A0 N K+ T $R 4L
B IR AT NRHE(n A . 84 B SIRAE) . IR BRI B AN, AR BRHE X AT BL Ay sk
HURAE . FHRFIE RO AR IE S (2] BEE S S BRI S ) 5B 8 2 oAk, SRS A R RO 47
ARA B TC720 2 AT 22 A ER . O T 32 m AR R IR B B e R M . Aeoe MR T S, I 45
AR AR Z A B A VDR AE (S JE R 3 (R Z1 ANl Sy JE 1, B ARh “ 2SRRI 1)
[3] [4]o TEFMZFBIASRHERAF, FROGRMBARE, FIRIEIRHER 7 HEL(fingerprint, FP). #8717
£ (finger-knuckle-print, FKP) A& ik (finger vein, FV) = AN KBRS IFHEE B, RIRLGEA T THRAMAH
ZUNANZ I EBRRE, I B BA R B EAMES]. B0, FeSOoiERRNEARYE, e RO SR HE A T A
PE; FREUL T2 000, IRZS 5 B4, Tida 1 S M) WAL T-4E52 J51i, R ELIR e 8 s Fia #R kS5 5 i B
BUK, fRTSEG ARG E . TR RS RHER EAME R S UL T 45 A R =3 (5 B RE M FHR1E S
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G S AR E PRI P, W R R TR MR AR R AN 5 R ANMEL 6]

MG AL, ZEESEVRERRE W0 AU ER: BERE. FHEE. IREREMRERE. X
MNEREE M EECR, SAR AL MY SHT 2 B AR IE R B RIAESE 7], AHEL T HoAh 2 Rt
BN, FHIEJE RLE Be O B R R G R AE AT BE 77, 550 1P K00 Ak B 1 o ) A P DA R
TS IE R E /N8l R EMBTH, AR T RENIETRFIEENZHEEmME RS, HE, X
Sert S, ERHRHER L. RIS S50 AT RAERE &, X SETTVEIF A 5 I8 IE 1A 1Y)
MEXRZR, M “BmEa” , JREE9]. T)UF, —eF iy R A R < HriiE(ffr CCA)
KIFHEEREG, BB T AFREZ MR R R, EXFIED R AL BRHE ) B AR S, FH
TE/NREARRAELE MR 26 1F R RURIEANIAR[10]. [RIBk, FEARAEERLS b, 20, S ERIIS AR AR & R R,
XY T I TR 2 BES Y U ER R e 1) — A T B

WAER, IRFES STHEORAETH NS U ) R IBUR R, O 2 S AR R AE Rl 5 R 00y ok T T 0 K e
MUE[11]. £ 2 A AFFEEEE L AMNRSE RR ], BT UREE % ST T R AR AR R T 55 BUS T 4R
MFRIRBER, KRR TS RRITTEL2]. FFRANRCEME T 2R M, i1 AlexNet.
VggNet. GoogleNet. ResNet. DenseNet il SENET %5, i F5HAUAE ImageNet ##i4E &S
THBERNREIHERAE S, MR . B R4 R4 (Conventional Neural Network, CNN) 7 7E F- 45 ks
VPR EARR) T R, BRI R3], RRAEIRE[12] [14], BIREEFIEMEHEEL5] [16],
CNN BE#IAT T4 Nl IR . 28, T2 EESME YN S, TR I MG 5Lk
RAFRAFMIA7] TR K TR =SS B RERRm, TR =RESRGAEREA—BULR,
SRR — A 7T KB B BIA BB S HELE, XX TREGIRAZAFN. 55, O RRHEE G FE
dr, AR IR T CNN BRZ 1% HARFIE, 5072008 T M20% 2 10 AR IE[18]. A T A Rtk LB 17 &,
ARICTE CNN BRUAESE T, RANIRER T FH8 B IIRL G R 4, Bt T Kt Ad 1 AT W 28 R AR S L
i, AL T TR ERESRHERL S LS, M T E RBEA — B R R o) £ 1] 7

ASCEETTRIN T : 1) 24 T TR EBE 2 URHERLG (1 A . CNN )24 IR RAAE B OR B A —
SE IS AVRHIEAS B, A SCHR H 0 2 GURHE R & T VA5 1R T SRS N 28 0 J5 — 2 R R ARRAE s
TR EBSHRERE, BENE BN G B RAE MAR AR 2) M TR T CNN TR =2
PR S HESE o AZAEZE T4 SRS RHE SR, TR =R B R ER S B T =S 2 0
FRHERR G A =300 AR A HESE mT Lod s o 21 o AR U 257 30, SCB I FAT R S HL I 286 1 5 T 2% ) K
Hilgk, BRBERRSE. 3) FRERHER S B 2 JURHMERN SR, 73 IR T P AR RAIE fb &
WG . RS B RE S TE MR N SRR X 2%, S o B (R I SR 4R L R R SR B AE A R = A
SEGEAE RN RS ETRE N, SEIAR FE RS BB IERL G o A SCER 2 WK LIAE, RiZAH
T EA M ZBESFHIERL S FE; 55 3 W E R AUR T ARSI H AT CNN T4 =038 2 JURHERL & 17U
BEs B 4 RS EL RS AR SR 45 R AR AN BT 58 5 TR AR SO T AR 1 S S5 IR AR Sk AR 1
JRH.

2. XTIk

T 2B AR YRR BB N SRR, TR R ML, SRS E FIE AR DG 7T
BT EH K IE. 1995 45, Brunelli 5 A$EH 7 2RSS A EAR, o fbh & 75 & AL 2
ST AN Z RS AR R SE[19]. 200 4, Ross F1 Jain K ZESEE S N=EAER, TR T SR
HRIRETTI[2]. MG, ANFEJZ R 2 A SRR IE R . 2011 47, Park Y. HAE A$&H T —FhdE T
R Z K8 SURN 8 BB B AL A IR B B9 [9]. 2016 4F, Yang 5 NS T —FhEE T 288 T4 AE 1 25 a) [3]
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KL JTi4[10]. Bai G 88 NP 7 — Mk TR ERARALEL & THRIRBIT %, ER i TR A EE AR R
HATIBER, 1B KATHFER M BEIHIL K [20]. Zhang H S8 AR HY T — Bk T B R RHIE SR BUT VA IE H it
TP R A HEZL[21] . BARME SRR & SRR 2 MBS T AR RS, HZ, ROAFEZHmA
NHEERSSHp, RAA—ERekai. TH, LSRRG SEEE I fa] i BT R A )3 — e 5577
TR B AN BE 1R, X R A B VAR S R R I S5, & A S R k.

IEAER, FEAE TR 2 S A R AL BT ) IR A e, AR DR R0 T IR BURFIE RS A N B 3
AT X TERMEM AT K EBAARRE ), DN RIRE T2 T B RME MK 28
a5k, Zhang H 8 AR T —F2E T RGB-D EHEII NRRIRAJ5E, 127515 RENE I I IR 152 2 5T X 2% 22
A1 BB TLAMO AL, e m VUL [22]. Wang S AF2H 7 — M EE CNN Y AERFE S 2T HE
28, FTR%0 RGB-D Hbw, BEJRARATBcE 17— R 22 STHEQR 52 5 20 M (R 5 AH S HF1E[23] - Sobhan
Soleymani 5 AFEH T —Ff ik T8 B4 R 2% (1 2 UL SR UM Rl & RO 1K 7 1%, T DLBRIUAS [ AR 25 10
R, RS BURFIE I I RIE [24] -

3. &T CNN FEZESSRFFEMSIESR

K, CNN 7E R BRUR I R I 7, #A N2 I BN AN R ERAR . — GRME N L%
(YA JBT 2 B AU S I RARRAE (751 2) 5 B AR R (N ) 2 T AR Ze e it . S 3 (B R AR BE (2 40)
FE PRI 45 25 B (Capacity) () S B bR, B AN 145 A 00 2 (Active Layer). #ihik 2 (Pooling Layer) fil 4% 4% )2,
LR B — N P 28 S5 10 R IR HR SR SRR C M R 2R R R o BRI N2 DLy 2 T KR 2 A
AR bR T, BRI RA T ARSI R ARRIRIIGE ST B A M 252 5 H R
FEEARE TN BUR B RHEEA FH R o0 BN, 23R 2 %0 H IR E R B 1 58 2 i 1A S
X 8% 2% S22 A P AREAAE R DU it 1 BN A 2 A R BORHIEAS 2. DR T BRI [RIINER) FH  J2 ANV J2 B ARRAIE SR 5
PUSE R R ARG B, AT T T =S 2 FAHER G AESE . ZAESE ISR =3 ik, T4
RSB BUSEH, F48 = BSIR R & B 48 =B 2 RAFHER S . T4 = BISRHIE
PRI = AN 47 B CNN RS- B 285 44 1, 5379060 BT FE ik & e S G R Fa 5 a0
BRI FRAEESREE R EF R SR B ER Sy, 5IN THMFER G R . BT F
SRS RRAE SR 28 At 3R BRI RS FRA 8L ATTE R B AT S A E RSN RSB, A B
BRI R AE B I R ST Ak . SRUG S TR A AR 28 I 285 11 P 30 465 4 S B — A 3 2 R A R (1 A AL
fr, BB ERG TR TR S 2 HRHER S 45T, RA MRS SRR, K2R
15 O G A i H AR R e oy — 4R R . B, 1R B R 2 Bl G RIS TR R R R AT B K
FEAs H D0 PO AE S N AR AR ST R R FOx) s AESEBR IR aT DL 2 2 BN ds (MLP) E AT 3R IE, H B2
HEATH A AR ALY . FET CNN (1548 =S 2 SRR R S HEAL R B A 1 FR.

3.1 FIEZHRASC R BRI

T RS, TR BRI T a0 =B ) UG B h R I 2 SRHE, FRATIHE =5 2 SR Rl A
BRI T HAT T4 SRS R BN 4%, = ANOT 1) CNN RFESR BUHE SR AL i, B 7E SR BT g Fapst
BRLER . MERANT L FIR S EGRE, MESMMSHM T HET —SUESR, "ikiE
FIC AT FRASAS PR P 248 EAT S5 P TC L - APl 2 B, BT CNIN (9 BB A R AIE SR 0 285 £ DY A5 A2 4H AR,
MBI EEEE T —NH—1k(Batch Normalization, BN)JZ, FH R4 &1 2892 4k g R i 0 2% e 8
HIE, WSRRERIN—ANSEREE . TERNZBA 2 ARG HESL 2 /T, X BB RFAE B HL X 45 3
MEEAT IR, SR, RS T NG G HES: — M AEERE, & softmax BMEGERMIN . FEALE
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Figure 1. Archltecture of proposed network
E 1. Wk
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Figure 2. Single mode feature extraction network

2. BRSNS

3.2. FEZHRAXEH M SRR

GRRL A A TS RFESRECRE /0, T HL, 8 it P AN S TE R, B 22 4% 7T L)
I B AR RRT 1) 22 AN FE R B AT A B o R = AN FFAT BB R IR 48 3 /2 3 R AIE BV E N 6
RN RN, ARENS B St SEIL = AR AR AL 5 10 ELADA B AR 22 X 28 BAT 3 K I
SIREST, IR = R B R AT = M K A EAL A o

HAR CNN S5HI7E 2 PSS IS TIRFS S, (EREMT — N RARE R, M 1 5 2 R
CNN R0y N\ & RSP — BRI R, T ab B Al R A Bt . 9 RENE I TG AR e 2 I 2% SE B 43

TR KRS TS =B IR R IE R S AR 55, FRATFE A PR R AL SR 28 1, 1B 25 FE i\
5 00 22 18] RS AN AR AR SR U 2% 25 R B 24l BEEAT RAMSE R AR R BRI, MG &
AL RE T2, AT BA e B — R A AR AR B R

SRR =R TR R R R & 5 I 3 R, iZME S5 PN B R Z AR B ERZ G
BR—A> BN JZ, FI I s s, W I iR Ja i — D 2Rt db =, TR SRR = A5 25 i 5 AL
IR Sy — B RFAE ) 5o 1% AT R R AU R 5 X 288 A Dy B 2 1) — 300 4 i RN B =58 22 R i A
Zerh, i 1R RS
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Figure 3. Shallow features fusion network
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3.3. ZEIFEMEER

7E CNN HEZEH, & — M B AR N A RRHER R, Hh R E R iRt 75 5
MR IRFIE . TRZE SRR 73 2 = FHEE R . N T 258 SRS R E S W 26 A8 5] )2 1)
AR, FRATRE T RS SRR G RS . TG, RS R R AN B S R R R UM 4% (1 R S
FER 42 Rt A 7 s A — E AR IE . SRS, A —4ERHE ) SN T SR A e I 4%, SEBARRAE
VLHC . BARFRE 4 Frs.

O
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Figure 4. Vector-type features fusion
4. EERFFERME

A SCHUR 42 R B KA 4k (MaxPooling) £ 4 Ja 248 it 4k (MeanPooling) 5 2015 26 AR 4 H it St A4 AiE
M. Hd, 4R RMEbL s o2 B — AN S B N (e, AR E b s SR B N 2 B
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WIFIME . — T3, 1 B AR AR Rl & T 2T DUAT RO S AR R A — B0 8, MaxPooling 5
MeanPooling 11T+ 5 S HI AR RS ESR, AT —JEFBARFAL. 55— J7, %75 2 AT DU 2ok G
PR AR B X B AR R i, 2Rt Al sUR S BT R BB MB R W, R AR T
S T R o AESEER IR G T AT AR 2 SR RN SR (MLP) BEAT 3K, AT HEAT fi th 1) 448 P2
FINEAL -

4. KRS 5
4.1. KR

SCEE RS2 B0 R A AT ZC I BA TS RS B R W A SRR AR S, TR ERIICRIE &
KB . feat UG MRS 152 x 152 183, TRERIKEME RS 91 x 200 4%, FRTSURE IR 90 x
200 15 5. KA T 585 MR R, FATHRMEEFEA KA 10 TRIEME . 12508 2 =N S0 R 2B %,
FP X3t 585 AN F-4E 1 5850 koG FV SUiFkas 585 N F-H8 11 5850 skfaErik % FKP
A AL E 585 ANF-FR 1 5850 Tkt T SIS o

42. KWEE

ARICIRAE BHLT- & T 58K, 24008 winl0. 8 # Intel Core i7-9700 CPU. 16G P4 1%, NVIDIA GeForce
RTX2070, SE4&FTi38EiN Python3.5.4. tensorflow1.7.0.

4.3. EWERS S

ARSI 1 H BRI UESRE 1 TR =S 2 GURHIE R SRS A0 R . R T BOdE I S8 E LR A
2, R AR AR A R AT PG 1) BIEIZ =S 2 SRR SRS AR 2) AEA 4R
AT AR BRE FERIFER s 3) U6 22 JURFAERR & i SR KRS FE AT s 4) BAERR & YR R 1131
RS I3 TT S

431, SHEDSRIFERMA RGN

T Yl = A 4 S 2 A AP, JRATR POV BV S o RS P AT SR IOE, [rd
SR RS B4 T R LR . HEAT LA LSBT, SR T 0 B R M 53 A1
DATTERARIEI , S Bl B AR AT T R AT L. SRR, M Bk S5 b &5 il
YRR TESE, JUoh I MR A MR 0 80%, 2090 SR I A . 0o Bl 5 A% 1 .

Multi level feature fusion model loss Multi level feature fusion model accuracy
T —tain 1.0 — train
5.
0.8 1
41 >
0 @0.6-
83 5
® 0.4
5] .
1 0.2
o —— T ot
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Figure 5. Training process of three-mode multilevel feature fusion network
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ME 5 R LR H, RN AR, BEE epoch EANWIIEAN, 4% (1145 2% R £ (loss) AR 5l 45 52
(accuracy) AT AEAL . 24 epoch {EIX 2 25 I, 4535k sRAE ARG BE(ERE T-Ra e, Ui W LI (X 25 A 7R 08 B e 8
W WEFFRTUE H, MR RIE BSOS G, S BURAEARS EAE AR AL TR IRES, JFR
BURIZAAEAL, T H 2 M2 RIS e RS SSRGS, BURREUMERUR . YEIASCHR H I 45 557 AN
RES SCOUEL R MR ARG L, T L BAT B AR e 1k

Table 1. Recognition results of single mode frame and fusion frame

1 BRTSIERSMAERMIRAER

FEHIZE ) WA B (%) YIRS (s)
CNN_FV 99.36 908.35
CNN_FP 99.66 880.37
CNN_FKP 99.74 676.01
il HE 42 99.91 771.99

MELE 1 R BYSEIREE A, AT DURIIA SCHR Y 10 0 28 A5 2 (1Rl A 2 87 v T 2 T AU 2 X 2% 1) B A
SRR FRARE L. XFEEAE 1 AP ss D5 EE, BATAT DA BIACSCER Rl & I 2438 RIS SIeR 25 10
IR I 2R T SRS R P NGRS o Z38 20 DL SRR, AR 10 T98 =R 2 JURHIE Rl &
WU Z AU A B BRI FE, T HL AR B R A B SICIRAS, THEL BRI FERUIC, S /HER] T A
SRR SR AT

432 FEZFEHRETRHHR

TEZ RFERL A B, N T ok b TARAE B RS A —BORE TR G R, RATSIN T 1A & A
FEIERRA SRS o R SRS p B 1) — 2D R R 4R it A 7 O 25 Rt WS Dy — SERRE ) . AR
b AT RASy A4 R B R AR It AL (GlobalMaxPooling) #1455 ¥ i it 4k (Global AvgPooling) » A T 36 1E3X P fih 4=
JRt AT SRAE A SCHR H Al B HE SR Hp (A 5P, AT 20 Sl R A T 0 R 7 4 e vt Ak, 7 2K 11 5 AE 28 3
AT5E5G . SRIRgs Fansk 2 FioR.

M 2 nTRLE H, RN A R0 B R 28 1A 1) e S B RIS B2, X = DR e 4 it A O =0k
Y R B REAME RS E], R AT T ) B AL T S SN, AT DU 0k S SRS SR R ik fE X
TR M . ST L 2 Fr TR A SRR, RN A SR SR AR 2 1D DX 5 1R S A e TR
ANE R B RAEMALE I 4%, 10 B 4 SR 8 (A Tt Ak 75 s I & AR SCHR H -4 =S 2 JURFIE & X 45

Table 2. Recognition results of different global pooling methods
% 2. TRIEFEMLFRIRAR

4 JEi Ak 2 51 B KA BL YAk
UK FE (%) 99.89 99.91

4.3.3. T EIRLE RIEXRREE KR

N T LT =S 2 UL R & SRR IR B RCR K520, A SO T =35 2 JURF AR R 5 SRS 14
WIS AT 1 SRIRI0AIE, RIS b 1 A =M TR BRI R Al 15 SRS (OIS I . SEEREE R WNE 3 B
ZN

Mg 3 ATLLAE Y, AR BT S AR 2 RAE BT Bl & R R0E . ASCRR I M TR =R 2 JURHIE
Rl HEZR A S g RIS SR o X RN 2 AR Rl S HEZR AU AR B 1 =SR2 R AR A5 L, T
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HIMA T TSR ERRE. BT TR RERR N 2 1% Z R T HE 2B ER, 45
G 7 TR AR 5IRZRHIE R R-ERHE AE S INE R0t R AR MR .
Table 3. Recognition results of different global pooling methods
= 3. TRIE/MLHFRIRAR
Rl 25 RHE R A BE AL
WA B (%) 99.89 99.91

434, AEEBAVIGIERM

RS AR T A AR A AR, ZERT AT IR, o =/ 17 20 M AT L 2
S TR A 0 2 M AR, T IR 160 4 A e A E ST B U e, A 2
;115

HEZEIRIFRR A S . A TIIEER S VIR R, AT LE 7 BAE I ZR07 25 73 B Bl k07 X 1 25
R, IF HEE T PRI ZR0T IR I 28 KR ROR . Skaegh R anl& 6 Ak 4 fos.
Joint training accuracy Phased Training accuracy
1.091 — train 1.01 — train
—— validation

0.81 0.8
g 0.6 g 061
3 3
8 0.4 S 041

0.21 0.2

0.0 0.0

0O 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
epoch epoch

Figure 6. Training process of different training strategies
& 6. TRIINZRIGINIZSIZ
Table 4. Recognition accuracy of different training strategies
4. NENNZREE M REAIRZREE

IWZT7 Iy Bl 15 Enll[F43

UG (%) 98.84 99.91

4.35. XL

N T IR UEAR SCHE H IR Rl A HE SR AT 20, BRATIST LG T ARG S0k, P 7 A i 5 Hofth 721 ROC
ih £ (Receiver Operating Characteristic), 1/ 7 . fEAFELEST Ekd, e AFRKBE T 25248
AR IEL R FRR (False Reject Rate) fl4t 5452 %% FAR (False Accept Rate), L FRR N X i, FAR Y
Hhaz ) B E A AR R B3 E] T ROC M4k, ROC HhZk it 1535 FRR Al FAR [A] AL < 5. ROC Hf
25 y = x BIAZ AUBREE I 5 U BH SR M R

WA 7 ATLAE AR B, AH EL T A R Rl VR AR SR Rl SRS AR S R AR . 6T
BT UFFRAE AR A DRFE R, A SCHE H 0 = AR 22 R HE Rl A 70 1T CAAE R M S B R AR A
I H, SRERLARAE R A RIFIRAERE ST, SIS B X, o] DU R m R s B
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Figure 7. Comparison results of ROC for different fusion methods
E 7. TEMEREE ROC £RELR

S

5. F[\X3

ARSI T — P T BRI 45 1) F4R =S 2 JURHIE R & R S0, R FIAS R (14 i £ SRS SE L
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