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ABSTRACT

ABSTRACT

With the rapid development of the current economy and information technology,
how to effectively improve the security of citizenship information is particularly
important. The palm vein recognition technology is a biometric recognition technology
with high safety and high anti-counterfeiting, and will have a broad application space in
the future. However, most of the current palm vein recognition algorithms are based on
artificially designed feature for recognition. These features are not robust and sensitive to
image quality and palm posture. Moreover, the current research on palm vein recognition
is generally based on images which acquired from contact devices. And there were few
studies on contactless palm vein recognition. The palm vein image which collected from
contactless devices often has large deformation, such as palm bending, palm tilt or palm
over stretching, and the illumination is not uniform enough, so it has higher recognition
difficulty. However, compared with the contact type, the contactless collection method
has a better user experience, and its application prospect is broader.

In view of the above problems, this paper adopts the deep learning method to
research the problem of contactless palm image landmark localization and feature
extraction, and has achieved good improvement effect. The main research contents of
this paper are as follows:

1) For the problem that the traditional algorithm is difficult to accurately locate the
landmark of the non-contact palm image, this paper proposes a deep learning method to
locate the landmark of the palm, and designs a two-level cascade convolutional neural
network to locate the landmark of the palm; In order to improve the accuracy of the
landmark localization, we improved the MSE loss function and proposed Modified MSE
Loss function for training, which effectively improves the landmark localization
accuracy of the palm;

2) Owing to the contactless palm vein database has fewer samples, training neural
network is prone to over-fitting.We proposed intra-class data augmentation and
inter-class data augmentation method, which effectively expands the original contactless

palm database and provide support for training the palm vein feature extraction network;
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3) After analyzing the design principle of the classical classification neural network
structure,we designed two deep feature extraction networks which named
Resnet18-Modified and VGG16-Modified, then improved the Resnet Residual Block
module structure. The experimental results prove that the improved Residual Block
module can effectively improve the recognition accuracy. In addition, we also explored
the influence of different feature vector dimension on accuracy. Experiments show that
the 512-dimension feature vectors achieve the highest accuracy on large deep network,
while 256-dimension compact feature vectors have higher precision on lightweight
network ;

4) In view of the problem that the traditional deep neural network has large
parameters and high calculation consume, this paper designs a lightweight network
named TinyPVNet, which mainly uses deep separable convolution structure, which
effectively reduce network parameters and model inference time. we achieved 0.51%
equal error rate in the CASIA dataset. In addition, we effectively compresses the
TinyPVNet model volume by quantifying weight, and enabling the deployment of
lightweight networks on platforms with limited computing resources such as embedded

platform.

Keywords: Palm vein recognition; Deep learning; Landmark localization; Feature

extraction
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Fig.1-2 Framework of palm vein recognition algorithm
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Fig.2-3 Palm key point selection
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Fig.2-4 Image rotation correction result
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Fig.2-6 Side length statistics of palm ROI
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Fig.2-7 Histogram equalization algorithm results comparison
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Fig.2-9 Comparison of results of CLAHE processed
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Fig.2-10 Analysis of Mean Filter Results
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Fig.2-11 Analysis of median filtering results
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AR R S 2 IO RCRSIEAT T X EE, U it R Al CLAHE(K L 52 IR 1458 I 1
77 PS40 VAT RS0 3 M AT R 22
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F=F FEXRREMME

FEARGLN T B R NI VE T, SO 255 R OTSU J5 k0150t v A4
Ja B G AT B AL, TR T AL BT, SR )5 K 48 45 0 oK £ RDF (Radial Distance
Function) 5% THH T 0 il BN FR TR BRI BE Y, ARG 5255 1l 5 T L
IR LSS % 2 B E, R E T E R ARG E . XA 5k
R ACREN G ERILRE, BT EHIBUR . IF BB e s, f%
Ge TR VA HER I E 7 T E O AL U T AL T RIE S IR EE A A
TR G/MRER C 2 HBLAIWE R ILHEK, BARE 2% AE H AR I A i A5
7E N AT AR N SOz, FLR IR AR I RS 58 LA S v S5 R 1R A A
ORI Z (1) R AL BAE 55 T4 R R 22 ) 51k o A S g 51 N B RRAI 42
AT TR OB RUE AL, AR T IR A W S8 A I 77 %, IRl 2t MSE
Loss, 20T 1 F 5 I8 0 e NS .

3.1 FEXBREMMBILIT

HH DR A L0 PR AR o D P P B BAR /S, DR AR A B — TR PR VA A S Az
It CAFRAT IR 17 1 236 AR o 22 I 48 SRR I 1 5 ¥ o 1 e e vk — /RS 5 67 R 4%
FEL I 8 o7 T2 B S0 B X sl AR PR IS 5 o7 1) S B ] L LR A N 380 58 — ks
i E AL IR 2%, 19 2 T HE R R MRS A &

3.1.1 tHEEE L L%

H1 T N AR 1 S5 R /N 768%576,  n SR 3k Ji P14 iR 4 L A1 i N 1 8
P 2%t R ) 28 7 ] B (0 T PS8R 2 ARG o T FRATTZEKEL S o A7 ) 28 R R A B
OB R R AL B, DRI T AR R OGS U AL TR E], FRATTRE R PSS LA resize B
64x48 HEATHIN o I FLEH TN — ZORS Al i 57 00 4% (1 i O\ T4 e S ek ) BB ) = 3
B, TR EGHERER, BRI E LN SN T — N 4 F o 4T
55, HME R 3-1 fros.
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$=% FEAHETSERL

Conv:3x3 Conv:3x3 Conv:3x3 .
MP: 3x3 MP: 3x3 MP: 3x3 Conv:2x2 fully connect
I : palm classification
—> —> —> . —> | > > 2
roughly landmark
localization
input size 6
64x48x1 31x23x32 14x10x64 6x4x64 5x3x128 512

] 3-1 AL 5 A I 45 45
Fig.3-1 Rough localization network structure
B, WEEISE L resize K 64x48 FEATHIN, KRGS 3x3 BAZ . 3%3 &
KA )= BL I 512 4e i 2 5, BEANPIAARIINAES: 7oA T 150 KA 08 = 1
LB 5E A7 o

3.1.2 *ERAE LML

H L 2 0 2% R N BRI IR R, TR OCH S IR K L BIR
Ny AR T RE i e A (2 Mg E R % s, AT SR AL By C =/
RIS AL B, P DA — R RE il A X 4, FRATTR P 2 % B ) L AR, tn ]
3-2 s, UL B RONAEE AL, AC R Z IR hid i, BIUIH A S AL B,
C =R MR, RIE 3-2 i ex B AR BT /> o IXAFE T 508 i 0 B o7 R
RIEE BB, I HAEZ R Bl R 1 T4, Bl it 58 A R - O B PR RS B R U

P 3-2 K E AL I 2% 1) i N AR

Fig.3-2 Input image of the precise localization network

1 78 7 P9 25 1R I 25 25 A 1) 3-3 o, B o, N BN 9 ) 3-2 s 4R ¢
FOEHE X R EE, AT 405 T 508 mUE AL ), FRATTH AR TR X 4R — resize
K 64x64 K/, HEEZT 3x3 HBRE . 3x3 e KMAL 2 LR 512 4% 2 )E, 5
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SR Ik kP A

B AL By C = RE iRl E, FRaid i i g h SRR 15 2 S0 AU B AR AARR .

Conv:3x3 Conv:3x3 Conv:3x3 :
3 . . Conv:3x3 fully connect precisely landmark
MP: 3x3 MP: 3x3 MP: 3x3 localization

-B-0-a-a--
: 6
input size

64x64x1 31x31x32 14x14x64 6x6x64 4x4x128 512

Bl 3-3 G E o I 485 45 14

Fig.3-3 Precise localization network structure

3.2 xS EIfR sk EEBIS T

FE B R 0] 5 (o) R rh, 22 A P B4 2K R HIOR 3 T 2 (MSEY i 2k, HA KA
(3-1), Hhy FRESEM, vy FoRMBHBINME. MARG-DILLEH, 4T
5 RSAE I ZE AR, AR BRI, R AR A . 2 2 R TRONME S
SEBRMEAH Z ORI, A Loss (E B B MOK, 1l 3-4 Fros, XHE S REE 74
[¥) loss K22 - FHEA loss, BE/NBHFE (10 0 37 0 52 FLAR K sy, [R] abe /s X 4 4%
Wshztg, HRIEER| R E O, BT AR T 58 S iR i [

1 & A,
hm=j;;(%—yﬂ (3-1)

MSE Loss

12

1

P 3-4 MSE Loss

Fig.3-4 MSE Loss
RIS J5 ZE R A R JR SR, A SCHE 38 07 22 45 0 bR B At b R AT 50
P T RG22 MBKEE, 14 N Modified MSE Loss. o A flw & FiANEES L,
AP RV B AL, w AR i R B2 M S AR Ze M 1 X o5 bl . RS R T T 2
il 3-5 i, FTLAEH, SO S B4R R OO T IR X R AU, XA T
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2 Aely;—yil, i |yi—yil<w
Z { 2 2 (3-2)

L modified LSE .
otherwise

MSE Loss 'FModified MSE Loss &

K 3-5 Modified MSE Loss( A =4, w=0.1)

Fig.3-5 Modified MSE Loss( 1 =4, w=0.1)
N T B R B AR TR, AR R S B R B s AL /N, 1y HLAFAE R )
ZHAMw, TR EZRAE LS. 75, 554 MSE Loss M EL, 2T
DA AN SR P I, FRATTBETH 3 2K BB K T I AR 3R IS O BB LA, AT {43
S A H) [ U5 B 0ARS 6

33 LW HIEBEFRERDT
33.1 FEERGRIEEY 1

AT ERATER I KA 940nm ) CASIA 26 2 ik Bl E R A 1200 ik F 5
B, iR R XSRS A ML, 2B EREEE, BENKE Lz
WRE IR ZE . BRI FRATT R o 3 11 T 5 BB AT Bl 9 3 . JRATT o S vt S 4 4
PEAEREAT RN 5y, K5I 60%1E NUIZREE, 10%IENIIELE, BT 30%1E A MHRLE.
XRERATI R L6 I 2525 B 7 B0 720(1200x60%) 7K, BATTHE I 25 48 1 48 7k K % 78
(-30°,300) 78 [l N 3EAT BE ML A FE e % 12 X, 4331 8640(720%12)7k 5, 4R )5 7 1k FE A
AT B AEAWUATT MBI BEALE R TR 4 IR, BefS E 138240 (8640x4x4) 5Kl 4k
Bg . B 3-6 Rt F 5 EUG AT BURE Y  oR g, FTLER, ST
Ml e, FEFEARMZFEERBIIE, fa 2y b5 B W 2 I 2R H B
A IR, $e e T A2 M 2 (32 AL e
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SRk KA

-

a) FEREIMGRIEH

a) Palm image rotation

b) FEK B+ 112
b) Palm image rotation + translation
Kl 3-6 5 G HE 1 7 )

Fig.3-6 Example of palm image data augmentation

3.3.2 SLIGER DR
(1) FEBE 2L 45 LRSS > 47

FRATT & 2 0T HH W 18 A7 I 2% 1) 72 A7 45 SR 47 73 M, % T Modified MSE Loss H1 1
NS A M w, BAISELR T 2HAFENSEME. T ETRER L, RAIE
Y GRIS W S AR AR HEAT T 0 — b Ab R, BI5GB 5 AR br 5 B K 58 I B A
I w B HUETE A 0 <w< 1. WIER 3-1 frax, AT A Flw & H0 S5 HA A B E 3 AT
S, 3R 3-1 ot B R A B 8 AL 2 7E AN R 2 50T s A B s U — A o0
BiRZE (NMAE) , AN 102, MR 3-1 Rl DIfFH, =4 Alw=0.1 &, FH#
5T I 45 B HUAS 3 M1 1) 58 AP 3R 22 0.573%102,
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R 3-1 KW E L 2% 5 AL A — i 0B P iR 22 (FRLAL: 1072

Table 3-1 Normalized mean absolute error of rough localization network(10-%)

A w 0.01 0.05 0.10 0.15 0.20
2 1.215 0.693 0.631 0.686 1.124
4 1.204 0.589 0.573 0.634 0.902
6 1.185 0.594 0.580 0.639 0.937
8 1.180 0.595 0.594 0.756 0.985
10 1.157 0.734 0.602 0.736 0.967

K 3-7 SRS B A X4 R e S e S5 R, T CUE H, L BE 8 AL Y 2% 1 8 6L %
BRI, HEYSIEHFE S RE, WHE3-7@)F 1 A SFE 3.7(b)H+
B C BEMNIMZER K, FrbATR&EE T — 2 W28 347 K5 1 72 A

a) A1 TENLEE R b) JEFREM LR

a) Right hand localization result b) Left hand localization result

K 3-7 1§ Modified MSE Loss [ 5¢4# 15 52 fir 45 3

Fig.3-7 Landmark localization Results of Using Modified MSE Loss
(2) MSE Loss #1 Modified MSE Loss BIE L 15 E 557

A 3CXF MSE Loss #1 Modified MSE Loss & 6L F5 FEHEAT T X L. 418 MSE
Loss BEAT W55, FL g An S8 5 1 3 — (b a0 B P 35 2208 1.753%102, 1 {1
Modified MSE Loss /4 — b 4 X {8 ~F ¥ 1% 22 09 0.573x102, 1 ¥ 2 |8 f) Z 6 A
0.0118. i H§ MSE Loss Yl 2k J& W o8 s g AL 45 R an &l 3-8 o, FTLLEE], 5K 3-7
18 Fl Modified MSE Loss [{II 2545 A b, o OCHE AU AR AN HER,  Toikil & i fr
R, R A SCHE H ) Modified MSE Loss 5E A7 X8 M8 R 4, S FeE i om,
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a) i TEfrss b) o FEALL R

a) Right hand localization result b) Left hand localization result
Kl 3-8 1 Jl MSE Loss [ ¢4 55 A7 45 R

Fig.3-8 Landmark localization Results of Using MSE Loss
(3) EENRLLE EMAEE 57

M 3-7 (s AL 4 S rT U Y, RELIGS 58 7 9 285 8 A (140 350 40 B A iR 2 TR
DR e 75 s RS 5 0 P 28 AT RS W B Lo TERE B L X 8 o, FRATT R RE A AN ) )
SR AT B SUE AL SES, Wk 3-2 AR, 4 A=6 Flw=0.1 B, K& E 1 W 45 68
BAS ) B A S8 A 483 2208 0.391x102, 5 4 W 52 A7 190 4% 1) B¢ I 5 7 1 247 4% 2
0.573x102 #HLL, ERKEEA TR KRHIERTE.
e 3-2 KT A N 2% 8 AL B H — AL XHE T 3R 2 (AL 102)

Table 3-2 Normalized mean absolute error of precise localization network(10-?)

A w 0.01 0.05 0.10 0.15 0.20
2 0.967 0.573 0.501 0.531 1.202
4 0.934 0.468 0.424 0.546 0.735
6 0.868 0.474 0.391 0.489 0.744
8 0.876 0.505 0.442 0.535 0.867
10 0.891 0.684 0.481 0.506 0.993

R 16 5 6 PR 248 (1) G B RUE AL 45 SR K] 3-9 Fos, AT AR 3, 4 1 HS 1 2 A kY
2, Bl3-9(a) T A AR 3-9(b) ) C A B I 3-7 o e AL B HERA
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a) A1 TREMLEE R b) /5T E fr L

a) Right hand localization result b) Left hand localization result
Bl 3-9 A e o7 X 28 DG B 1 58 A7 45 2R (Modified MSE Loss)

Fig.3-9 Landmark localization Results of precise localization network(Modified MSE Loss)
(4) PRZRIM 2% B AR B (R R H0 ) 4% FE B

FRATINE 9 2 4 R 48 X 455 PR A8 FR A R R X 48 B N 0E AT T g, HgE Rk 3-3
Fin, Hrp K FER2E CPU(Intel i5-3210M,2.5G F4) ERAE 31 . 7] LLE 3],
R 25 X 445 TR FE RS O 9.1ms, 58 4% AT LUl i B B 3 53¢

F 33 PN 45 AR AR AR ) 246 HE I

Table 3-3 Model volume and inference time of two cascade network

PR (M) kY 48 FE IS (ms)
HH I 72 oL X 2% 4.11 3.6
5 0 5 L X 2% 4.51 5.5

3.4 KENGE

A B F BT R AR R A Ty 2R B 1 B Dk PR T OGS s AT R AL
IR, B el T Bk BT OB AT A I 4% REL R £ 0 % ARDR A E L Y 45
SRIGA AR T H FH BBV 33 25 BR B MSE Loss K L 7E T 5 Se 4 e A b ik a5 e R 2
BENA T FATSEEE 1 Modified MSE Loss JR ;41X T 2530 A L1 &3, 37
T EREY W, FERN T EEGEAT PR, BT EEESS ST
(25 P 22 2%, AT B L VIR 000 28 B H B 4006 s 5 J F 8 20 9 4% 43 314 FHl MISE Looss
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F1 Modified MSE Loss Il 2k J5 B < 8 f g AL 28 AT 1 0¥, @I s2I0UE i 7 A S
233k J5 ) Modified MSE Loss Xt #2& Ff 7 2 I 8 5 @ A B 1A 2k
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FHvaF T EARAY R R A R AT IR R AR A

FENE ETERHEMENZFHKFERRIURE

FEE TR SR BN AR o, A% G Sk 32 B R AN BT AR 2 AT UL
fo, ANLBCUHRER S fE B HRCRAC T, IFHSFERETR. eh. $Hh5%
IOREBARMN, XN TR IRHESUE 2 A SRR TEA R B N T i R
AR, FATR R =G AR 22 (45 AR 45 K S ik ROT 5 R B 32 3] IR SR LA
A X7 ST RFAE . AEBLSE ™ fh B A, B KR ) SR H R A AT SR
B ARG L, BRI E R AT K 4. AR A IR 4 T LU 2 RO iRt AT
P, AR EEBRTE NS B A SRR X 2% 3R AT BT A DA R S B R AE R 46 T
%, Horpont M gg AT BB AL BE G AR O Rl R R B AT S O, AR B, AR
AN, DA B IR T AE s Se Dl B i RO R I 41 7V, B4 it R M 2% 5
RS H R,

4.1 REZFRIKEFE L B 45

PR, TR R IR AN AR I, SRS SIE T B T
IER 345 LUR L, H 2012 4F AlexNetP2H )5, BRAMEMKERG S, BG5S
FL AR A SRR 2 M o TR AR RO VERE, BEACHLAGER TR
PERRI G AR 22 2% 2540, I BN 28 2B b 2 AW in, M 7 /2 AlexNet*2/3] 16
J& VGGNet33], M 22 JZH) GoogLeNetP 2] 152 JZ ) ResNet!, HLEHEH FT2
[¥] ResNet3IF1 DenseNetl30)4% . gt ml W,, ZEAELE QMU EE 8 b US54 s ¥ 1R
FERE, TRATTTR R IR Z A 2 W 2 A7 6 SRR AE SR B o 1T E AR ST 25 i KRl 4T
b, BT EHKEBRMSERR R S, BRI R ZE A M2 A se i M 2 4k
RE SR A RFAIE

4.1.1 FHER KAV B 4 E R E

FEVCUE RIS P 28 2540 22 1T, BATTE ST 2R E M M 28 R AN B R/ B
B R B R SE MR B ASU SE RORS I, WA B R IS4 R ™, = SRR I
FAIEfE B K. R, RE 2.3.3 590 F % ROI KR /hge ik i AL fe, AR
P 28 3 N R B R B BN 150%1505 53— J5 1T, AN S AR A A 4 X 48 AT S i ik
WO TR 8 TSR], BIIRER 2 A 2 IR Y ZR R AN SR UE S o, DA Uk
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IR FVE M eI AN RE B IR 5 0 7 RZ AT 40 28, MR WU KRB AT — 21
NFHIE R &, AR4E1S 2 RFE 18] & AT RRAE ) S VTS, i DURHAE 1) & J2 (R 48 2
S A B 24 B VT CRS FE o R WV 48 5 JO LRl oo o 22 O 4% () i tH 4 FE I B
256 4, WUAH T AETHIRBCR . BRIk, ASCRRHIE R SR 4ERE 2> A RCE Y 128 4. 256

YA 512 4, JREHEAT X EESRES, AHOCSRIG S5 AL B kAT T .

412 REENHENWEZLENT A

HAr, ESREGRB TR, X2 Ma MG N RS AE R A, W
VGGNet. InceptionB/I38I391 Resnet ¢ 4( 2 )L+ /EZH 2 EHEAMEE . hTiXs
BRIZ PN W 25 AR e K HLZR M Wit & 3, DR L R 8 S I3 R IR IR AE . X
LR ) 2 AT R 3 T 1 RIS A2 Bodl B AR B R, T AR 30 B bk B R A
i SCRANZRARIR I R8T o DRI, A SCHE 5.1 A9 4R Y 1 SR bk Bodle 0 9 1 5 ik
i B AT R ARG AN SR YT, R R BRI AT A RN TS, e E
FKCARRAIE B2 BB RS (1 1 R it 7 ahs S H .

B, FADRE B HRZ LM S — AR 29, DR A M
25 1K) AR SR RN DA AT 2 R JE A 42 X 48 BE AT v A 5 A B A
1. VGGNet

2014 4, AREERZEIA S J L 2H.(Visual Geometry Group)Fll Google DeepMind
KA BT RSB T VGGNet®?), Jf HEUS T ILSVRC-2014 LLFE I 5E LA 55 4
— M FATE B LIRS . VGGNet 5 6 Flghty, W45k 4-1 fir,
MIE B 4 IZHINR, FAEM 17 KREME IR NERZG>3))E, BB EZK
Wom ek B, TP AR 2 R AR R A, (i CNN XPRFIE RS2 S BE T S5, 1 2
BRI Fioh, ST IERA 4 W 28 IR L 5 R B 22 8] ) 50 R BEAT 1 SERR IR R, EY]
IR0 DR 28 R AT LA RSO AR TR TR A

FER 4-1 1) 6 R S5k, ROR SR IR R BRI VGG-16 M VGG-19, H
# e AL GG AR R TR R R HoRF e B S AR, B 4B IREH 2-3
MERE, HREANPERZEE 3 FN, E8HE80 R A< ERE R
14 )2 (Max Pooling), PAB/NRFIEE R KN SR, ACEE VGG-16 1E N EL il
T

32



FHvaF T EARAY R R A R AT IR R AR A

2% 4-1 VGGNet [ £ & f4133]

Table4-1 VGGNet network structurel?3!

ConvNet Configuration
A A-LRN B C D E
11 weight 11 weight | 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB 1mage)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096
FC-1000
soft-max

2. Resnet

NI MEEIERE, WS ZECRBOINGR . EBEAE W2 IR B[R, 32 2
IS 5 3 R N TS5 R HUE T I 0, o 15940 46 I 4% A1 8 45 8RB e Il 25 - Kaiming He %5
& 11 1] Resnet>)(Residual Neural Network)7E — € 2B b ok 1 IR B W 2% (A0 4 1a)
W, i A A ResNet Unit B IZRiE T 152 EHIMA R %%, JR/E ILSVRC-2015
LR IS %, 1F topS B IRF N 3.57%, MORIEE RH, HAiZOE T i
sk ZE 800, W1l 4-1 Frzs, ResNet Z5H 38 00 1455 N BLEGEE 25 H 0 450, 1X
I 45 i HH 2 B8R BE PT LB I XA I BRI BN R, 1E— B R R TR
JE 19X &6 v A7 AE (RRR B2 2R 1) R o AN b S5 4t W] DA Y, ResNet i 17— ANt A8 3k,
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SR Ik kP A

FEAFPEAE F b b 2 2 T AE B0 BRAR WU H(0)Fe 22 8% 2] F)=H()-x, TR Z RE% B
ML RN R, WA ER 7 & ENE S .

X

weight layer

F(X) relu

identity

weight layer

FX)+x &

relu

B 4-1 Bk 72 WX 45 25 1)
Fig.4-1 Residual network structure
N 4-2 firzn, SCh 3R T 180 34, 50, 101 AR 152 2 H R 454,
TASCEFKER BRI D, R FREOR 1 Resnet18 [ 45 15 g ZEALL 1 2%
F 4-2 Resnet W 45 &5 f4) 133

Table4-2 Resnet network structurel3]

layer name | output size 18-layer 34-layer ’ 50-layer 101-layer I 152-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
1x1,64 Ix1,64 ] 1x1,64 ]
comAa | exdN [ ;zgz } x2 [ gi;ﬁ }x3 Ix3,64 | x3 3x3,64 | x3 Ix3,64 | x3
’ ’ 1x1, 256 1x1,256 | 1x1,256 |
= . : y 1x1,128 1x1,128 ] 1x1,128 ]
conv3x | 28x28 gi; Eg x2 ;ig }gg x4 | | 3x3,128 | x4 3x3,128 | x4 3x3,128 | x8
- 2 ] . ! - 1x1,512 1x1,512 | 1x1,512 |
5 - - . 1x1,256 1x1,256 ] 11,256 ]
conv4_x 14x14 ;xi’ igg x2 ixg’ ;:g x6 3x3,256 | x6 3x3,256 | x23 3x3,256 | x36
LA St 1x1, 1024 1x1,1024 | 1x1,1024 |
. . : : sl 512 1x1,512 1x1,512
3 ’ ; ,
convs_x 7x7 ii;g:i X2 3:323 %3 3x3,512 | x3 3x3,512 | %3 3x3,512 | %3
. ’ . . ’ . 1x1,2048 1x1,2048 1x1,2048
I1x1 average pool, 1000-d fe, softmax
FLOPs 1.8x10° | 3.6x10° | 3.8%10° \ 7.6x10° | 11.3x10°

4.1.3 REZFHIFIERIM ST

b= NE T R PRE A NS, B RIATE LD Resnet18 A
VGG16 W% AHEnE, BATRHRZ BRI 4 N 2 45 M 3R AT B 5 KR AE SR B . &5,
EF X} Resnet18 PI2%, BATX L AA 1 Residual block £5 4 #EAT T 2kit, Wkl 4-2 FioR,
JE 45 1Y) Residual Block & e T KN 2 FlAT B KA 1 B, X ERIEHA
BRIIF AT e, ST 0 KN 11 3x3 BRUG T KN 2 1) 3x3 B,
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|3x3CoanhMe=2|

)

| BatchNorm |

)

| RelLu |

’3x3 Conv,Stride=1 |

’ BatchNorm |

-

| Relu |

¢

a) Jiilf Residual Block

a) Original Residual Block

4-2 Residual Block % kb

|3x3 Conv,Stride=1 |

)

| BatchNorm |

)

| PReLu |

’3x3 Conv,Stride=2 |

’ BatchNorm |

-

| PReLu |

¢

b) it J5 ) Residual Block

b) Improved Residual Block

Fig.4-2 Comparison of Residual Block

R I R R A2 SR U5 Residual Block W e #EAT DA Oy 2 145 AR 2 A3 0L ~F 1 4 /)
—f%, XFEERART — E R A Pk, iy Ja 2 S e UL
FRBEAT M 4E, XFEIRIAAFAEE B EINFEE: 54h, JR4H Residual Block K FH /2
ReLu WO& A%, FRATIX BRH PReLU WUF s AL, B b IIER 7= A 86 BT 2R I I AR .

% 4-3 Resnet18-Modified W 2& 45 14

Table4-3 Resnetl8-Modified network structure

JRHEH RN RS K Output

Input — 150%150%3
Convl 3x3/64/1 150%150%64

Max Pooling 3%3/-/2 75%75%64

Residual block 1 |23 e ][22 ] 38%38x64
Residual block 2 [pa s i ] 19x19x128
Residual block 3 3 20 [ 201 10x10%256

Residual block 4 |23 52 e [3e o ] 5x5%512
Fully Connected —/—/— Embedding
Fully Connected —/—/— e R
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N T G AE 3 Residual Block HA &0, FATIAT 7 S2IGx b, HARSLEG 25

i

5.4.3 % . FATKATE Resnetl8 FERt I ik (1) WX 4% 45 7 iy 4 A Resnet18-Modified.
BRI X 25 5 M e T anaR 4-3 BT o

I VGG16 P24, BT H AR 2 — 2t GG AR R A Z R, PR 3RAT TR
FCN 28 2540 H A AT KR . H2 B T HSHERK, 1 HEFHk ROI BHE T
N KN 150x150, WIZE R GRS NN 224%224, [RIILERATTIN R T &5 — A E#L,
FCRAR IR X 2% S50 Bt I 3& 4-4 FioR, M2 44 8 VGG16-Modified .

% 4-4 VGG16-Modified M 4% 4 1

Table4-4 VGG16-Modified network structure

JZ KA LAY W NANE (S VN Output
Input — 150%x150%3
Convl 3%3/64/1 150%150x64
Conv2 3%3/64/1 150%150%x64
Max Pooling 2%x2/—/2 75%75%64
Conv3 3x3/128/1 75%x75%128
Conv4 3x3/128/1 75%x75%128
Max Pooling 2%x2/—/2 37%37%128
Conv5 3x3/256/1 37%x37%256
Conv6 3%3/256/1 37%37%256
Conv7 3%3/256/1 37%x37%256
Max Pooling 2x2/—/2 18x18%256
Convs 3x3/512/1 18x18%512
Conv9 3x3/512/1 18x18%x512
Convl10 3x3/512/1 18x18%512
Max Pooling 2%x2/—/2 9%x9x512
Fully Connected —/—/— 4096
Fully Connected —/—/— Embedding
Fully Connected —/—/— R
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TN, BATERGANEIRZE 2 JG# T Batch Normalization71,  BLIHHR M 25 (1)l
S AN G5 1B AR S LA .

4.2 BEREFHIKIFIER NS

M 412 FTAT LA B, IR PGS I 2% X 4 25 A4 A S BRSO AR B K, T H i 3
Rt IRl S92 K 22 3 AT AE 5 3 P A o A PR A5 B RN TR & b, ik S AL BRVR 2 A
LM BIX AR E R, FICE B ERHRER ML, SCHLS R A4 M 25 41 [
HEF NG, M e 1P 2 4 e i\ U ses BRI E s AT 20Kk, A AT, 1R
LR EHMKE CAfehs il 2 SR B g IS, AT Lk
NI X 2 A A AT TR E A, X eI S B X A A T VR R R R R AT
TR I B i KRR ALE R X 2%

4.2.1 BERBHEMEENIN T
1. MobileNet-v1

2016 4 4 F1, Google £ CVPR 2x i b & &) mobilenet-v1 IR Z5 $8 Hi T HIR &
73 25 45 B (depthwise separable convolution™ ) RACEAL GG, 1E A FFARAE FE 10 [7] i)
AR TSR, R BN BB R B RRIE S AR 23 AR AL R

B4, 1B)ZE R (depthwise convolution) [ E 77 2 — M ERZ R 5 —Ma A
WIEBATER, XG0T DL KER S H, HR XM A NS T84
WIENMEEE, 2 T NRHEEE Z A A T EB R GBI 5 & 2Em

UM (pointwise convolution), I8 X i 1 2 [A] (45 B HEAT Bl & KRGS THRG L .
BRKH P 1x1 B, B S EECE R 55 8 A 8 s
NI ROt 1 2 2 HE .

FAT I A ot R ELIR FE 7 S B AL B R TR . & 4-3() o,
BB NFFE R /NA D x D ot MO N IEIE S, N oA HiEiES, D, &
FRZII RN, WAE G B ATH 58 N D, x Dy x Dy x Dy x M x N 55 53 B B AR 15
BN D, xDyxD, xD,xM +D,xD,xMxN ,## KA R @4-1) s,

h..

1%
B
FS

DKxDKxDFxDFxM+DFxDFxMxN:L_FL (4-1)
Dy xDyxDpxDpxMxN N D;
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SRk KA

M
Dy |
Dy “—=N —*
(a) Standard Convolution Filters
il
D}( LN I

(b) Depthwise Convolutional Filters

Y/ /a4

4—N—b

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

P 4-3 mobilenet-v1 [ itk 2 Ab41
Fig.4-3 Improvements of mobilenet-v1 network!!
P, 56400 3 X3 B, REE S B SR THRE BRI AR ] LA R 4
U 19 i, > 7 2808, AR TE 148 ) HE R .

2. Mobilenet-v2

2018 £ 1 H, Google #2i T Mobilenet-vl it fii: Mobilenet-v2431, 75
wEAMZ &I/ T Mobilenet-vl FIIEHL T, S TR E RS-

3x3 ReLU6 1 x1 ReLU6

bilenet-v1gtELhsE input ——> —_— —> output
mobilenet-v1FIEIREEH p DW B
add
1x1 ReLU6 3 x 3 ReLU6 1 x 1 Linear
stride=1: input ——> —> —> L> output
PW DW PW
mobilenet-v2AtE LSS
1x1 ReLU6 3x3 ReLU6 1 x 1 Linear
stride=2: input ——> ——>-output

PW DW PW
| 4-4 Mobilenet-v2 it 2z b

Fig.4-4 Improvements to mobilenet-v2 network
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Uil 4-4 7R, 5 Mobilenet-v1 FIRIHAR L, Mobilenet-v2 3224 P i ot 2 Ab

). HTRESBEEFREEEERBITIERER, Wil m0E SR E%
AAEGERT, B T IRIEIE 8 A RURHE, RS BER A T —
2 1x1 BERZ AT R AESE A, 1 FLIX 2 36 R A 4 H 38 T8 250ue O T N\ 8 T8 2

2) A T Bi ik ReLU W0 B B SR $2 BUEI R RHAE , 7218 i B AR 2 J5 A K H ReLU,
177 72 2K FH AR PR 0TS R 3, A 4R BB IR R AT BB 250 58 BE DR A7 T 5K

4.2.2 BRBEHIHERBMLEL

ESON H RTIRAT B R R 0 2% 5 ) R B AR A A BT [ 3K Y] %
(K3 ¥ T3 IO N ORI M 28 LTS B T ARBF A SR T . DIk, AT 3RAT DR
gty B AR N 48 D0 ROR B e B 0 B i KRR AL S BRI 45

B, L M AT A0, AT BL 7R, AL 2 IR JZ P 4 R
FE RGN — LE 2R 25 S5 ] LN A G 5 HE ., X BRSNS JE B i 4E AR RS B SR
EHEE, RN N SRR AL G5 RO N 2 EAT A RO R RS2 I AR
J& MobileNet-v1 H 3 #r (17, FRIEZ > B AR AT UR KA RAR  H SR, [RIINRS AN
RPERKIIRR, HIEAGER 25 NG RZEATE K IR E > BEH; 7,
H1F MobilenNet-v2 R H] 1 JeTh4E iR 4E 75, A RGBT 1 BRI AR L,
DALk s SR X P AT 2410 Bottleneck #8t, Bottleneck FEHZ5 4 41 1& 4-5 fros .

input
BatchNorm BatchNorm

3x3 Dwise Conv 3x3 Dwise Conv
Stride=2
BatchNorm
BatchNorm
Linear

:Output Output
a) Stride=1 b) Stride=2

K 4-5 TinyPVNet bottleneck %51

Fig.4-5 TinyPVNet bottleneck structure
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BN R ER ML TinyPVNet FIHEZR BTN 4-5 Fros, R ) n AERXS N2
#H & n {X, Expansion {$E[1];& Bottleneck #ER 25— 1x1 B Z FALERIRE .
7 Bottleneck B ¢ 5 — 2 K F 2614 (Linear) % B 2041, WS B HA G E 2 G
YR A PReLU FEZAEHUE B, Jy 7 ImPlZemnpy b 05, A GRE 2 5 #R i
17 1 Batch Normalization #{E .
% 4-5 BREL ML L5 TinyPVNet

Table4-5 Lightweight network structure of TinyPVNet

JERM n Expansion Stride LAV DN (i Output
Input — — — — 150%x150%3
Convl 1 — 2 3%3/64 75%x75%64
Depthwise Convl 1 — 3x3/64 75%75%64
Bottleneck 5 2 — 38%x38%64
Bottleneck 1 4 — 19%19x%128
Bottleneck 6 2 — 19%19x%128
Bottleneck 1 4 — 10x10x128
Bottleneck 2 2 — 10x10x128
Convl1x1 1 — 1x1/512 10x10x512
Depthwise Conv2 1 — 7%7/512 4x4%x512
Fully Connected 1 — — — Embedding

Fully Connected

U

4.3 KR BIKIT

P K% (Loss function) S /R B FUIIME f(x) 5 HSEAE Y A B,
TR AN ARG AR, B LY f0)RE R BRSBTS
FLSE BT, IR B BRI RIS i A 1S B R A5 2K R B AT
Bl s, DLMOREEHE A (1 28, e &R R i R n] Rt e lr S . A
B fa B A — Le 22 g (R 0 SRARR B B, R L it B AT 0 AT
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4.3.1 Softmax Loss

BRI E P28 P T 43 BAF 5515, Softmax BRELE W Moy KR aefdi ., &2 N
T 4325 R 1) Logistic 4328289 &M 5K . Softmax bR FE W i )5 2 NP4 Jo 1 fa
MR R 0, 1D XEP, BHErAERHERN 1. AKX

S@)= — (4-2)

WKl 4-4 frox, JAMREK X RM%E&RE—E2ERERRA, W2
fEo FLrPRRAE X A2 Nx1 (&, WRESEREENZSE, &1 T<NKERE, XN
HTX YN XA, T 7R e 2 B 80 8o B Jm A1 2 U2 AT WX R4 3] —> Tx1
& (a2 B logits[Tx1]) , XA ERMEEEZ (-0, +oo) . RFAEN
softmax PRHCK A &ML 2] (0, 1D X[a], W2 E A prob[Tx1], XA m=HIE
MERRIENFER & TR BRI

— — softmax [

L ] [ I : = :

L N ' : _.* --Z-:E *_-

= g INx1] . —
WI[TxN] logits[ Tx1] prob[Tx1]

B 4-4 Softmax 432
Fig.4-4 Softmax classification
FEAF BB softmax H HMERAE 2 )5, FRATTR I 28 SUR 45 2% R H it S5 457
KM, HFRERWE-3)FR, Kb m AAREMINGRIFEAE, j€[1n] P n X
BRI, f, RREERZRR—JZ05H, B/ =W x +b, 5 FrRASE SORE
BRI B R I KON (4-4) s

1 & I & e
so max = L N 1 n 4'3
o = Z; - ZI: og S (4-3)
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SRk KA

1 & eWyfxﬁb}’i
Lso tmax logn—l (4_4
f m IZ:; Zj:IeW/- x;+b; )
A2 UG R R 73 SR B B I AR T2, AR 2 AR A A A2 SR 46 25 okt
A LLE BIAEEIRE R, (HH B SR BT R . ROQVESRIA] 7, RN T EMRREOKR,
PR AR 2 5 7 A ] 2 LR A BE S /N B A DL

4.3.2 Center Loss

T A SO R RN T 2RI ER 5, BE L& 1R T Center Losst, i
RIF — KA HIRAE, WBONEATTZE, A T80 T AR R E HE R, #e%
BRI T 73 FHFEE . Center Loss R B FIA XWX (4-5) o, HoA x ARG
AVRFAE R R, ¢, Dy RS RRFAE oty , SR AL AE I 1T 20 RAE AL 17 & 5 Ry
(N RN R QU RN N =

Loger = %2\\»@ ~¢, . (4-5)

FEREA M W 2 YN 2R A b, G SR AR AR I I T S5 BT AT R AR (I R BE B R0 (Y
RRAE Aty HTHSE DL S AR, R SCIRUIS Y 1 BRIk A geih— A
mini-batch ZE 5 H 0 #7775, {HHF mini-batch FHANGEEL S IR E R BTA 551, B LA
3 SR I SRAE 317 2 GE vt (1 77 35 K S S8 01 e » (5649 28531 w110 53T B I AR E
W 4-5()forn, A2 SO R R EZOREER AT 73, RSS2 B I FEAS s PE R, Ak T ik
S TN AR A 2 B TR R B /N T2 B AR L s M Center Loss Ja, [
RAEARZ 6] (177 22 B 08/ AN R SRR AR 22 1) 1) s A S I, A 1 R 50

\ & g \
- .
¥ l.-.__\ & ] .-‘ %o I“..
*e, o ate l. \
RSe— > B2 |
sy 5 8 P
e ’ ]
P *® 8 e M
VeEe # Bty
a) A Rk b) A& X $5 k+Center Loss
a) Cross entropy loss b) Cross entropy loss + Center Loss

Kl 4-5 A2 X @55 Center Loss /X 7]

Fig.4-5 Difference between cross entropy loss and Center Loss
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FHvaF T EARAY R R A R AT IR R AR A

TR R, SR ERE

ARICH, BATPELRA 22 U PUR AT Center Loss K 2R & M 4%, B iI40 2k
RN (4-6) o~ , HAESE A H T A5 Center Loss /AR LLE, 180K,
U [) 2 22 1) R AR AIE SR AR S o, (HARAL M FE a2 3G 0 BRI SOR 4 B W& 5
fd 0.003,

Wx+b

Center — ~ _zlogz,, Wb —Zux —c H (4-6)
j:l

Ly =Ls+AL

total

4.3.3 L-softmax Loss #1 A-softmax Loss

A TAEFEIZE Z AR AE SR B2 B 55425, L-softmax Loss34& H T —Fl 5 P 4% 1 5%
o ELARME, FRATE S RUIAS SO % 1 pR B0 R 1A N (4-4), T R &1 N AR ST X
N [) B AR 5 ) & 2 () AR ARz AR B3R A, BT LAFRATT AT LU X(4-4) 22 5 i (4-7)

1 & eHWyz H’HXI'H'COSH.W +by,
L=-— Zlog

m Z” 1 eHW,/H'HX,- Jecos6), +b,
j=

X EIRATL =432 R4, b softmax loss /& BN 2 (4-8), MIMEH] x (1]
EWEREE R (x BRI AN D .

(4-7)

W'x>W, x (4-8)
Ep
[l cos (@) > [ | cos(@,) (4-9)
SRJ5 L-softmax Loss SI N T — M AEME m (m AIEREHD , MR ™ LW
AN (4-9), A

7|l cos(8)) > 7||x]| cos(m6,) > [, x| cos(6,), 0< 6, < % (4-10)

IXAE, AR 1) B A R 6] B ) (A R SR I A I 1m A R IE #0254
KK AR T o BRI (4-7) 7T LS Rl x(4-11), 40 4-6(b) 7R, L-softmax
Loss 143 [ 28 2 [A] FRFAE B IS5 5, AFRZ BH B 5E g gesii it . :L4-12),
2 om ORI, SR, [FI RO S S . X RATTIE m R 4.
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. il Jldleo0,)
=-—2 log— m— (4-11)
m4& - Jalkbeo) Z#y, Jlebslecose,
Horp
@(6) = (=1)" cos(m) -2k, 96[%,%]%:0,1,2,...,1%—1 (4-12)

a) Softmax Loss b) L-Softmax Loss

Pl 4-6 Softmax Loss Al L-Softmax Loss [{IHE1IE 43 4fi
Fig.4-6 Feature distribution of Softmax Loss and L-Softmax Loss
5 L-Softmax Loss #HLt, A-softmax Loss Vit — 354 H T 58 P24 (1) 43 2 26 1
UKl 4-7(a)flT 7, L-Softmax Loss 75 Il 2k B AT 58 52 213 £ 1 B FIRLE [a) BB K 1 3 )
S, S REMATM . T MRRIX A B R, A-Softmax Loss $& H KA #E 4T
A A Rl B B AT, B w|=1Mb=0, sidt/5mARARAE-13). WE 4-7(b)
Fios, SPRCE A ST IH— S, IIZRar a0 R B T AL E ) & W ORTRFAE 7] & x
IR HIFRE, SRR AT NS, R R L RE 2 R T

L%y Juleste,)
T L OB Toooed, 4-13
m & FI S ks (4-13)

Hor
0(0) = (—1)f cos(mO) -2k, O e [%’, (k ;1)”];1{ ~0,12,..,m—1 (4-14)
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v AT EAAYE %0 L IR IR B A

a) L-Softmax Loss b) A-Softmax Loss

K] 4-7 L-Softmax Loss fl A-Softmax Loss HJ4F4E 7 4

Fig.4-7 Feature distribution of L-Softmax Loss and A-Softmax Loss
4.3.4 Additive Angular Margin Loss

55 A-Softmax Loss #18l, Additive Angular Margin Loss™7H4& H 3@ i< 48 fin /5 /& BR
BOHEAT B S0, FERMRRAE 1 B x B HEAT I A, SXRE YIRS BB R
BRI ARG R, MAE AR R BATE0E, AR 0 B FRRE
KO ASAHIE, o v B PR SR DR I RFAE Y AR, IR I 5 T 42 X HE R B R AE
J63/N, Additive Angular Margin Loss XMFAE ) & x AT IH— L LS, M4 T4
TN T AR W B P B R, A A I BT R SRAS I R BE 2 VR R T, X I 4
AT IR TR A AR I, AT I BT 1 L £ 7 A BE RO BR B, DRI ) 9 68 0F X 43 R AR 1
% >] . Additive Angular Margin Loss FJ&R &R WA (4-15 R, X s B— NS,
0 3 Al S 21 B K )R K TSR B T 42 I FLid g & 4-8(b) T LA HY, Additive Angular

s-(cos(Hy’_ +m))

1 m
L=-palos 4-15
m; es (cos(6,, +m)) +Z. es cosd; ( )
J#Y;

81=

a) A-Softmax Loss b) Additive Angular Margin Loss
] 4-8 A-Softmax Loss 1 Additive Angular Margin Loss [ 5 121 i 47)

Fig.4-8 Decision boundary of A-Softmax Loss and Additive Angular Margin Loss*7]
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Margin Loss [1#R 514 5L Ll A-Softmax Loss &2, HAZ AL O, H&IFEE
m R/NRRFTL T, XA IR B2 S Ui, X BLIRATH B 24 s A1 m 7379 1%
BN 64 F1 0.5,

FiAb I — e HAR ) H Loss AL, Wit Lk 45 2% i #(Contrastive Loss)- Triplet
Loss 255 5 22 3] [0 bR B . {HIX 28 Loss 76 I R &0 75 B A i KRR AN, o
MEBHE IR, RE 518 MR AR g DL ICE S, 78 SE bR b A o BRI A
REF. Bk, ASCRHA Softmax Loss. Softmax Loss+Center Losss A-Softmax Loss
PLJ Additive Angular Margin Loss VUFf Loss PR EGEATSCES, 5.4.4 TGN #r 1 H
Xof A DK 70 SRR

4.4 FIEEENHEUEEERE

TE— M IR 73 R FEAE S5 TR, N ZRAE AN AR P 0 25 1) S S ) B2 A T 1T
IX b LR AE P2 1R ) (Close-set Identifacation). BLES, )X 42 B 42248 FH 9 4% 1Y) B e
— B KB R AR H BAR R ZE ] o T AR SCHY B KR 70l & T T 48 1R (Open-set
Identifacation)fF:5%, BN ZREE 5 MAAER HIREA R R A — 3, Mo ok Bl & Jm
— EAF AR E 2R . BT P2 I R T S SR ) I % 3 BB T e e AR R
ARAFAEREAT 7338, PRI AE XM OIT AR AT 55 v, JRATTH BP9 2% 31 250 58 — 2 1) i
(Embedding)fE N RFAE [a) &, S8 5 A B BE B 2 S ek Ok THBLRE A Z TR () pe &, Sl B
R B BRI () B (R AR AL, I A EI TR A 2 A 8 TR — 2K

X TR A [m) B AR AU B B, i P A R B 2 R A BRE BS  RILIE R DL &
DR B & . Hrh R B &8 F T 0 ) g i s (AR AVE B2 &, BN AR T
LBP DL NBP H#4iE VU T 6 5 i JikR ) 55002 80, o 22 (9 2% 2 LK) AR A1E 1) 72 DA
VBRI E S DU BE B o ax BLRATT 32 TR A o 5 25 A RR X g 3t
ATHRHE ) 2 AR B2 B . HAKR M, XF T Softmax Loss 1 A-Softmax Loss, 4338
2R R TR ) B RRRALE o) 5 N AR EAT TE B, BRI SR AR 5 R B R AT
I Center Loss /&l BRxUrE BRI N 7 2, BRI IRATTR I Wk Uk |29 2R 4T 1 5
X T Additive Angular Margin Loss 2K ¥, H T XIRHE R 24T 7 IH—4, FATA LA
RAE R @4-16)F K (4- 1773 H, RABRAKE S AR LR 2 EM 0, FHIRATH R A
R R S AT .
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European_distance = /(x, —x,)” = \/”xl”z + ||xz||2 —2x,x, =2-2x,-x,  (4-16)

Cosine_distance = =X, X, (4-17)

X, X,
BAREY
4.5 RBIEHE

G AU 22 X 265 7F SI2 D s R P TR TR BN, A o T o A TR K R R A . AR SR
VGG16-Modified PR K/NA 432 MB,  H AR AR LF 2k B T4 0%
FLRCE , PR FRATT B B B E AT A A R 4, BB R R S BN
NEMB B b — M, Mg BIR ) S 5002 B8 RO R 32 A3 S,
(4N zip IXFE 1) 4 77 72 FEAS RE X L BUAR AR GEAT A RN R 4 o 1 SR REAE AS 5% 1 A8 7Y
AETR RIS D0 T PR P 3 1) 2 B8R B HAth f BRSO S A AT A7 A, ok REROR
DR R AE At 23 TR o DR AT 13X LR FH A T A4 1) 9 Y 0 S B AT R 44

AN, AERERNE, AP RS E TR E A — E L E NER T IES
A W 4-9 Fios, FA1GiT T TinyPVNet f 75— EE R Z A E S AAE, o
A A (1 0 AR TSN (-1.0,0.75), JF HE T EIES 0.

60

50 4

40

number

30 4

20

10

-1.00 -0.75 —0.50 —0.25 0.00 0.25 0.50 0.75
weight_value

Kl 4-9 TinyPVNet 55 — =4 1 2 B AL E 7341 |
Fig.4-9 Weight distribution of TinyPVNet first convolution layer
BRI FRATTR FH B R8T RS . B ZSBn s/ ME M B RE, R
Ji 1 /DM R S5 R AR J I X TR B M 2 B 256 B BB, X AR BN s B8RS mT DL
8 fr (ZiEMD BHORF R, WA A BUR DN S AT R B HUE . Bk
Wit S AN @-18) o, Hdw,, NIRIERE, W, s B
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Wi =W
W = 28— X255 (4-18)

gl EARE R, AR 32 (0¥ RS B N 8 B HOR A7 fif, B BT LA
Rt RUARAR G /N 75%, £ P28 HE BN FRRE 8 A7 B B i vl 32 A7 3 s HodE AT HE B
B SRR A . TR g R ARG SR, Pl B
B RIRE FEALAE A 2 N AR . RAAR SRS R 5.4.6 75,

4.6 REIN

AREEHINA T — L 7R 2 45 TR 28 ) 25 Rl 2 5 2t 8 P 28 S5 M 1) ik iR
B, JEAESE AR AR BB AT W T AN IR E G B B A W 4% Resnet18-Modified .
VGG16-Modified fl— M52 & 2% W 4% TinyPVNet F T 3 5 Bk & R AE$E L, X T
Resnet18 M 4%, AN H F4H ) Residual Block HEERHEAT T2t SRIENH T 40K
] 2 P 2K R %, 40 Softmax Loss. Center Loss. A-Softmax Loss A& Additive
Angular Margin Loss %%, 08T TN EEE; 25 0@ 1 A SO s s
AiE 7] o AR LA B D7V i 0 A S i A P PR R R A T 4 U7V SR SR AT T R R
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HAE RILER BN

FHE LWERETH

5.1 LIHIRER
5.1.1 EFFIKBURY 1E

H T A CASIA Bl &R A — K A 6 Kk k EIE, BBt
1200(200*6)5K KR, IX L% 58 = AN AET A2 CNN YIZRAGESR . Lk, 971k CNN
F oA X BRI, AR S0 S B E K R BT B m 8, b SR s
G BR Y1 J5 B OR RIS N 22 S AN R, 17 S (8] AR 1 7 0 U SR 7 1 5 ) K
P e % DR FR 2 1A) 22 SRR, LUK BT X2 B B T HRE ] 20 20 A SR LY A
By Wk Hrb, RN EEAETR. Y. ek, MDA, R
JERIRCR N 5-1 o, SRR IR EEIE N 19 07 3% 32 252 25 )8 B 5 ik R AE ROT
B R 2 I E R ZE 5 A, AT DA 3 e 1 58 7 VR AR TR AR 25

AT BE LA TR 22, AT e 5 7R X 3K 2 % 2 MVl A% 1) 5 e 12

a) iR b) Jiekk c) BIYIBKR

a) Original image b) Rotation ¢) CroptZoom

d) x -7 #% e) y 4iir-2 f) {3

d) x-axis translation e) y-axis translation f) Gamma transformation
K 5-1 KRN BRI

Fig.5-1 Intra-class data augmentation result
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7R Tk K AR 524 i ST

FERATRAY )G, & RO BIE RS AR 78, HEBENUGEETR
HA 200 2. SRAHBOR D 2 B4 W 2822 2] R IR AE SR R B X 70 . Rtk
N TR CNN BZALRE 1, ASGEIR W 1 RRY I 5k, waEx EERET KT
BB MEEGG, EGRESE, AROhY 78 7 ERKIEGRSBIE SRR 55 12

. Rl
a) JR K b) K15 & c) EHHERK d) Jie#s 90°
b) Horizontal mirror ¢) Vertical mirror d) Rotation 90°

g) JitkE 180° h) Jig#¥% 270°

e) Rotate90° + f) Rotate90° + g) Rotate 180° h) Rotate 270°
Horizontal mirror Vertical mirror
K 5-2 SRIaYHROR K
Fig.5-2 Inter-class data augmentation result
W EF IR AT )G, BEA ROy 1B &R 2 N 25 I ZRis 1 I 90L& 1)
B

R, R AR T Ak R
5.1.2 SEIGBUEER

A SCE S A I S T O B A A D 28 S T AT DR B e A, SRR IR 2.3
T ITVER S K E AT ROLHRHL, SRJE R A 2.4 715/ 4R IR0t be BE R ) B3 S B
77 EI#)#5(CLAHE) J7 0 ROT MG HEAT MR8 5, SR AT B IR B E AT BB L0, 5%
AT RALPE S B ROY HEERIIK IR . $54, A SCW RS CASIA Bl Bt 47 I ZRdE AN
MM RIS, gk 5-1 fas, HaIlgRge & S8 70%, WA & A 280 4

1 30%.
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R 5-1 CASIA H¥s P2 1 I 2R 52 AR 4 &) 43

Table5-1 Training set and test set of CASIA database

S £ 140
GRER & 8k 840 (140%6)
I8 5 2 ) 60
bIURENE P 360 (60%x6)

R i B s A f5, PRI S 1 A R 7 e N GRAE E  EAT Bl R . Bk
BEAT RN AR S35 B4 HEAT 2 e, 2 IRBEHLET U] BA & 2 ¥R gamma AZ 4,
IXFERELE R 7 5 B B (G SR ) s 8 DR SR Atk b AR I ) BT B AT 1 IR x
HPRE AN 1 IRy BhF e, SRR R IEURE B EY AR EORI 21 5 RTE HAAERN
0 FEAl B AT SRR 1Y, T R BRSO 5 U N B e 90° FRadkAT
MFEEGEROBCRMEE, Fx K&, 2nl #4705 e 0. 90, 180, 270
JEZ, FEBLHERD b 23 0 e 0 FEA 90 FE B 4 Al AT K B AR A B AR, X
T —Raey A 8 K4+2*2).

T EHAR S, BTG SRR AT R 4y, AR 52 PR, BEEY R T
G, MR EILE 1120 28, 5—3 120 SR EFHIKENE . HhIiuESE = NBIEY 7 )5
R — R B 10% 00 B . BT HoR Y1 = A =2 b B ikcEs , B IR ok
MMM, Bt ilE . FikoR THRAFER U T, A3CH pihR A
Z 584EY 1.

R 52 BOURYH T (31 GRS R HE R 4>

Table 5-2 Training set and verification set after data augmentation

RS %L

1120 (140%8)

YIEREE B2

127680 (1120%114)

5o ik 4 28 ) £ 1120 (140%8)
B 4R S B 13440 (1120%12)
D AR 26 ) # 60
DR S 2 360 (60%6)

BRI )E, EGEAANZ AR 7 ORIE, ZFEA AT CNN 2 2

R E RFIE, AR TH CNN iz b fe
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5.2 LIS REIEFR
5.2.1 EALELxFFZEE] EE 3

KA LS 248 A — R E P KA [\ B @47 Lexr, (Rl EExE 2 484N A 2R 1
g T3 B B AT B o B KR 0 1 E b A A (] 2 2 D) ) e KB B L AN [ 2
Z Al e /NFR B LN, DR AR AE AR B A B e . A SR, AR 43 AT 2R
P EEXT AR TR EEXE,  FFORIE RS & LU OB )P . A n K TF5, KA m
sk B R, AT A RN L 4 & 50 nxCE s BT A B2 Lo 4 A
mxmxnx(n—1)/2. A LLER], 24 n>m i, 0 A $08 iz KT 28 A b
AR, LR R AR B R A FI S P 20 A B8R AT bk, 75 280 0 R Ak of i 26
Wi KT B SEHERA A, 28 m L SR N A G N 9: 1, iR A
(o EE 4 A BT A [ 26, L AE 15 21 90% kR 28 . BB b A 0 P 75 S AIE A
e IR B S, A REAS B LS I R 2 .

RLLAE N LR H G E nx C, HE, 72T A 2K E Lo Xt & BEALIEE nx C,
Xf, ZRINRAR . HARHL, ASCE RIS R — 2K 6 tREFIKIEE, Hikf
— KA DLREAT 15 RGN Xt , EANIIRAE v E4T 900(60% 15) IR PN LL Xt s 1 A 5 1]
e 2H G 31320(6%6%x60x59/2)5%F, BRI i A SC M BE AL EX 900 XF, ZH R [a] Lb %
D] I A S 52 36 6h AR AR 73 Sl 1EAT T 900 YRS P L XS A 900 YRS [A] LE X o

522 iRIAZE, BIREMFIRE

%R % (False Accept Rate, FAR)TE [/ 78 L X i 72 ool A [\ S 1 B 20 W e A
M 25 HEZ, T4 1 Z. (False Rejection Rate, FRR)NIHE 12 7E bb o i F8 oo A8 7] 2
T B R T AN TR SR A 2, DR DR PR AR A TR R AR iR A, A B I TR ) B0
HITE RERRLTF o (HPIE )R TXSLHE A, BANREIGRIRER, HERESAWT &,
AN W FEARE IR R B[R, DRI S AW s BRI AR SCR A 45 3% %8 (Equal Error
Rate, EER)JRMI & HIRHITERE . S5 0RF M, U B 3 5 kU ) B50925 P TR HG 2 vy

XFFINRER, ARSCRH 3T 8 BRI T2k v AR (i 24 55 % . B ek
I A B P 2 2y B, BRI LR NN, R — O AR 4R,
KPR ILREHEAT T IRAE XIGAE, R IRIE AT REAE MR AR B B — AN ER 2, FEoR
IR R TME, BPARAMSERE,
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53 ZWREREFERINESHIKE

AR ST A A PR B 2 S HE SR A Tensorflow, GPU 5y GeForce GTX1080Ti,
BAEN 12G.

SR B TTI, XT8R2 W 28 AR 5 W 2% 1K 2k, A SCHEASE A R 22
SHEINT

1) Batch Size K/N&E N 64;

2) BEYIIAK ] Xavier 772, ZHURM IEA 5047, AU IE L R 2K 0.0005;

3) PLAbSEmK 3k Momentum, i E REE N 0.9;

4) WILES2IHR R 0.1, F4LE 6 4 epoch i % IR 5 5, BANLRIEAT
FE4 30 4 epoch;

5) X} VGG16-Modified M %%, HTHEERZSHENRK, AT HIELME,
R ATERZ TN T dropout, IR 0.8,

5.4 LIGERSR
5.4.1 ANEHSEEE4HERIMEREXTLE

A% SCUI 2 R WA Y g R B DD E R AR B = R M 4% 4 R (IR JE 2%
VGG16-Modified 1 Resnetl8-Modified LA} 325 2 W 4% TinyPVNet). A8 SCE J6 5 M
2% SR P A [ 4 AR AAE 1o 2 44 R AT 0K, G rh R AAE ) B PR 4R 2 20 ) BN 128 4 256
YEFN 512 4k, MEARME R LW E 5-3 B, ol LR, M4 Em E4EE R E N
128 ZEff, FLAE =AML _EORS FEARAS U0 256 4R 512 4. R IR 2 2 8 ik B 45
28 S RHIEAS RS, 128 4E AR SERAAE 1) 5 ¥ DL 50 48 Hh R AE 3= & 10 3 0 BRR 1R A5
Beo DS T HEAT 20 T F TG 256 4ERT 512 4k 1 RFE 1] & .
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Fig.5-3 Performance comparison of feature vectors with different dimensions

HAEMERFRMBEME S3Fir, NEFITUEH, BXAEEZENYE
Resnet18-Modified F1 VGG16-Modified s, 512 21 1R Bk B &AL T 256 4E; i K H

BERMY TingPVNet I, KA 256 4EFIRHIE MR A LL 512 4ERFE W &85 2 5 .

HIR 2 BT8R E %M % TingyPVNet [/ 2% 45 ) it 15 58 ks M, DRIk X 2% B B )
PR R B INEEE . TIRE M T &R, RIS N TC A, Al
DLTE R )2 P % Resnet18-Modified 1 VGG16-Modified &, 512 4Lt 256 4E (138 Bk

FEE R
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2% 5-3 AN[E] X 48 45 1) 1 25 R R

Table5-3 Equal error rate of different network structures

W) £ 25 H4) RFAIE [7) B 4 2 SFEIRE(%)
Resnet18-Modified 128 1.45
Resnet18-Modified 256 0.83
Resnet18-Modified 512 0.56

VGG16-Modified 128 1.00
VGG16-Modified 256 0.85
VGG16-Modified 512 0.74
TinyPVNet 128 1.08
TinyPVNet 256 0.51
TinyPVNet 512 0.67

e, AR E M 2% Resnet18-Modified 1 VGG 16-Modified 4R 1FE4E & % N
512 4k, MM %% TinyPVNet 4R E4E T 3 B N 256 4.

542 NEIMBLERTIEREXTEE

AR T PR E 4% Resnet]8-Modified. VGG16-Modified P K — A5
M4 TinyPVNet, T IHPEE T EEAS [R] 0 26 45 44 1 14 B

MR 5-4 FRR[LAAS B, FERFAER BN 512 4EH), Resnetl8-Modified fif) 45 15 2 2

kT VGG16-Modified, #iH] Resnet 4k 72 45 K B it i fe FAR T-4% 486 AR 4L i WA

%, BHh, BREHMY TinyPVNet 7F 256 4EHT BUS T S UF FRHIREE, HERRN
F 5-4 N[ ) 2% 45 1) 1R 14 BE T LG

Table5-4 Performance comparison of different network structures

I 26 Resnet18-Modified(512) VGG16-Modified(512) TinyPVNet(256)
R (%) 0.56 0.74 0.51

0.51%, HZEHE 7TIREMZ% Resnetl 8-Modified FJIRHIKE E, EH T A1t # 5%
=R M2 TinyPVNet BF R MFHESEEEE 1. FrE T B R IR SRS T, K
TR BN % TinyPVNet 584 1] DL A — L 3L IR Z N 2%, B2 IS B iF

FRI TR A JEE
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5.4.3 2 Residual Block Xt B L FEERIIEFH

£ 4.1.3 iR, BATX Resnet18 [ Residual Block B HE4T 7 gk, FiriEA’]
W 38 i S 06 45 B4 M tdk Residual Block J& 53 kg 32 7+ H 2chE . a0l 5-4 FoR, 18
ot 2R AR 3R I 4B Residual Block R 1451575, 20 €8 il 281 3K 2033 Residual Block ##
PR AR 2 0] LUE B, TR R AR [r) B B R 256 4EIL 72 512 4E, /AT HUH Residual
block B 5 ()25 % R H BAK T JR 4A Residual Block B 25 R 5, YFHT 7 A L H
(1) Ui Residual Block 558t 5 i ik 151 kG BE S TH A 28 o A4 1) &5 R R 2008
% 5-5 fime

#* 5-5 XUt Residual Block 5 i 4f Residual Block %5 %X} L (%)
Table5-5 Comparison of the equal error rate between the improved Residual Block and the original

Residual Block(%)

256 4 512 4k
J5 4 Block(Resnet18) 0.94 1.00
o3t Block J& (Resnet18-Modified) 0.83 0.56
— 0.05 7 —-— 0.05
' —— Resnet18-256 ’ / —— Resnet18-512
0_0#‘_ —-= Resnetl8-Modified-256 0.04_ —-= Resnetl8-Modified-512
0.8 0.8 /
003 0,03

0.6 - /L 0.6 1 i
« f0.02 .
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FAR FAR
a) 256 4k b) 512 4k
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Fig.5-4 Comparison of the equal error rate between the improved Residual Block and the original

Residual Block
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5.4.4 IN[E)5 Sk R BB M REXTEE

K 43 FEA N Softmax Loss. Center Loss. A-Softmax Loss DA} Additive
Angular Margin Loss 5545 25 bR 80K JER BEAE 7 PR/ 20, T THDRE G BE X 26451 2K R 5072
ANFEI L5 2 by B RE . AN Rk R 25 R R R an P 5-5 AT
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1.0 A ]
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\"l‘ g !_ I
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i/ 0.01 b i, ST L Pl
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Fig.5-5 Comparison of equal error rates of different loss functions on different networks
WULER], fE=ANAFBMN 1, Softmax Loss K 5 HAt = F loss 55U
LU A0 BRI 22 B, B A AL G2 1 Softmax Loss (WA A& 75 Y Zr I # FE A HE AT IE 7 4325,
Mk 2 0F 28 P NS ) B B 1 20 SR o T e s e Ak MR TR N R 2 S K 1
&, P Softmax Loss fEMHALE EHRAZCRARREF . F35b, 70 KK ATt
[¥) Additive Angular Margin Loss 7E =~ % 2% I ff) K £ #8 t T A-Softmax Loss Al
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Center Loss, UEBH T HFAIE ) & 0 — A0 5T 52 FH IR AR FE A 20t . AN R 353 2% bR 50T &5
R BARBUE R 5-6 Fiws.
% 5-6 AR R BE AR 2% F SRR (%)

Table5-6 Equal error rate of different loss functions on different networks(%)

Resnet18-Modified(512) VGG16-Modified(512) TinyPVNet(256)

Softmax Loss 1.46 1.18 2.42
Softmax + Center Loss 1.11 0.95 1.53
A-Softmax Loss 1.07 0.96 1.19
Additive Angular Margin Loss 0.56 0.74 0.51

545 5EHMEERMREXTLE

FATTR A B B 5 FoAh B SV MR e EAT X B, XSS RGNSk 5-7 B
No FILAE B, AR SCAE A 22 X 48 3R AT RFAE S BUS B I 55 R R T K 4
W, XAHAE I T AR SR A AR 2 X 2% 3R AT OB U AL AR AIE S BT S AT AT MR AT
AR oL, Mg — R KB Be IS B RS B, 1 A SCAE CASIA
BRI O AR AT 0.51% KM A5 1R 2, IR 1 A SCHE B 9 18 07
T2 AT LA 0 o T 7 3 U0 F XU

#* 5-7 5 HARSEIEREXT L (CASIA HEEIK)

Table 5-7 Performance comparison with other algorithms (CASIA)

SCHR Tk SFiR # (EER)
Zhou Y, Ajay Kumar.[’'1(2011) Hessian Phase 2.24%
Zhou Y, Kumar A.2] Local Radon transform 1.03%
Yuan W, Wu W.531(2013) BLock+PLS 0.66%
Kang W,Wu Q.*1(2014) Improved LBP method on mutual foreground 2.53%
Yan X, Kang W, Deng F2¢/(2015) Multi-sampling and feature-level fusion 0.16%
Wang P[%(2017) Principal curvature and template matching 1.965%
AKIT7 i CNN+Additive Angular Margin Loss 0.51%
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5.4.6 ¥R [E 45 K 0 & BF 8]0 3

o, AT &AWL I HER IS A 3EAT St AT REAS W 2% 3547 100 K [A]
T, S8 5 SR I gk 25 Rk 5-8 Frow, HAHERE 1% % K H 1) & CPU(Intel
i5-3210M,2.5G F#i). AIUUFE ], #HTIRZEMZ VGG16-Modified H A K & 1% 4t
GRE, FHEANPZIFENJEE K. Ao, BEH ML TinyPVNet [ 2 I 7] 22
KT IR 2 W4 Resnet]8-Modified Al VGG16-Modified, FHAEFEFER A 58ms, EI{EHE
RN S TP AL B b, BB 0 2% 50 4 AT LU 2 S I PR I 25K

# 5-8 [ £ A EEI [A]

Table5-8 Network inference time

I 2% Resnet18-Modified(512) VGG16-Modified(512) TinyPVNet(256)
HE BRI [H] (ms) 75 343 58

A, RATRA 4.5 9 R H 48 77 10 B B M 2% TinyPVNet 24T &AL K
i, 3R 5-9 Won K2R AT A EAL S BORT RE . HERR I (A DAY AR RN B, AT DU,
i EEEE, B3 TinyPVNet FJARF B E R I 12.0M [FACH] 3.4M, K45 T
71.9%, TEFRFBIIN T 0.16%, (ERJHEZREJCEN . Bk, ZXWuE] 7B &
A AR B R B 3 B N S B e B3R AL AR s g s A .
% 5-9 TinyPVNet AT 5 Xf Lb

Table5-9 Comparison of original TinyPVNet and TinyPVNet quantization

PR AR A (M) P I 8] (ms) FIRE (%)
wEALET 12.1 58 0.51
s E 3.4 55 0.67

5.5 KRB/

A B JE 6 KRR AR SR 45 AT 2 A SR IR 5 e Hr, UEI T B AT G
R 22 W0 28 SR BURFAE I A B0 . B0, BT B IR R0 &8 2 1 1) j, A 3 42
7 EFKEERY 0TS, BN RS YT, AR R TR,
N E KR AE S BN 28 IR I R it 1 B0 S8 B N T AL GRIN IS R
a0 22 LS 5 R AT T AT . SRS [FARRAE 1) B AE R L AN [ I 2% 45 ) P HUAS
s 6 45 BEAT T 0 #r, ST IRJE M 2% Resnet]18-Modified. VGG16-Modified, 512
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YERFAE 7] 2 1 R B i, TN TR BN 2% TingPVNet, 256 4E 1 5 2 BURHE 7] &
RMREL . R, RSB E M 4% TinyPVNet B )8 FE £ 2588 17 IR )ZE M
7%, UEW] T R84 TinyPVNet $ HUE § KRR AE G Rt s 855 0 7 A SO
Resnet18 [M%% H1 Residual Block 8k 4k (145 %P, il i gk Residual Block #235t,

$2Tt T Resnet18-Modified W45 () IRBIKE B s SRJE XS LE T AR08 2% R B0 SR 45 R

5 Softmax Loss. A-Softmax Loss 1 Center Loss A tt:, Additive Angular Margin Loss
T R AIE [A) B H — A AT DU ROt S TR R B e, IRATIE XA 1 45 45 B it
7700, B RS, RATREK R R M 4% TinyPVNet BB AT L 46 1) SM
AR, WO RGP 2% B BN U B g B T RlAT T &
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e G 1) 4 i 2B B KR D7 VA TE T 2 BB K I A% R e 3 I PE AR AL 22, TBVRR
iy b 5 AE AR i 2 R P e DR, AR SO T AT T R i 3 R
T o f T B O 5 A7 1) RN B R KRR A SR O] B . AR SO R TARE S5

1) 0] A 2 S50k A ik 3 T 25 PRI A 1 0 B8 1) 1) 7L, R FH TR 2
S U5 AT RS RUE AL, Wik T BN I 2 BOR E L T E O A JREN
TIRETFHELE SEMAEHE, /£ MSE Loss Li#E {7k, #H 7 Modified MSE
Loss BEAT I 2k, A RO TE T T 508 sl E AR B, TEM T 52 1 1) Modified MSE
Loss 1A 2tk

2) X Al fh B K AR B R AR D, R R I 2% 25 G 7 AR UL 1 ]
AL, SR T RA IR SRR R U5, BROhY R T EGERE, A
232 B e R U 2 D 8% 1) I R B T O S

3) FE T T A S KM A N K A5 AL AUS . BAT IR TN R B RHIE 5
HY }9 4% Resnetl8-Modified fl VGG16-Modified, % Resnet18 ] Residual Block 5
PG W EAT SO, SRR 2 SRAIE B T RO S e BRI RS FE A A A, 4R
RN [F)RRAE 1) & 4R T RDRS FE (R RE e, SEBRIER, fE RALRZ ML b, 512 4k
PRSI ) RS e e, TAE R R M2 b, 256 4 ) 55 v FRURRAIE [ 20K 5 6 70 5

4) EFRHEGIREM AW S SRR R, tHEARN KRR, At T MR E
2 M 4% TinyPVNet, =£ZRHIRE T BEMEEM, A RBOhREIR T M2 R 241
B, {F CASIA H#i4E FHUME 17 051% MR 3% H4k, AR CEX &8 %M %
TinyPVNet BEAT TG, AR RS 7KL, DT R0 K 45 5 4 X 445 30 28
FERANRFE I HREZROT & L.

M AR S ORI T AR, AR T Al Ak A AR i T R e ) T B G B R A 1]
R B RS AE B I ) R AR AR SR 3 — 2B I P T 25 1)«

1) FETH S K AR o B o A KR B 3R AT IR A A, R T
FEHEMARETANS, HESZREINAE T LW, Fb, &5 55k
G AR ER I HER R O, AT AMOGUR . A% IR 38 45 D7 TH AT 5ot

2) 7 B KBS R . A SCR I CASIA 5%, BN KEBHRA 1200
SIS, BARG I TATIE B EERY O EATY GG, W TR Z RS
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