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M E AAABRTREMNTEEREAZMEGIFTLRARFGRMNE S A2 B RARK F 0 2GR, 4
S AR L 5] NR # B %4 (Capsule Network, CapsNet) #2 t — # B A7 34 40 -G 4 b 69 A & R # ) 5 % FAS-CapsNet: i it Caps-
Net Z X BR FEMNHRGHIER LK, SEHFRATOFRLD ARB LS T @A R0 LI R £, A Retinex 3% A
BHRBFIEIEREREEFRABRENEZOR RIS ARG EX A RALER EHREL S5 M, £ CASIA-SURF #%
P LRI T 4o FAS-CapsNet 3 E fi AR a9 M s F A 87. 344 % b A P R S EH F 4 78.917%, #L# FAS
CapsNet B & & 509 F A ERA M AL 5 . At — FRIEER G40, KT CASIA-SURF X & A s % # f 30 4 K 2098 4 5
47 % B FAS-CapsNet /& 7 £ 3% £ Loyt ml /& 2 & 5 5] A 84. 552/%‘ 79.042% 8 F AW A F T B 31975 F 0. ooM,
P AL AR E LR R SRR A A 74,938 % A0 41. 667 %0 B F AL M T 5. 042% A= 47.201% ., T L FAS-CapsNet
ZA K FHHvm B BA RF R EHERKE Y

KR AR EARE N ;2 S IR E W 4% ; Retinex; 3T 4L AE A

hESES TP391

Face Anti-spoofing Method with Adversarial Robustness

WANG Chundong, LI Quan,FU Haoran and HAO Qingbo
School of Computer Science and Engineering, Tianjin University of Technology, Tianjin 300384, China

Tianjin Key Laboratory of Intelligence Computing and Novel Software Technology, Tianjin University of Technology, Tianjin 300384 ,China

Abstract The existing face anti-spoofing methods based on deep neural networks perform excellently now, but they are absolute
weak when facing adversarial examples. To solve the problem.capsule network(CapsNet) is introduced to propose an adversarial
robust method called FAS-CapsNet. The capsule structure and reconstruction mechanism of CapsNet are utilized to retain the cor-
relation between features and filter the adversarial perturbations in images. The Retinex algorithm is utilized to enhance illumina-
tion features which show the difference of reflection properties between skin and planar medium,increasing the between-class dis-
tance of living and spoof faces and destroying the very adversarial perturbation modes in images,improving the accuracy and ro-
bustness of FAS-CapsNet. Experiments on CASIA-SURF show that the spoofing detection accuracy of FAS-CapsNet is
87.344 % ,and the highest accuracy of comparison models is 78. 917 % , which demonstrates that FAS-CapsNet is capable to solve
general face anti-spoofing problems. This paper further generates two adversarial datasets from CASIA-SURF validation set to
verify the robustness of each model. The accuracy of FAS-CapsNet on the two datasets is 84.552% and 79. 042% respectively,
which decreases by 3.197% and 9. 505% compared to the previous results. The highest accuracy of comparison models on adver-
sarial datasets is 74. 938 % and 41. 667 % respectively, which is 5. 042% and 47.201% lower than that of the conventional detec-
tion. It proves that FAS-CapsNet is significantly robust in adversarial attacks.

Keywords Face anti-spoofing, Adversarial robustness,CapsNet,Retinex, Adversarial examples
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il 119 o B, BT LA OB 36 4K K U (Face Anti-Spoofing.,
FAS) J7 1 25 Bl I N B 09 3 44 48 215 . DA T A 2% 7 0 0t 26
Bi.

Wl R BE 2 o) Y P R R B T IR EE M 4 I 2% (Deep
Neural Network, DNN FJ A 1% 4446 I 5 2 < o2 7 B0 9% 36 3
LA R R M B . SR . DNIN A B A7 7R 5 32 5t BB A T3
PR 559 A 300 X6 70 AR T o G S B A 35 AR DA 7 kT I 1 —
R e, it A SCHE &R X ) R I A 5T, % 4%
WA FIEAEXN PR PR IR — M EA B EX S
T P A N T AR I T 1, AR OB TAREA .

(D FIAFFAL CapsNet™ |, #2 i B A B 25 5% i & 6 1 19
R 2 TG AR K I )y B FAS-CapsNet : 78 B4 i JE 75 /& A6
PG & A X 3 i S 00T AT AT AR 358 AR e M9 1
A 000 o 1

(2)2R ] Retinex I8 % 506 M 5 (1) 1 TAE . — 77 B IR
X BT 2 0 R R AR R EUR R R M5 B i — 2D 4R A
R X P0G R 5 55— 5 T S 4 R AR 000 BRI R i
PR 55 Sl 1 A AT T 1 0 B S 1 T 25 S 48 JRORE AR 28 i) R
B BE— 5 B T Ao A

2 MXTIIME

WA E AR kAR E P 2 5B g X 5
R, 2 T ORI vk S a1 PR P G A M L R S
64 AR SR I L 255 48 4 1 — B0 ke 0 I 1 0 Ak 2
RGBS P A W N AR A B R R (A R A
BF R P 58 T A 48 ) o S BOATE A A2 W T & L BRI
I AN L PRI W R R T AR

R S IR JE R 0 2 R A B i 2 AR
S5 IS AR B A AT P 1 i T LT BT 5k S A A AR 3
i T IR LA B0 S SR R R AN R B (il &
BRI 52 B2 AR Ak BT S A B B A B Rt
ST AR R TR A 5 AR O O K TR ) 25 S TR &
TR BT I AT AR R, X TS R 2R T N T BE IR
B, PR B B B TR AR

TZEBR 2% 2 1 Bh 1 T, 3@ i DNN 42 B 8145 08 2 4
FIE Ay e R 0 A G T R R M MR RE 28 . Zhang 5TV K A
T R Lo RS I 4 A6 I A4 9% 82 CASIA-SURF, Jf- 4 F
VR 5% 22 ) 4% (Deep Residual Network, ResNet) £ H} — Ff £
RS T O 3 A G 0 7 92, R B B 1 3R AS 2. 400 T 8y

Retinex Feature
Extractor

Preprocessor

RGB Input

CapsNet Feature

Extractor

WHF . Zhang S50 HEH — Bl bR R0 205 7S GBK LA R
% FeatherNets, ¥ CASIA-SURF | (¢ F ¥ % # R [k &
0.13% . Shen %> 4 H —Ff £ Ui 45 B 22 ) 4 4044 , 328 FH 4%
RS R A 4D T G 550 Hie 48 U1 S5t 07 A8 10, 3 i AR A5 RS AE
EBRHLH i U4 78 CASIA-SURF L= (15 29452 H1 R AU Ky
0.0985% . RILBFFE S EI T DNN FE TG 4446 0 450 48 1) 1
FAAR AR, b B 25 5 DNN Y i R =0 I 7 32 B Ry 2 3 F 52
Ji I,

SR Akhtar 25590 48 ty, DNN #% % 2 3 XF 3t 8 A< (19 4
iy, Tl 5 v 4 o 9 S B B 3 JE A S ORI 4 SR G 5 A A
IS DN TATEE N gl B s B Y & T~ X AP
N —FP 2 B HLAI 5L AR S R R G . Ma 55548 —Fp g
SXoF 358 R ARG 0 A e T AR A A B 9 3 IR B AR i A
Bl AL 205, X FEAR 0 A 2 2k 1 47 W 3 4 AR R ) 22 5
BB RE A 8RS JR O B4 ) Ry 3 A4S . Zhang ST T 4
TR 1] 4 3 1) T 0 A% A 2B R % 5 BT B O LA DNIN SR 4% 0
BTG AR A B, al UL, 2T DNN A IE A 46 I 75 125 76 % 4t
AT T S WS AN 2

B3 b3 T B, AR SC 45 A CapsNet £ % 0 4E AR B 4 5 59
TRAELS S B — b LA T B T O A T A S I D7
% FAS-CapsNet, i i Ji8 2 25 #4 £ B8 5 1 7] 1) SC 6, 7T R A%
Jai R B sh AR AR 7 4 JE R AE TR0 AN e 3R A B P A S e, HLTE
YIlZ v R 9 (B145 3 e ML Re A s fb X it b sh . ik 4t
AL Retinex IR 38 30 50 1 48 35 06 4 55 106 14 A G 1814 1)
B IX 43 BE 6 B TH T A S 00 o B S A [l Bk 3 3 A 0 11 4% P A
T AT TP BN, WA e B T ok i Ry 2 i B R AR A
X i

3 FAS-CapsNet A B& & i /5 5%

FAS-CapsNet Jy ik i B U & 1 BT 43k kb 51, ' B RS
AR I R AIE £ IBCRRU 3 28 4 AN 2D B Sl iy i R
I 11 2 B B SR Wl 2D T B R 4 L AR SOR F BB S RGB B
IG5 ARG DU 4SS 28, O 0 A AR R A T AL B 32 X 32 MK JEE
L DR TR I 2 . AL IS B9 B R 4 Retinex 8% #
BOGIRARAE , Bl CapsNet £ H 455 O BURFE 3 — 20 48 38 IR
JERHE e 3 . CapsNet BH AT 5 PIAS e 38 )2 . 90 0 e 32 2
(Primary Capsule Layer) fil R-S Ji& % JZ (Real-Spoof Capsule
Layer) , A1)z 5 2 58 JC 1 /35 )2 19 3l 25 3 i PR C /S 0 Soft-
max 3 d X R-S i3 2 i i 1) & AT R AR T

Softmax

-

DSCI, S1,ReLU DSC2, S2, ReLU
24x24%256

Primary Capsules
8D, 2048

8x8x256

Grayscale Input ~ Reflection
32x32 32x32
[ 1
Fig. 1

FAS-CapsNet A i 4 K U J5 1 it 72
Flowchart of FAS-CapsNet face anti-spoofing method
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3.1 RERFMERK

HT T 92 R BLAT SEAR G5 R Bt ke (9 5 Bk B, 5 405K |
i e 45 T B A AH LG B AR RS TRD 1 1 S S O E&ZIKB'C*E
P Land“" 42 H 9 Retinex Hi6 $2 BUENG P 1 S SR HRAE L 3F
— 2B R4 AR XA A (1 1L e

Retinex JIB Ay AR L AH AL 32 Ui 30 A [ 45 52 B 2 eh 8
YA SE L 5 )R SR TR S i AL AR RDE . Wt
O — IR R f (s ) R A

f(xsy)=L(z,y) * R(x,y) (D
Hip L (e, y) BEAR £ 9 A 8% 4 & (Lumination Part) ,
R(x,y) N5 & (Reflection Part), M1 T AH G0 ED
B2 Z R AR e RV 2 s, A R B i 15 0 =, 2 A T Ok
B B 12 8 I VRTA5 AT AR 38 3 Ay 3

L(z.y)a~H(x.y) * f(z.y) (2)
Hr, « RRBIRIBE , H(x, y) R IR R %L A S oy = 0 g
s

G(I,ym):2

A6 R A LLIE A R

R(zsy)=IgR(xsy)

2245
1 e Zn‘z

(3

=lg f(xsy)—lgLlxsy)
=lgf(x,y) —lg(G(x,y,0) * f(x,y)) 4)
2t Retinex 73 fif th 194y s R IR 2 iR, 45 F R A&
P I PR A TR g S 8006 o3 B R . % L D 92 IR i By
TN 0 55 G 4 ek PR T L - A% X3 ] A7 AE B s
75 A H 3o ST 3 5 T ER T TR R B T T 45 A S e R T
DX 2 BLUL P — B 52 BE K, B IR R Bl 0 Bk X 0 52 T

PW Convl, S1

MWMR Iz 951 T 45 BAF AT R RE R LS

/n

() H5 A (b) Pl it A MK

=R PN i SEE P ALk PN ]
Fig. 2 Reflection image of real and spoof faces

3.2 REBMEKELENSHEBAMLE

A SCE 1 CapsNet $2 BRI Z R AE , DL 2T 205 ¢
E BL2H 2R 7 AT 3 o AR B N FE DG IBEA B, DA e IR 28 52 R AT
OB AR L RIS B ARG I R AR SR
FHE B 1] 43 3 45 B (Depthwise Separable Convolution, DSC)
Xf CapsNet #E47 25 A0 00 fb {450 70 45 R A% 2 H50i T 4 0 it
e 1,632 RRBEAR T F 4 .

S DSC 4 CapsNet Z5# 1E 3 fi7n . DW Convl JEXT

B4 B R HEAT K 189X 9 % B AR R S
24X 24 X1 W RIFRAEAE F, TR PW Convl ZE A7 05 %
K L Sy 256 SEGHE L KA E T e e s R A RRAE . T
4 J5 FRAE B R SE S 24 X 24 X 256, 28 I 58 55— I DSC 5 7,
HEBEBBES BRI 9X 90X 141X 1X256=2337, &% #
BRBOXIXTX256=20736)/ 1.63% ., ZJFilir4 — Kk
DSC,DW B35 K -k 2,15 2R F 2 8 X8 X256
AR HEE F. RSB R B EE NSRS HEN 1.63%.
AL UL AR B CapsNet A5 40 fA & B 1 0802 L g 2500 20 155
A,

NI — B AR IS8

Group of 8 neurons

OOOOOOOO

DW Conv2, S2 PW Conv2, Sl

Pum Capsules
'@» .R-S Capsules

%locks @R"“Unb

Tnput DW Convl, S1
9%9 =T y
99 T I
| —
32x32x1 24x24x1 24%24%256
K3 N

8x8x256

8x8x256 8D, 2048 16D, 2

TRIE ] 7 8 B B CapsNet 4514

Fig. 3 Architecture of CapsNet with depthwise separable convolution

Xt Fy SEAT o bR T AL R AR S A L L 8 Ty B
K T A R 120 30 38 45 SE AR 43 32 4L A5 R AR R LR 4R A
8X8=64 A4~ 8 Y[ bt % AT B J= A 64X32=2048

AHIGLIEN
U™ = {uy s+ sty s+ sttsoi7 ) s1t; € R (5)
[A 4 R-S B2 AT R7R R
UR® ={ugsu; | »u; ER' (6)

Horp,uf™ 22785 th & A X B 9 Spoof JKE %, ui®® IR EL 5L
AR TR0 Real 58, AIR)Z B8 2E o™ 55 5 J2 8 38 ™ [H]
P RO 1 PR B 25 B iy B0k BEAT R AR DC A% 3, o 1
H 1 B DU 3 Softmax 43245 2% 3R 47 26 50 HE SR 15

BE A HmEE

1. procedure ROUTING (ty; »,1)

2. for all capsule u; in layer | and capsule u; in layer(141) ; ;<=0

3. for r iterations do:

4. for all y; in layer 1: ¢;<=Softmax(b;)

5. for all uj in layer(141) ;sjeZc,jG] ;

6. for all uj in layer(141) : vj<=squash(s;)

7 for all u; in layer | and u; in layer(14+1) ;bgjeb;]+flj\i * v

9. return v,
3.3 HEBEMEIEH

AR Softmax 43 ZE AR FEATIEHN BN . X F R-S R4
J2 B L T o KRR )8 T B S B D i R B B
RFERN:

() =Softmax(w; ) = <P n
> explu)
k=0

A 25 i 54k pR AR

loss= 2 L;+0 « MSE €))

HoAr,0=0.0005,L, i Bk (Margin Loss)
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L;=T;max (0,m" — | v | ) +A(1—T,)max(0,

o [ —m )2 9
ALY p o) BT K BIAR 2y 5 E RS y — 5
BT, = 1., AFREEA m™ =0.9.m™ =0.1. MSE J&JEIH
BR f SEAEER £ TR L2 B0 B 4 R fif i 25
oY EERG

FC ReLU FC Softmax

FC ReLU Reconstruction

R-S Capsule

32x32x1
512 1024 1024

K 4 FAS-CapsNet i £ 25 #4
Fig. 4 Architecture of decoder of FAS-CapsNet

4 ZRE5HH

RS I F NVIDIA GeForce RTX 2060 &K GPU(6
GB) , B Y5 #8431 IR B 2% S HE 4R TensorFlow 1. 11, R 2% 1}
B NumPy 1. 19. 2 i AL 58 2 OpenCV-Python 4. 5.
5.62 LB, Al H 2 (8) TR 1 2% R Bk & Adam R Ak 45 YNl 2k
FAS-CapsNet #5891 1f 2% > R B} 0. 000 1, batch size Ky
64,Retinex IEI S8 o AR R 1 LR E O E N 15, AE
gk LN 40 B,

R 1 RNAREBE S o i f A E

Table 1 Model performance with different o
(CZD)
o
3 6 9 12 15 18 21

AcCC 65.760 74.875 78.271 80.354 82.313 79.261 75.920
HTER 25.639 19.489 17.500 15.940 14.226 16.528 18.141

S b B % VGGNet, MobileNet V18! | 28 it Caps-
Net,LBP-CapsNet fll FeatherNets(A&. B), H i ,CNN 2542
44 VGGNet K M Fh 2 5 L 4244 MobileNetV1 #l Feather-
Nets; CapsNet 2& 42 # f1 §f 24 #t CapsNet I LBP-CapsNet,
£ LBP-CapsNet 1, Fl{§ #3% A CapsNet 1 J6 5 T 7 #8 —
{E 45 2 (Local Binary Pattern, LBP) %4 & BU U B4R 4E
4.1 HE|ESEMNER

S5 R N G O MR K I 2 JF B dls S CASTA-SURF Al
CASIA-SURF-CeFA, H i, CASIA-SURF #0454 1 + U1 &k
FAS-CapsNet 8, AEA B 5 A& 5 T 78 19 2 Al 8 (B4 2

IRBCH I 20 T35 90 5 L T Jm o I3 9 ) A KA )
P85 6 IR O

(b) Dhi A

Kl 5 CASIA-SURF %4k 4 FE A 7 451
Fig.5 Real and spoof face images of CASIA-SURF

1 2 B9 52 g LA R 5 A DU e B B 1 RGBS 119
P I R0 B 36 300 AR I 932 R 4 3t 4 7 8492 3K
U5 AN B RR 20 324 3K B 0ot R SR 44 A 100 A

AT 2994 T H TN EMR S 6614 3G Tl 1R

# 2 CASIA-SURF 4l 45 31 (9230 3 F#843)

Table 2 Details of CASIA-SURF (experimental part)
B % HEAKR HEAKR HEHAHERERE XEX%

il % % (RGB) 8942 20324 29266 300

I 9F &£ (RGB) 2994 6614 9608 100

M Ah A< 3% BIMSS F1 One-Pixel™™ 1 flo6F $i BE 4 4
AT CASIA-SURF 56 31F 48 A 5 > X i AL A 45 (I 1]

6) 5 LA PFAt7 A5 10 (1 ot B e P (U A8 80 Bp O (5 FH X PR A
) JF IR EE (b)BIM () One-Pixel

B 6 XA B &R 1

Fig. 6 Images of adversarial examples

CASIA-SURF-CeFA J&— A~ K B 5 A Fh B85 48, 42 55 X
1607 A3 A AR Y A3 T8 A0 e 37 b IX A4 AS [Tl 3o 52 R 48 9 ]
QR AT . 2R A FH 1 W0 3 45 A AR 1 1 500 17 1k R
J1. BEATRGIE N 7 R .

(a) FL5E A (b) it A

[l 7 CASIA-SURF-CeFA ¥4 4 £ A 7R 191
Fig. 7 Examples of CASIA-SURF-CeFA

SCUS ¥ K W A 38 AR L 35 . K DU ME B R (Accuracy,
ACC) 1% % % (False Acceptance Rate, FAR) |4 1% 5 44
# (False Rejection Rate, FRR) DA K 2 4 1% & (Half Total Er-
ror Rate, HTER) . ", HTER f3+5 77 2

1R FAREFRR an

4.2 FFLEEIE

SE R H CASIA-SURF 35 31F 4 % 4% #5 #4 33
A6 M BE BEAR .

M 3 fF %, FAS-CapsNet % % #l ¥ /& 1 ACC K
87. 344 % B WA #E #) FeatherNetB # ! 10. 678% ; HTER
F11.268% , B R AL #E # LBP-CapsNet 1% 37. 302% ; FAR
R A FeatherNetA B T 39. 911 % ; FRR 5 45 W &
NEE . BB G R I T H AR,

F# 3 HBIAIE CASIA-SURF $UHE 4 b A HERE X L
Table 3 Performance omparison of each model on CASIA-SURF

18R Bk

0
#A ACC FAR FRR HTER
VGGNet 77.042 30. 856 5.486 18.171
MobileNet V1 70.406 36.167 15. 055 25.611
CapsNet 72.635 38.496 2.743 20.620
LBP-CapsNet 76.719 32.053 3. 881 17.972
FeatherNetA 78.875 24.868 12. 847 18. 857
FeatherNetB 78.917 25. 866 10. 505 18. 186
FAS-CapsNet(Ours) 87.344 14. 943 7.594 11.268

[7] i}, FAS-CapsNet il LBP-CapsNet 7£ ACC I # %
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CapsNet £ W 42T, Zi & 18 b5 A 10 Ak . 18 I 79 2/ 44 38 (1 1%
FENEF AT CapsNet JF 2l & ad # . 1 Retinex 5k B
R BRFAE 7E 5206 A L LBP S0 3URFAE T 18 S ik B B ALK [H]
2 5, 8 15 FAS-CapsNet ¥ LBP-CapsNet ) ACC 2 F}
13.849% HTER F&IK 37. 302 % , & bt AL 28R B 6
4.3 WHEBEIK

AICETF VGG16 # 7 A j BIM 1 One-Pixel ¥ F i %
PERE 5 i X HURE AR R . WSk 4 51 FAS-CapsNet £ i
XHURE AR S Y E A bR ACC Al HTER #B AL T At %)
AR i

o AU B SO L PR 1
Table 4 Performance comparison of each model on adversarial

examples dataset

%)
ACC HTER
#A - - - - -
@BIM  @One-Pixel (@BIM @ One-Pixel
VGGNet 50. 698 66.000 37.364 26.070
MobileNetV1 76.697 37.563 32.691 47.194
CapsNet 78.833 46.708 18. 869 38.922
LBP-CapsNet 61.542 69.302 29.691 23.104
FeatherNetA 75.468 37.521 20.659 45. 840
FeatherNetB 74.938 41.667 21.157 42.858
FAS-CapsNet(Ours) 84.552 79.042 17.127 19. 808

4543 3 WA, VGGNet %% BIM HEA K i fi 5 ACC T
WE R BE A HTER T i i 2 £ K oAl CNN A8 Y 14 4 A A2
AR DAL B e T 33K 2L XS BT AE A X CNN B A7 % 3 19 T 4L 1E
. TMifE % 3] One-Pixel HEAY T 5, Ir A BB LGS LT
R H CNN SRR T R R i de K. X BB B T B 3 1y
PBE ke B R 0 TR AR B SR B B RE . e R
NN IE & 48 3 i ™ B g . A b 2 8 FAS-CapsNet £
BIM Hfii 4 [ ACC & T 200 LUREAL, H AL 4. 2 15 T B iR
JE ARG, AR AIG 3. 197 % H HTER 48 45 B 48 U 56 45 T T 5
TELATSAR T He A ) e

% One-Pixel FEA YL ) 2 B AR I B H FAS-CapsNet,
LBP-CapsNet, VGGNet 1 CapsNet, CNN & i 3Z 4 5 & /)»
9 VGGNet fif B JZ OCH HUE B B 55 4k 3 A i (L QA e
JHVE B PG 9 BE B K R AE TR B 2% IR TS 5 4 AR 3R A R 7
KIFHE S, CapsNet & 4244 N P 5 45 4 ff B 1 ¢ AE /9 £z
W SR B AE L 7E I 2 IR R R Y R AE DG BR A K
o7 L AE 32 BAR 3 a5 4 Bl B T S o e 3 v i A DT R AT AR
IE,LAgERF B B, 456 HAE BIM FEATE T ivfa e R
AT LABE ] FAS-CapsNet £ X 5t F A< g idi o 475 7 2k 45 802
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Table 5 Single strategy ablation experiment

ACC@One

ACC/% HTER/Y% ACC@BIM/% . Time/s

Pizel/ %
FAS-CapsNet  84.906 14. 844 82.385 78.000 11. 201
(w/0) CapsNet 73.271 19. 874 72.531 62.187 10.702
(w/0) Retinex  76.458 19.613 79. 448 39.116 15.777
(w/0)DSC 76.281 17.643 82,958 70.583 18.901

Tl CapsNet B LI VGGNet fE B #0432 28 #5 B AE 1F
HREARINTPURE A B0 F 48 1 ACC ¥ K T B, Jo H 2 7
One-Pixel #EAIL S T, T FEE AL E] 20, 273% , E B Caps-
Net % $2 - B X H1 G vk HoA 2 BRI . X — 24y i
R0 B B 0 20 L T s v T VGG G 3l Ak 38 4R ek 2 TR A SR
K B A% 3o o AR PR TR

Il Retinex J& , B/ 78 One-Pixel £# % F Y ACC F
[% % W 2, TE B Retinex 7E 14 5 47 ik 49 [) B X 200 3 %t 40 48 20
AU U AR i — 2 AR T ORI X B R

TH Al DSC J& Al UL, 455 70 ) 45 JASE R i 4G D0 e ] &) 22
TRAEHL, T e T DSC 4% 3468 0 1 it 5 S ZAE L W LA
RLREAR 153 FF A, T AF A e R 20 (A A ) 1) 5 B P 5K
4.5 ZHtE=xIg

TE LS 5 o NS R AE A 43 A 1 0 L I 25 A58 R A
MBI INE 22, i — LK% FAS-CapsNet X &
TBAE o> M W ALROCR AT R A B R &2 AR
FRAE ) CASIA-SURF-CeFA %4 ¥ 48 i 17 B85 850 45 5z b ok 52
I, W 6 FT%], VGGNet, CapsNet il LBP-CapsNet 3 >
AU ACC F1 HTER $8br 00 , 24907 1T #0045 L JH: 452 24 )
SKHI DSC, R UL. et fb o 1 Bl — o B2 B 19 P AIE 2% 3K R
TR 5% AR TR (9 B AR S Ak Rk

6 AR EE R AR IZ AL TEREXT LL

Table 6 Comparison of cross-dataset generalization

%)

#A ACC FAR FRR HTER
VGGNet 61.345 37.509 39.701 38.605
MobileNetV1 41.898 56. 605 59.466 58.035
CapsNet 58. 040 46.705 37.636 42.171
LBP-CapsNet 51.632 41.296 54.813 46.554
FeatherNetA 30.417 52.602 86.063 69.332
FeatherNetB 42.604 25.698 88.157 56.927
FAS-CapsNet(Ours) 41.952 13.671 98. 488 56.079

M VGGNet H1 A AL B 4E B8 T R P A TR B AE , i
AR AR R[] 2 7% B 1Y 56 SRR AE s L VGGNet 3 5 #7 ik 20
A T) 4 KA T T 4 A OULEE L A T R R 2 S )
FEAE, T4 VGGNet 383 F CapsNet Bz fb . andf ¢
RS AR ) B M R T2 AR L DU SRR AR Y I R 4

GETRAE A SCEN A HUAT I A Iy A X PR AR B
M7 T AR L L B A FE et CapsNet 42 H—Fp B A B 2% %3
e 0 e 2R IS AR A I 5 ¥ FAS-CapsNet; I 18 15 52 56 iF
W] : FAS-CapsNet 7 X H0HE A By 475 7] O 4 55 8 0 2k 4%
TR 3 0 T A G 0 o e B AR SR A TSR I X 2 A
BB B M B A ROk

S22 W H 2SS R X A HURRAE 43 A0 0972 Ak A I i ) A
2%, XA fig S S CapsNet 78 DL K 19 8% 32 BF U 4 47 AR 15, o)
B SRR T A E . SEbr L, R 138 SRR AE TR £
£ T BR300 SCRRAE AR 21>, 4 BB AR R 40F 1] o
O RUIE BRI G . Y BRI Z AP0 B CapsNet
) 45 45 32 0, U AR A9 75 515 L 23 11 55 HO X 8 B2 AR AE 1 R Gk B
I3 1 AR R LA TR B b AR S R e B A
HAE DA RO ) S S fe s R TR R {5 A U 2 B s R
A 2509 5% WA 328 K T 30 2% A 80RR A7 B X AR o A AR 1 — /N
A3 JRAZ BFI K — RN T CapsNet 58 X G 5 5 A
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