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non-contact nature, and accuracy. By leveraging the complex and unique texture patterns of the human iris, iris recogni-
tion systems can accurately identify individuals and are widely used in critical sensors such as border control, prisons,
banks, and coal mines. However, with the wide application of iris recognition systems, the threat of presentation attacks
(PAs) has become increasingly prominent. Attackers attempt to deceive these systems using fake irises, such as printed
irises, textured contact lenses, or artificial eyes, thereby enabling impersonation of others or evasion of identification. Aim-
ing to ensure the security and reliability of iris recognition systems, iris presentation attack detection (PAD) is typically
implemented as a preliminary step to distinguish between bona fide and fake inputs. Despite notable progress in iris PAD
methodologies, current solutions face persistent challenges. One major issue is their sensitivity to environmental variations
during image acquisition—factors such as lighting conditions, camera types, and subject-specific attributes can substan-
tially influence detection accuracy. Another major limitation is the difficulty of effectively detecting synthetic irises, which
are becoming increasingly sophisticated. This study introduces an innovative framework for iris PAD, designed to overcome
these limitations through the integration of spatial-domain and frequency-domain features. Spatial-domain features capture
local textures and structural information, key elements commonly exploited in PAs, while frequency-domain features
exhibit improved robustness to environmental variability and can magnify differences between real and synthetic images. By
leveraging the complementary advantages of both domains, the proposed method aims to enhance the detection accuracy
and generalization capability. Method The proposed framework adopts a multifaceted approach to leverage spatial and fre-
quency information from iris images. Initially, spatial-domain representations are generated using the local binary pattern
(LBP) algorithm, which encodes texture characteristics by analyzing pixel intensity variations. The application of LBP
enhances the fine-grained texture details in the spatial-domain images, emphasizing critical patterns while suppressing
irrelevant noise, thereby facilitating effective feature extraction in subsequent stages. This preprocessing step ensures that
the subsequent network can effectively capture distinguishing characteristics between bona fide and fake samples. Concur-
rently, the spatial-domain images are transformed into the frequency domain using the discrete cosine transform (DCT).
The spatial and frequency domain representations are processed through two independent EfficientNet-BO backbone net-
works for feature extraction. Aiming to integrate the spatial and frequency features, the framework employs spatial-channel
fusion attention (SCFA) modules, which comprise parallel spatial attention and channel attention branches. These mod-
ules optimize feature fusion. SCFA modules integrate mid- and high-level representations from both domains, ensuring that
their complementary information contributes effectively to the final classification. A low-frequency semantic guided atten-
tion (LSGA) module further refines the model’ s focus, leveraging low-frequency information to emphasize the iris region
while suppressing irrelevant background details, thereby improving discrimination capability. The model is trained using a
combination of triplet loss and binary cross-entropy loss (BCE loss) functions. While BCE loss helps the model learn a
separation boundary in the feature space, triplet loss increases inter-class distance by encouraging the network to maximize
the distance between bona fide and fake samples. This dual-loss strategy strengthens the model’ s capability to distinguish
between the samples effectively. Overall, these components create a holistic framework designed to deliver robust perfor-
mance across diverse PAD scenarios. Result The effectiveness of the proposed method was evaluated on the LivDet-Iris
2023 dataset, a benchmark dataset introduced by the latest LivDet-Iris 2023 competition, which features diverse and chal-
lenging PAs, including synthetic iris images. Comparative experiments were conducted against the competition’ s winner
method and several state-of-the-art (SOTA) approaches. The proposed method resulted in a notable reduction in the classi-
fication error rate ACER1 and ACER2 by 9. 32% and 3. 71%, respectively, demonstrating superior performance in distin-
guishing bona fide and fake samples. Notably, for synthetic iris attacks, the attack presentation classification error rate
(APCER) was substantially reduced by 22. 78%. Compared with a recent SOTA method which only utilizes spatial informa-
tion, the proposed method achieved a reduction of 10. 48% and 6. 22% in terms of ACER1 and ACER2, respectively, and
a reduction of 24. 78% on the APCER during detection of synthetic iris samples. Ablation studies were performed on the
LivDet-Iris 2023 dataset to validate the contributions of individual components. Results from these experiments confirmed
the effectiveness of integrating frequency-domain information, which consistently improved model accuracy in classifying
bona fide and fake iris images. The SCFA and LSGA modules were also shown to further boost model performance. Conclu-

sion This study introduces a novel iris PAD framework that effectively combines spatial-domain and frequency-domain
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information. By leveraging the complementary strengths of the two domains, the proposed method enhances the robustness

and accuracy of iris PAD models. The integration of attention mechanisms, specifically spatial-channel fusion and low-

frequency semantic guidance, ensures that the model focuses on relevant regions, thereby improving its capacity to distin-

guish between bona fide and fake samples. Experimental results on the LivDet-Iris 2023 dataset demonstrate the superior

performance of the proposed approach. This study highlights the importance of incorporating frequency-domain features

into PAD models to mitigate the effects of environmental variations and improve generalizability. The code is linked at:

https://github.com/xianyunsun/fre-iris-pad.
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gt B
Som = sigmoid (BN (Conv2D( f,*))) (7)
TR TETE Z 153 3¢, B e X fAE=S [ 4E 5 1 it
P b F s AL, 153 240 € x 1 x 1 R/DRY
R P £ R, o3 AR e 2% A 108 T8 7 25 [ 48 2 1Y
SFHE B AR RAE R, BN
fa = MaxPooling2D( f) (8)
[ = AveragePooling2D( f) (9)
i — A S B = 2 2 AL (multilayer
perceptron, MLP) 435l 2% > £ Fl f5 v i 18 22 8] 1)
S JR o F, IF i sigmoid PRBGIEAT AL IH—1k , A
117 Ay 38 T8 A B — A o IO ) 3 B D AL, 3 ) A
B ML e AR
it = sigmoid (MLP(f3™)) (10)
f'5e = sigmoid(MLP( £3)) (11)
o MLP AL E 1A B R "2k )2, R AR I 9 38
I ECWE S A €161 4 ReLU (L6418 IE BRIT | recti-
fied linear unit) J0G 2 F 1A 9Kk " vk 2, HORvE
A 1] 114308 T 5 S5 1ol C
b0 1l b R P 3 T R R[] Y
YA Ay fe 2% 038 38 T R R [ 5, BAR R
fi" =05 X f' 1+ 0.5 x f7 3 (12)
TEFRI T 25 ) R A ALl T S A E 2
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Fig. 4  Workflow of the proposed LSGA module
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DI, H 2 J5E i >R B A T 55 PRI AR T B 2 £ 7 — 8
TR R IR A R AR s KR AESE . PR, 2R
ELHEH LR R A TR I 25, R ] R 225G 1 3
XEETE AR B, SFEQZAME TR XTI, 3855
WA 7 AT T 0 2 B A B — AR A, B
A 0 A T 58 DX SR AT LB, AR T3 Ok 180
SIS I AR , AN T A5 L 4 4t AR IS I F) 552 )
Peo T — ali, A SR H i IR AR R
5| 389 1 & 11 (low-frequency semantic guided atten-
tion , LSGA) LB , 45462 4 m] 124 gt b G i 30 e
X3
5 AT 5 I G I I 5 AR 5 SO ] X
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Fr e A B , ATIAS 21 17 O 0T JBE DX Iy 12
FIRCE WSS £ & 4 Ay AU RHE AT AR 2, 7
Jor BN IR B0 B Bl BT O R X
SR BT 1 AR (I T 1 @R 20 ) T s HIR S
25 At I0 5 DX I U W B 4230 O Y AR (&1 v JR
FR) A RX S T TG P A A SRR A A 8 X
AR A B AY T A AL 2 T B R AR G
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EME, PREE, 24, BXYE, MBH%, IEE
E T = a5 U R S R LR 2 IR T

2.4 SEBREBKEY
TEARM T 25 (AN RIABUS RS 15 5 09 v 2 ey J2
TEMLS I R A il i 4E DR, F il i 42 )R P 24t
CHEATRAE SR & TS BN W) 4R 10 2 38 2R Rl 5
AR R TR A 1 x 1 AR 2D AT I 1 4
8 il 5 AR 4, 75 2 B 48 IS 1R AR 1) i f,, € R™
TEMZ 5 A 0 i A BN — > BOBUZ /Y MLP 5328
i PEA AT I FLAR 4325 . MLP (9 HAR 2544 4n ] 2 Jor
N R TSR A ROk 112,58 212
PEJZ B0 % G TE RO 20 E— 2D, MLP B i 45
SR8 1o softmax PR T IH — 4k, DTS 381 F0 R ey
FI8 TN 3K, Herh LS R ) S BR R R p e [0, 110
HLJSE PAD J& T 28 IR, P s it B — 0T
A8 LI (binary cross-entropy , BCE) #5 2¢ #: 47911 2% , #f
RESYRMTE . BCEBK L, BRI RN
Ly ==[y.logp +(1 = y,)log(1 -p)] (14)
P,y BRI B LR, y, = 0UR T A
Ay, = VURILSHEAR
BEAh e 5 AL BCE 5K UFERT b, AR SCGRG AT
=Iu IR BN SR R —ER Bl AR
T L RS BRI Y e R R R AR
N ERE A T R, T = JeH 4R T LA =X
MG RIS A, [R] I o2 A 22 e, TR B 70
FhF EARXIE, =JuHBUR L, TR

L, (fp{e’xd’ f;f;d, fp’;]ul ) = max { fp(elxd - prZJd
[ fis = £, + m0]

2

(15)

55 2 HERHE

55 1 4ERFIE
(a) fLH BCE g%

1 1 1
-60 -40 -20 0 20 40 60

S frao s 53R — A = T4 REAS L IE
FEAFIGREA Y RFIE . 7EREE =TT 2, B 5 I
SRR T BEALEE I — RN N R RE A, 2 )5 TR
SRR A AR A R B RE A S IEREAS BRI
il R A 2R AR B AN TR O REARAE S AREAS o G
AR FLSLREAS DU TE AR AS DHC Al B SRR A rp B HIL 2
P, TR NI REA AR EEHLE S . = o4l o)
TR AE A — IEARAS SRR AR — URE AR Z [R] /Y
MREGHE RS, I 1, 3K os o m RS, T T4
FEAR — IEARAS R AR AR — B A 22 (8] R 0 ) 30 22
(] , B = T2 451 2k EORATT R4 IR A AN ) R A A
ik 2 5] A B 2/ L[] SRR A R iR 22 i) 19 B R
m, PRAE T AR Y BB B 3 2R i St i TR T g Ay
k.

5 7R 1 A = G 2R 45 6 RS Y iy 2 RpAiE 3
A B2, H T € RIS €0 [ 23 AR R I R v
FR L S A AR FI B i AR AR B REAIE , A8 -SNE (i-
distributed stochastic neighbor embedding) #F 17 45 fiF
Wi S nT AL - 1815 (a) Sy HUAdE T BCE 451 G I 2R Y
SR HLSCREACRAE S B AR AR R B B, 2
BT — WO M LA 2 2R X SR 5 1
— R ARRE 5 141 5(b) S I BCE 451 26 Al =TT 2 46
RIRGINRAI LR, S REA R AR Z 18]t BE T 3 Wb
75 A B TR AT IE R 26

FEAL BB LR b3 WA 2 oS A -
¥, 2R 0

L=L, +AL, (16)

O, A ACEE, R B AN [ 40 pR KA 2

55 2 R

60  -40 =20 0 20 40 60
55 1 4EEE
(b) I BCE FI=Te20 44 1%

F5 IR AL By SR AT REAFAIE ) -SNE R RAL 4SS SR
Fig. 5 t-SNE visualization of the iris features extracted by the proposed model on the training set

((a) trained with only BCE loss; (b) trained with both BCE and triplet loss )
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3 XWRITEERDW

R TR g L S A T b S R T B VR AR LS
Yyt TR, AR SCHEFEAE LivDet-Iris 2023 L3
IR VMY (Tinsley 55, 2023) T 53047 77 i #047 LL 3L,
FEAE M PRSCT FEAT I Rl 5250, LSS IE i 4 5 s vh &%
AN PR AT BT o AR TR X 2 g R 3 R AT T 4
)3
3.1 KREEHHN

AR SCVE FH LivDet-Tris 2023 HLBEHMSUG T4 77
PEATPEREITAL . LivDet-Tris 2023 HLFE SR/ T 204K
PR HEATRARIYILR 10 )5 7E L PE2H 25 S AL ] — %
PR T T, P IR bR AN T -

S PRI 152 H K (attack presentation classifica-
tion error rate, APCER) Fll . 5% 5 B 1% H] & (bona
fide presentation classification error rate, BPCER) 1E
HPEM RN VE R FE AR . APCER fURBADKE 14
T FEAR DRI B AR ], BPCER 4R R AR AY
W B SLHEARR I RN UGEREAR L], Hit—2
Mo, b BE A B F 2 BT 19 T E (presentation
attack instruments, PAT) 735l 15 H S S0 152 1) %6

Favten » VA T AT 53 A AR A6 A [7) Xt = i) A
PERE. Bikh
Fit = A Spred, (am

PAL {=1

1 Ny
fBPCER:Tz(l —predi) (18)
BF (=1

R S B8 5 b ot O 7 1 5 B i
HIF, Ny, A j B Iy AR, Ny, o HLSE
FEAER o pred, T /mBEBUNT 55 ¢ AR AS (Y 00 b
ZE(0EL 1), 1 N EAEA, 0 W BGHFEAS

WEAN T X SRR TS AT T
PRS- S BRI ACERT M ACER2 , HAR N

1 & Ny, PAI 1
fA(:Em = E z X fAP(:ER + E fBP(:En ( 19)

=1 Nyy
Srcere = 1y 1 Mi“fwf + lf (20)
ACER2 2 Nump_“ ~ APCER 2 BPCER

U, Numy Fon Bt RS S8, BRI 7 7, N, %
ANPGRS X (19) FE(20) AT, £
% 18T R B AN R MO R AS A B

I, o5 PR 0 i 2 B R ARG T 445 SR X IX —FE A
FEAEEE RS o T f o 1) 565 4 155 AN T ) L ol
Y IS SRAN 52 BOly JE U A K (520

3.2 HIRE
3.2.1 4

LivDet-Iris 2023 HLZE R AN BR i U1 2R 4, DAt
ARSCLE T 24 Fii B 4R Mo 2Rt . X —#i
KHARE 2L S B PG 4E (combined dataset ) A EAR A 1 K
FEARETEILER 1.

3.2.2 MilAE

A SCAF F LivDet-Tris 2023 Fb3E Fp 48 H A0 B0 4
VESR IR L o 28U 46 A0 % 4 Fh ) B o 2R AL RN
3 AN [ o A 207 el 2R A, 313 332 M REAR
a4 vh 0y Wy PR 2B AL A R 5 AN TR] R T ER
HLAT R AT 58 142 (printed eyes, PE) K BB HR 5%
AE B IR B AT EP AT S | 22 J5 R 4R 1 B (fake or
printed eyes with add-ons, F/P) | #{20 B EUE IR 5% 14
T B & 1% (textured contact lenses, CL) , DA & 3@ i
Kindle B8 7 5 %5 _E 7w 19 b B B 4% (eyes displayed
on Kindle e-Ink, ED) . 5 HAh F LA L, it
Bt Al v B Wy B RE AR AR I T LA AR
7R B e T B F T BN RN B e s B, U AR A B
HEE B HA P WG S PRI . G T
FEA 32 8 ] StyleGAN2 (Karras %5 , 2020 ) 11 Style-
GAN3(Karras 35, 2021) A28, A &5 1% L 34 i
JE], Aok A R TR I S S0 L AR RN S 4
1M B8 B 2 T LA N P — 5 R LSS5 il 17
PAD $idlifE . 32 Ern 1 B s A vh &N S B i A
ARt 516 JEs T B Y — SRS
3.3 ZHiEE

TEYN AR AL, fd FHAF ImageNet [ I 25 A9 AL
X EfficientNet_b0 ‘B T M #0154k, FoAh LR
MIEEHLRIaR A . >R FHBEAL BT R F B %% (FEHL Gamma
38 5 0 B LSRN 19 07 YR X B AR EAT 9 58, LA R i
BB it U5 R e Ah, O 1 B G i O B T 5 4
ANy, B A I A 1, 28 FH 0 PR3 B 11 384 X
38415 Z I HILAY 224 X 22445 Z A J B3I i A
Robo i, Jethidan A UGG EE 455 22 384 x 38414
2o IR bk K/ 32, HARIE AR v b Y
SAEAFN I FEA R AR ], (I BELER B2 T FE5Y.
£ (stochastic gradient descent, SGD) LA il 25,
RN 0.9, WA TN 0. 000 1, Z )4 559
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Table 1 The construction of the combined dataset

RGF2E Rt VIR RS G ECE R BB AR
IIITD Contact Lens Iris (Kohli % ,2013) 4316
LivDet-Iris 2017 Notre Dame subset (Yambay % ,2017) 2400
LLITD Combined Spoofing Database (Kohli %5,2016) 6 022
i Ii% @ - Notre Dame Photometric Stereo Iris (Czajka %5 ,2019) 3132 35312
NDIris3D (Fang %5 ,2021) 3442
CASIA-Iris-Fake (Sun%§,2014) 6 000
ND Cross Sensor Iris 2013 (Doyle % ,2013) 10 000
SCHR CASIA-Tris-Fake (Sun%§,2014) 640
IIITD Contact Lens Iris (Kohli %,2013) 2267
LivDet-Iris 2017 Notre Dame subset (Yambay % ,2017) 1701
ﬁﬁl}%ﬁ{éﬂﬁ% LivDet-Iris 2017 Notre Dame subset (Yambay % ,2017) 2400
Notre Dame Photometric Stereo Iris (Czajka % ,2019) 2 664
NDIris3D (Fang %5 ,2021) 3408
i I;Eg%: 1 ATENRIRSRE LivDet-Iris 2017 IITD-WVU subset (Yambay % ,2017) 2902 35 459
FIRBINITE  1ris printed CL1 (Tapia %5 ,2022) 1500
I A T Warsaw-BioBase-Disease-Iris v2.1 (Trokielewicz 4§ ,2015) 1099
JRENAN; Warsaw-BioBase-Post-Mortem-Iris v1-1 (Trokielewicz %5 ,2016) 978
T Ep L LivDet-Iris 2017 IITD-WVU subset (Yambay %5 ,2017) 2904
CASIA-Iris-Syn (Wei % ,2008) 10 000
£ T
StyleGan-Iris-PADv1 (Maureira %5 ,2022) 2996
BT 70771
"R T

%2 LivDet-Iris 2023 i £ RE AR B
Table 2 The construction of the LivDet-Iris 2023 testset

» %]

e G . .
Sl Sl TTETHEPE) B LRE  MSCEEUE  BRBATIE (ED)
HIHR 6 500 BZHIES (F/P)  BIYE (CL)

ITENMT IR R (PE)

522 ,“ g @ \
B R B (B 9 P4 (F/P) 266 s | > ‘ !!* !

T EA R E%m (live)

AR B B 12 (CL) 4 e e TR

P R ATARP 5 (ED) 40 P16 LivDet-lris 2023 M4 P A REA 7 1
AR5 2 A ST B TEMZ (LQ) 2 000 Fig. 6 Examples from the LivDet-Iris 2023 test dataset
TR A T R (MQ) 2 000

5 o A T B P % (HQ ) 2000 3.4 fEEELEER

it 13332 3.4.1 X

PLO.7, 04560 % . fE=Jed ik , mikE N
0.5,A &% M1.0,

2% 3 P Winner-LivDet-Iris 2023 A LivDet-Iris
2023 Lk #€ 1 7E ACER2 48 A5 b BUAH e f 09 5 1 o
D-netPAD (raw) & Sharma # Ross (2020) £2 H B9 J7
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1. LMFD-PAD (Fang %5 ,2022) g 25 4 #8475 . 1)
NI PAD J7 ¥k 2007 w4 th 22 )2 YOI 73 A (multi-
level frequency decomposition, MFD ) £ 2k | 43 51 42 B
B AN PEUSAEAR b LB, 0 it PR A B 0 A
Z Ja B AR o3 ) B R AR JF 2E AT R AE RS .
DFCANet (Jaswal 45, 2024) A it HH 42 H 19 45 & H &
WA TR, U 23 (] SO0 8 A7 Ak B B PAD 5
Bio N T RIEA-E, Bk A IrE T3 2795 h
R U 2R A AR SR T II ZR At 24k
EVPRAI3. 3 I E . AN FER L iR
Hh TR 5 &, S IR0, 5 A Dy e (E R AT R LAl K
Slo AN B SRR R p > 0.5, MIBEAH & Ny
LT, A5 0 Sy S I
3.4.2 H5ZIETrEMIL

3 JE/R T 7E LivDet-Iris 2023 MK WL T, 4
TS Winner-LivDet-Iris 2023 J7 25 1 L3
Winner-LivDet-Iris 2023 J5 1 28K GE R A HERA 1L -3
M FCSEREAS  (EALRE 2 A 5 JI T R i ) Ay 52
FEAC . 5 Z AR, AR SO R AE PR UE T DL ) 1) 5
ST BT BRI R A A R B B T A
BT B ) ARG U A 25 o AR ) M, AR S AN o el
B AY B A 5T 1 AR R0 S PRT AR A G TN 1% 38 N
95. 55% KMRFEAR A 38. 60% , % H1 5 o7 i £E BT
ARG I S 1% 8N BT R R Ak FE DR BPCER %5
TRAHTER T A SO AR LI ZE 07 v, 4 34T B st
VIR A DN I 58t A BT 4 T 3K AT BB PR A 4T B AT
JREAE AT E AT 5 B SEREAAT W35 22 5, AR Sy %
AT X —FE . BRORE LT Winner-

LivDet-Iris- 2023 J52% , AR SCy B A0 25 A R I 48 152 2%
8 #% ACER1 Ml ACER2 I, 4 B T B T 9. 32% Al
3. 71%, Hovf A B T A 7 2R A R R A AR
APCER T P& 22. 78%, T E[VUT JBE A 46 I 45 152 28 48
APCER FF%6.32%.
3.4.3  SHABIA LA

5255 55 B A PAD J7 ik LMFD-PAD
(Fang 45 ,2022) A1 Hb , A 3CT5 32 12 =X b g A 00058015
KRR T T ARG DU G BT S ) MR 3%, 2R Bk
NUEEE R E L e 51 e a1 DN s LW A ESE R
E7E 2 5%, NG PAD A5 R 38 4 B4 F T o s
PAD. 5 HAWEA IS B kM, 456
& J1HLH B DFCANet (Jaswal 55 ,2024) JLF- T ik
TR A BT R A T BT J5E %) o 1 A, B 2K T
LI o 1 D-netPAD (Sharma A1l Ross, 2020) A9
VRSP DU 230 RE ML D, T A8 3003 2 s R R A A
i MEA . BRORAE A LTS a3 A ik
LMFD-PAD, 75 3C 77 1 78 25 & K W 4 152 % 48 b
ACER1FTACER2 L, 735l R 1 8. 91% F13. 58%.

I, NZRE AR AR SO L E AT $5
¥r ACER1 F1 ACER2 L # Hu4% T4k T Fr 5 A7y
PR BE , 3043 U W A SC O R B A DU o 5
Pl S Y Y 22 B, HOEAT TR A A o i P Rz
etk
3.5 HmAZ

RT B UE AR SC T B A AR L B A
LivDet-Iris 2023 HFE UM, PAE 5 FlE P A £
JE VAT Al S8, IR R AT M

%3 7£ LivDet-Iris 2023 Lt 23K 138 L B9 )14 g 3¢ bk

Table 3 Performance comparison under the LivDet-Iris 2023 competition protocol

/%

APCER |

Tk

ACER |

B
PE  F/P CL ED Syn(LQ) Syn(MQ) Syn(HQ) Syn(°F-3)

ACER1 ACER2

Winner-LivDet-Iris 2023

" 22.80 1.50 0.00 0.00 95.55
(Tins]eyi(‘j:,2023)
D-netPAD (raw)

45.40 50.75 75.00 52.50  44.50
(Sharma Fil Ross,2020)
LMFD-PAD(Fang%%,2022)  13.98 2.63 0.00 5.00 90.35
DFCANet(Jaswal % ,2024) 22.61 6.77 0.00 22.50 94.45
AL 16.48 1.88 0.00 10.00 38.60

94.40 94.85 94.93 0.14 42.65 22.15
45.35 45.35 45.07 55.92 50.65 53.59
95.60 96.40 94.12 0.62 4224 22.02
98.20 98.15 96.93 0.37 43.81 24.66
88.45 89.40 72.15 1.91 33.33 18.44

T LT A FOR ACERT AT ACER2 P4 Hh AY B AL A5 3R o« | " F /S (B A My
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EWE, R, Z=, BAEE, AR%E, IEE
BT = 85 USRI Bl & BT IR 2 LIS e

3.5.1 EmEME

FEIX — 3 5L g, B e sl RS R AR SCRE AL Y
T A A AT I iR, O SR A% R0 43 28 B ) 11 AR
fbo SEHGEE M AE AL FK 4. SLIRET, bR T mAR
PO — ik g R BRI S50 S50 E 5
Y5 E AL A [F] . Ho, EfficientNet (224) F Effi-
cientNet (384) 73 5] & 7~ >k H g A R SF o0 224 x 224
18 1 384 x 384 1L K 1 JE U R VI 5 T I 4%
EfficientNet (LBP) 755 2k H] LBP 3 3 J5 (1) EUZ 11 25
PG T P2 R AR SRR v (1 2 ] SSUREAE
FLHUSr 3 ; EfficientNet (DCT) % 75 45 LBP 34 5 5 (1)
% 3 DCT AR 4 B AR S Y 2+ P 2%, B L i
FHAR SCAEAY o (R 3508k R AE SR A 32 0 A HERIBE R
224 58 AK/INE R 224 x 2248 3 5 i F MFD Btk
Fn ¥ DCT A e B3 45 A LMFD-PAD (Fang %5 ,2022)
H ) MEFD B 5 -SCF A BB 44 AU 78 4 B vh
JE e AR AP IR AR

AR, T 56 E Ur 35 SR B 7E Transformer 2544 I

BYAA R, R T B34 Deit3 #5254 (Touvron 45,
2022) A7 432 AME FH Deit3 VE A8 T W 45 B 0 43
KRR S P g T Deit3_small, i A B8 R AT
h 384 x 384MLF R4 BRI R ST 16 x 1618 %,
HoAbE S HOR B RS

M 4 R S5 AT LIAS B LR 2598 DA
25 (A A7 B B A K/ R 224 X 22418 2 19 Effi-
cientNet JL-F- 58 4 JC KGN H A il i . RV K g
AT/ K F 384 x 384 R T X — 4 (HEA]
T BB LEAG I FT BT S B R T R, O A
e, BLAh, F LBP 3 as nl DL — a2 FE R b ol
X4 TC T A ORI B T g ) R (R A FR
2) A AR A ) B SR A TR ARG I A5 S T o o
WA B LTt (A TC A ROk H Bt S A SO
TEIR B Y PRI AR . X — &5 SR 150 B il 5 2 ] 4
FUTIIAFE A R T T B ARSI AN [ Fp e e R A
BBz A bE , B B— ANl o 3) [a] s FH 2 ] e A
WA S, I A LBP 345 A7 B T 48 B AL 11 S A

#4 7E LivDet-Iris 2023 EE MK il RO RASCIG 45 R
Table 4 Results of the ablation studies under the LivDet-Iris 2023 competition protocol

1%

APCER | ACER |
TH R BPCER |
PE F/P CL ED Syn(*F-) ACER1 ACER2
AFEfficientNet(224) 1705 075  0.00  5.00 95.93 0.71 43.16 22.54
AEfficientNet (384) 23.95 2.63 000 175 78.22 0.88 35.80 20.35
AEfficientNet (LBP) 22.80 1.88  0.00  10.00 85.90 0.85 39.08 21.31
AEfficientNet(DCT) 2050 2481  75.00  52.50 76.68 3.22 36.72 30.38
PR 224 38.51 526  0.00 2250 86.32 0.98 40.30 23.72
*fifi F MFD A5 3 13.41 038  0.00  5.00 95.97 0.54 42.94 22.18
* = TR RALE A = 0.1 14.37 3.01 0.00 5.00 81.90 1.62 37.39 19.96
* = JLZHIRALE A = 10.0 38.70 5.64 0.00  25.00 84.77 0.94 39.62 23.71
- =T PR 22.03 1.88 0.00  0.00 77.95 3.82 37.01 20.32
-LBP 35 10.50 0.38 0.00 5.00 94.93 1.35 43.06 22.49
-SCFA it 19.16  3.01 0.00  15.00 80.75 0.85 36.72 20.38
-LSGA itk 2050 451 0.00  10.00 79.37 0.89 36.20 19.95
ADeit3_small 939 000 000 17.50 93.97 1.57 42.46 22.84
it Fll Deit3 15 Jg-& T R 4% 2241 2481 7500  5.00 73.60 2.57 35.11 29.36
AL 16.48 1.88  0.00  10.00 72.15 1.91 33.33 18.44

TE IOHLF K3 518K ACER1 FI ACER2 PSR B R IR 45 3R o A 3o AU B 1) 1 I 288 F TR BB, 7 s B AR SC
RIS B, =7 FOR B BRAS SO AL TP TR A | 7 3R (B UAIGF
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I HERA P, R0 B TR A I A R R, 3
FLHEE I AT AT B A HEAT AR AT REAE il A (ED RS BR
SCFA B ) B T 2% B Y 7 A 47 TG S0, B[R 1 %8

(] S R P15 2 S PR AN e a7 FRLDF A A 31, 3%
BT SCFA BLH 0 A 25t A i . 4) fFH MFD A
HOuT FG rf B AR TR AR 4 et B iﬁﬂﬂ:iﬂxﬁ%m
SRR R T R AU U R R 2 . 5)m
/\LSGA*ﬁﬁ%)ﬁ%ﬂHmu%ﬁﬁzai#ztxﬁa‘/ﬁﬁﬁ$
YA g I, R W EUR iR UfE 515
AR G T R X A B TR TR MR . 6) 7 (]
BCE #it 2% i & Atk b, A = e a5 26 v LA R0 K
LSRR AS R Th BE AR R IR 28 [B] v 1) 22 57 (AR AR
PREE A X 43 BE BURFAE , AT 2 5 40 JS w1k
IEAh WA R IR G th o A LR oo iR
FUEE 3o /NS X DA R 380 B I 2 P A D 5 A o R Bt
W AT e KA H AR A B BR 5 BCE 45 26 AR [a] 52 1 Xof A5

BN 5A E . 7) X T Transformer 5 44, H #2218 H
Deit3 A7 X6J 24 (1] 3 121 45 Fi BUREAIE [7) A 77 7 0 L v

NG LBP &g LBP +DCT [&l{%
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