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An iris feature-encoding method by fusion of graph neural

networks and convolutional neural networks

Sun Jintong, Shen Wenzhong'
School of Electronic and Information Engineering , Shanghai University of Electric Power , Shanghai 201306, China

Abstract: Objective Iris recognition is a prevalent biometric feature in identity recognition technology owing to its inher-
ent advantages, including stability, uniqueness, noncontact modality, and live-body authentication. The complete iris rec-
ognition workflow comprises four main steps: iris image acquisition, image preprocessing, feature encoding, and feature
matching. Feature encoding serves as the core component of iris recognition algorithms. The improvement in interpretable
iris feature encoding methods have become a pivotal concern in the field of iris recognition. Moreover, the recognition of
low-quality iris samples, which often relies on specific parameter-dependent feature encoders, results in a poor generaliza-
tion performance. The graph structure represents a data form with an irregular topological arrangement. Graph neural net-
works (GNNs) effectively update and aggregate features within such graph structures. The advancement of GNN led to the
development of new approaches for feature encoding of these types of iris images. In this paper, a pioneering iris feature-
fusion encoding network called IrisFusionNet, which integrates GNN with a convolutional neural network (CNN) , is pro-
posed. This network eradicates the need to implement complex parameter tuning steps and exhibits excellent generalization
performance across various iris datasets. Method In the backbone network, the previously inserted pixel-level enhance-

ment module alleviates local uncertainty in the input image through median filtering. In addition, global uncertainty was
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mitigated via Gaussian normalization. A dual-branch backbone network was proposed, where the head of the backbone net-
work comprised a shared stack of CONV modules, and the neck was divided into two branches. The primary branch con-
structed a graph structure from an image using graph converter. We designed a hard graph attention network that introduces
an efficient channel attention mechanism to aggregate and update features through utilization of edge-associated information
within the graph structure. This step led to the extraction of microfeatures of iris textures. The auxiliary branch, on the
other hand, used conventional CNN pipeline components, such as simple convolutional layers, pooling layers, and fully
connected layers, to capture the macrostructural information on the iris. During the training phase, the fused features from
the primary and auxiliary branches were optimized using a unique unified loss function graph triplet and additive angular
margin unified loss (GTAU-Loss). The primary branch mapped iris images into a graph feature space, with the use of
cosine similarity to measure semantic information in node feature vectors, L2 norm to measure the spatial relationship infor-
mation within the adjacency matrix, and graph triplet loss to constrain feature distances within the feature space. The auxil-
iary branch applied an additional angular margin loss, which normalized the input image feature vectors and introduced an
additional angular margin to constrain feature angle intervals, which improved intraclass feature compactness and interclass
separation. Ultimately, a dynamic learning method based on an exponential model was used to fuse the features extracted
from the primary and auxiliary branches and obtain the GTAU-Loss. The hyperparameter settings during training included
the following: The optimization of network parameters involved the use of stochastic gradient descent (SGD) with a Nest-
erov momentum set to 0.9, an initial learning rate of 0. 001, and a warm-up strategy adjusting the learning rate with a
warm-up rate set to 0. 1, conducted over 200 epochs. The iteration process of SGD was accelerated using NVIDIA RTX
3060 12 GB GPU devices, with 100 iterations lasting approximately one day. For feature matching concerning two distinct
graph structures, the auxiliary branch calculated the cosine similarity between the output node features. Meanwhile, the
primary branch applied a gate-based method and initially calculated the mean cosine similarity of all node pairs as the
threshold for the gate, removed node pairs below this threshold, and retained node features above it to compute their cosine
similarity. The similarity between these graph structures was represented as the weighted sum of cosine similarities from the
primary and auxiliary branches. The similarity weights of the feature pairs computed using the primary and auxiliary
branches were both set to 0. 5. All experiments were conducted on a Windows 11 operating system, with PyTorch as the
deep learning framework. Result To validate the effectiveness of integrating GNNs into the framework , this study conducted
iris recognition experiments using a single-branch CNN framework and a dual-branch framework. The experimental out-
comes substantiated the superior recognition performance involved in the structural design incorporating the GNN branch.
Furthermore, to determine the optimal values for two crucial parameters, namely, the number of nearest neighbors (k) and
the global feature dimension within the IrisFusionNet framework, we conducted detailed parameter experiments to deter-
mine their most favorable values. k was set to 8, and the optimal global feature dimension was 256. We compared the pres-
ent method with several state-of-art (SOTA) methods in iris recognition, including CNN-based methods, such as ResNet,
MobileNet, EfficientNet, ConvNext, etc. , and GNN-based methods, such as dynamic graph representation. Comparative
experimental results indicate that the feature extractor trained using IrisFusionNet, which was tested on three publicly,
available low-quality iris datasets — CASIA-Iris-V4-Distance, CASIA-Iris-V4-Lamp, CASIA-Iris-Mobile-V1. 0-S2—to
achieve equal error rates of 1.06%, 0.71%, and 0.27% and false rejection rates at a false acceptance rate of 0.01%
(FRR@FAR = 0.01%) of 7.49%, 4.21%, and 0. 84%, respectively. In addition, the discriminant index reached
6.102, 6.574, and 8. 451, which denote an improvement of over 30% compared with the baseline algorithm. The accu-
racy and clustering capability of iris recognition tasks using the feature extractor derived from IrisFusionNet substantially
outperformed SOTA iris recognition algorithms based on convolutional neural networks and other GNN models. Further-
more, the graph structures derived from the graph transformer were visually displayed. The generated graph structures of
similar iris images exhibited a high similarity, and those of dissimilar iris images presented remarkable differences. This
intuitive visualization explained the excellent performance achieved in iris recognition by constructing graph structures and
utilizing GNN methods. Conclusion In this paper, we proposed a feature fusion coding a method based on GNN (IrisFusi-
onNet). The macro features of iris images were extracted using the CNN and the micro features of iris images were extracted

using GNNs to obtain fusion features encompassing comprehensive texture characteristics. The experimental results indi-
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cate that our method considerably improved the accuracy and clustering of iris recognition and obtained a high feasibility

and generalizability without necessitating complex parameter tuning specific to particular datasets.

Key words: iris feature coding; graph neural network (GNN) ; hard graph attention operators; feature fusion; unified loss
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Table 1 Details of parameters in different basic blocks

KRk Type/kernél/stride/ By R
padding
Conv0 Conv/5%9/1/2x4 128%x256%x24
basic blockO
MaxPoolO MaxPool/2/2/0 64x128%24
Convl Conv/5X7/1/2x3 64Xx128%48
basic block1
MaxPool 1 MaxPool/2/2/0 32X64%48
Conv2 Conv/5X5/1/2%x2 32x64%x64
basic block2
MaxPool2 MaxPool/2/2/0 16x32x64
Conv3 Conv/5X5/1/2x2 16x32x96
basic block3
MaxPool3 MaxPool/2/2/0 8X16X96
Conv4 Conv/5X5/1/2%x2 8X16X96
basic block4
MaxPool4 MaxPool/2/2/0 4Xx8%x96
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S(6,,6,)=a xS,,..(G.,G,)+

B X S ceney (G 1, G5) (17)
A, G, MG, KR FAE K ,Sm,ﬁ%miﬁxm{uﬁ,
S winceney W FAABIEE , a0 F1B AT RN S e T S,

E’Jﬁnﬂféﬁ Wk a=p=1, X Tif X?l‘HMT“
FHAR R AR DL B HEAT B s % T OC RARBUEE , R H
L2{|1;zf( PEATRE R, BN

F, xF;
S e (61, Gy) = (18)
f [ F. ], > F- 1,
Sad]’a(‘enc),(clﬁ Gz): ||A1 - Az ||2 (19)

XA, F, Ry AL A IR R IE IR G, 5 G871 i
R AE S A8 AR o 7 AR P, Schioff 55 A
(2015) 42 H T triplet loss AR, DAME KIS P [0] X 59
JE, BAR
1=t <L) =rts0] a0
X £ ), f () B f () 23 900 3 3 8 A A
i # ENNIE S = VN (posmve
sample ) I 1 7E FE A 53 FEFHE A (negative sample)
fik, m g e/ INVRFAERE R A R B 1 BT A FR IR SR S 2
— MR/ NEYRFAEZS ] o TrisFusionNet 273 SCH T
JRAE AR W S 2 P ARAIE 25 1], 2275 wriplet loss (9 JEAR,
Xk E R 6, , FeR 28 KA 72K 930 3R 6,
MG, WRAA B AR 2 (2) , BN
n(¢,.6,)+d<Dn(6,.6,,) (21)
A, D) FoR EIFE S (8] P A BE RS , d /N BT
EEEES o KX QD AT 15 Bl iR 2 18] = Ju i i
KA

Loy = max{M + 5(6,,..6,.) - D(G,.6,,).0} (22)

K, S(6,.. G, )RR SE REAR 5 TE B 2 8] )

(anchor sample) .

HIBLE L S(6.... G, ) F 7 15 1 BEA 5 17 SR AC 22 1]
FYFELEE ,M = 0. 5 Fm IE2EFR .
1.2.2 Bk
W 2% i Jm — > A e HE R I WX + b W soft-
max BY%ii A , softmax loss A] Fik N
L, = zln nexp(Wx+b)

- Eexp(W %, +b,)

Jj=1

K, W', + b, o T2 Sy B W

x, Fb, 43 A ] f RRAE 1) 6 R O 0L, P 28R

FEMEIN AR AL, n RRFEARINEL . &2 (23)h

'E b = 0, WAL A% IE =0, IR ALE W R4

fIEX (9 L2 o0 —4k, X (23) AT AR IR
1 & exp(cos(()%))

Ly, =_7zln N
P = exp(cos(0,)) + zexp(cos(oy‘))

A, 0, oty HRFIE S5 AR 2 O AL ER [ 22 J]
M S o TR softmax H A % AL AL F3 25 Py
BA & A T 28 ) A 25 22 Sk L)
T2 H T IR AR 22 i 3 OGRS T RN 22 R KR
[F] 22 S /ISR TR R, PR Sh 1 2 TH DX 4 3 R ST 1Y
fiE /1, IrisFusionNet 7£ 4 43 3 it I 1 B A B3 42
B $51 2k R KL AAM loss (Deng 55, 2019) , ¥ IS i
WEEHUR , AAM loss 50

L=

(23)

(24)

P

zln exp(scos(0, +m))
exp(scos(0, +m))+ iexp(cos(oh))

A, s ERTICR 1, m R #A RE TR] B o A [0 ¥ WA (%]
BAFESE BRI AR, AAM loss X A FEAE [7] 52 30F
T —Ak  LE IR AL T T B rh A5 30 1 A B2 A
B, T 5 IEAFAE o] f (RN, [R) I S84y I v o 2
PR, (A5G 17 WA 2 (KRR AR I 28 T 2R R )
HEAT R AR I, AR I R 2 = A SRR
A ) 5 0 268 % 30 BRARRAE g B2 AR L 3 A X0 £ PR
MEREAS AT 2] o JF HARZATAE m R/INE A BE D3R
W ATAFIE R BE SR 2K [ B B
1.2.3 GTAU-Loss

Ifi] 7 DR SR 300 S 2 TR )1 i AR AR A IR M,
TERRIBAIYNZRAR A S E T 3h3& ?37%53% 1E
Y] ) 3 2200 5 3203 S B = ek L, s Al
ATV IE SR ICARE ), Jm 2257 > i B rp o A0 8 el

(25)
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O3 32 AAM loss, BV L, DL AR 5 B 0 2
GTAU-Loss A &R N
Loy = Ly + W/ X Ly (26)
= (V2) - (27)
=K ,Lcmi‘%/Tleléﬁ MR W, e 0, 11 8h A5
(A48 BIOA L PRI . AR SOR FHAR B B R 33 30 245
2 ] B AR B PR, e € [0, E 13 ST I 25 1)
epoch, E Il 45 & epoch 8 o fx 24 GTAU-Loss 1] &
A
Lo = Ler + (V2 -
1.3 4F1ECALRES
R T FE43 I FHRL G335 D9 245 41 Bl A5 4R i o 7 56
A AR SCHEHEFR Y B v 2 Y — R X il 5 RRAE
4 D S W, ELAAR 0
D)X F 43 PR EU A & JRRRAE , SR 43 % 4
RLBEVCFie ik 5
2) X F F 43 SCHEIOH I T ASURRAE , R 3
WECTOE S UN iy 7 i Rl A N AR ST TR ES I
SRR 9 A 5 A AR B EAE S T B <,
RN

X Ly (28)

(29)

V2L
o, £ e RERE (XN AR ) 5, N B
FRAEE A A 58, C o SRR E B R, A —
AT SRR AL EE N T 7, DU) DA TR AN R AE TR Hp 0 Sl
%5 33K PR A7 5, BV DG BC i A i AN 3 3805 B AH DL
AT 5, DT T TR G A T HERR TR ]
3) K 00 S 550 S A iZ AU Z R
VE R LARMUE 8T8

Score,,,, = Score,, X Score,, (30)
Score,,, = M (31)
mzxmz
N,
Score,;, 2 (32)
s N X || 1,

K, £ Fm 0 R — A R Z i
R FRIE , N, FerR 2 11 0 e I KA T RRE
N RIS g

2 KL

AT RN A 47 TrisFusionNet 14 1T J5 TR 51 52 56

A0 (R S0P 5 MR B4 PO 4 s ikt
BRI RIS A5 ) | T30 ik S 96 45 5 K 53 B Uk B Iris-
FusionNet P25 7Y (1) P BRI 35
2.1 SKIGHATY
2,11 SEHFH KRS

S2 8 HE T Windows 11 #:4E R 48, GPU #L5 fy
Nvidia GeForce RTX 3060 12 GB, 4 i 2% >J #E 41
PyTorch. #J4fi*% > #4107, & H] warm-up il
PO R L 22 2] K warm-up rate I & 0. 1, F:)l]
25200 1> epoch, LA BB R BEALEE BE T B (sto-
chastic gradient descent, SGD) 8.7 , fifi ] Nesterov &)
oS EN0. 9,
2.1.2 HdiEdk

S5 56 R 3 A~ TH ) TR XE 9 2 I £ HiE 4 CASIA-
Iris-V4-Distance , CASIA-Iris-V4-Lamp #1 CASIA- Iris-
Mobile-V1.0-S2 ( 43 %] f&f #% & Distance . Lamp #l
M1S2) BEA 7T B3 S 36

1)Distance, ZAHEHE (hEFRF2BE A Sh LB
JIT,2020) 1 5 b B 29 32 1078 3 m I () B A R 4R
FEH K H 142X Z 00 2 446 D RGHEFEAR B
AL S A PLIRIG , th ToRAERE B B0, L L B
AT i 1K

2) Lamp. ZECHE 5 (h E R 2 B A s AL iF5E
JIr,2020) N RIS ALK 11 819 D XTR Y 16 212 i HR
TIREAS SRR 23X BT 3T IT s OC ] — 384T, th
WA ) B B 25 A T PRI AL /NI AT 5 | A SR AR
TERYFRPEIZAZ

3)MIS2. iz 4R (b R~ Be A sh Ak F 5
Jir,2018) A P45 1 4% 3 e # T A R B 1 R AT R
5 ERTK A 400 DXL Y 6 000 B A,
AEAAL SR, B sh s 5k o3 B 0 8585, R
(U ey i

Y555 R 347 07 FH oAb L/ A VA — A g <]
BAE R W 2 T A e 0l M, FE IR IR X T i A/
HR PR, SR R AL B 28 T AN [RI W0 46 £ B2 2R A L
IR (A IES R A G i SR R E R S A
RUEENE . TEHIBR TR IEAT Tl Ak $ ki b 2 PRXE A4
AJG AFEH T ASLE 0 3B E AR GE S
AR TEMGETHE B R 2 PR .
2.1.3 fiabH

R T LU, SBT3 B SR AT T AR A
WL ISESE (37 MBS0 A 0 — Ak 7 12, B AR
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El#Z M2 5 CNN B & H ML R4S E 4R AT 77 1%

%2 FEHEENZIHES
Table 2 Statistics of different datasets

Btk ARONGE ARANKE KA ek
Distance 7674 2399 5230 2871171
Lamp 24369 7725 140 600 59 527 300
M1S2 14 391 5132 59986 13106 160

1) 07 B sE A7 o 8 MTCNN (multi-task convolu-
tional neural network ) (i 2 5, 2020) % AR [iff i 78 [X.
SHEAT A8 7, 38 55 L T R R X (region of
interest, ROI) [X 48,

2) W A —4k . i ] IrisCodeNet (55 T T F1 ik
3, 2022) Y TrisNormalized J7 3 9F 47 01 i 19
—1k.

AL, T Distance 5 M1S2 ¥4 5 5 4k K15
A5 P R I P A P, TR D s AHKS: (A 53
Sy R FRE R A A MR, FR AT AR B By vk
B ZAF B RF O 128 x 256 1% K (91— 1k R AE N
W25 % A, LA Distance B85 4R b i1 KUG R 4], Fiikk 31
RN 6 s o
2. 1.4 TPiELR

FEVEA I, R FH A5 45 1% % (equal error rate, EER)

PSS

NG

\a

il (%

5 FRR@FAR = 0. 01% ( 76 55 1% 4% % %8 (false accep-
tance rate, FAR) & 0. 000 1 B, 4% 1% 5 4 3K (false
rejection rate, FRR) I /P VEN FE 4545 . 1L
ANAR SCIE R FH 435 ¥ (discriminating index, DI) 2R 4t
SNBSS = S Y S YN S P TS
B S o3 A BT I, Gy SRR B o 43 DI
R =W

J = |:U“1 - M2|

|8 + 63
2

A, ey R, 530 FR7R S PRI [ AR E 43 A 1 3
{EL, 87 F1 83 43 il Feos 25 P RS (R AR BLEE 430 19 7 25 .
2. 1.5 IRk

= (25) T LAFSS0, AAM loss FVAFELE s Al m P
SR, m s MR AL SR S s DU 52w A AR I e
HEYREIE o S T IR R R RO A R
4 Deng 55 A (2019) i 2805 &, IrisFusionNet )l|
s = 30,m = 0.5, YRR AR EE,
ARG I AE M . 53 Ah A SCHE U 2R B Bt
BB MR ECA-HGAT H kAR 8, 4l 4 32 B A
SR REIELEE R 256, A C LB AT 7 2. 2. 1 1 R
i

D (33)

ZelR PG Ze MU — LS

AR —1EG

-

FETIHENES

6 Distance 3 4 i 4b B i 72

Fig. 6 Preprocessing flow of Distance dataset

2.2 SRIGER
2.2.1 77l o LE UL B 51 A GNN A R
2. 2. 2 TR LI E AES 2. 2.3

B 3] ) SOTA 7 HEHERT 1 UL BRI 1L
el I i T PGSR T AL AE SR 2. 2. 4 5 P i
TIHRSE R R
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2.2. 1 RRAIE G RN DG L SC 56

AR THE Distance , Lamp A1 M1S2 =54l 45 -,
K FHAR A AAM loss , X432 7% GNN 43 3Z 1) IrisFusi-
onNet (TFN) DL B2 A F TFN 5l 43 3246 B A CNN 9] 45 43
SR, A5 BREIE g A A 7o B S, 25 SR
F3FR . 3 CNN E/RALH TFN 543 3244 B )

L CNN 45, 45 5 7 (U8 CNIN 926 11 T e
TE R 2 e AR T PR AR R BIER PRI i I TR A
GNN [ Rl A R IE G, 3 2 R Ol PRl S ) AR
REHS 78 S0 AR AU J5 PR HE SR SRR AE (R BC 2R |, AR 47 Ji%
PrHZ W, 203 GNN R A7 99 SRR B B, 5 31 [/
G S5 B

%3 IrisFusionNet 543 CNN W £ BT PEIR I £ R

Table 3 Iris recognition results of IrisFusionNet and CNN structure in auxiliary branch

1%

‘ Distance £ 4 Lamp #f 4 M1S2 uHfi 4k
o EER  FRR@FAR=001%  EER FRR@FAR = 0.01% EER FRR@FAR = 0.01%
CNN 3.73 31.32 2.55 17.00 1.42 10.84
IFN 1.06 7.49 0.71 4.21 0.27 0.84

T L SRR 5 8 B A2 2R

2.2.2 BHELEK

AT HAE Lamp £85I X IrisFusionNet H #
ANEESHOHAT IR, 08 A EBUA .

1) 488k, ECA-HGAT it 4B % k & 5
NAFER SRR M EE B S5, SR RNk 4 7
N Y kAR NI AEAR R G B R R rh Bk
T EEAE A LB TR B B 5 — 7
AT, AN kB AT, 2ol 55 38 a1 ST JE I R Bl R
B/NKAR R S S 5ERENEE, FEOLRE G
(1 ASURRAE A B — 4 Bl O A5 B I
SRR . P AR SCRERE AR ik = 8

2) &SRR AR ERE o AE CNN 224 Sy LA, i or fi5t
FEAE S i J5 vk v, AR AR 2 B U 1 T AR AR
AT BB REEGE RE 43 ) R 128 256 FI1 512, SEE0 45
WERSPR . G5 ER, & RFEYERE R 128 5121
BRI M BB XN B 4 SR RRAE 4R B Ol 256 ) . 483
SYHT ML RRARRIE SCRRZE O E AR B WORFIE 4 B
BF I 1 56 A IR U AR B, 5 1T O — D TV s A
E A T R BRRREAR S, i K A RR IR 2 i
SHEM L T A 5 nAE B A A 85 4k, S 205
BOR T P, AR SCR Bl 4 5 4 Jmy R ik 4 15 oy
256 VE M e HERFIE AR
2.2.3 MRS 4

1) 5 CNN 5 i X LS 56

AFTFE Distance , Lamp FI1 M1S2 =M Eda4E 5
BLF CNN B R7AF G f5% 7 2 9647 X EE S 56, 60 45

F4 LampHEE LWARLEIRANER
Table 4 Recognition results for different k on

Lamp dataset

k EER FRR@FAR =0.01%
4 0.008 0 0.050 1
8 0.007 1 0.042 1
16 0.008 4 0.049 2

TE O TR R 4 S e L4 R

®5 Lamp#E&E FHAELBFHELEIRFIGER
Table 5 Recognition results for different global feature

dimensions on Lamp dataset

TR EER FRR@FAR = 0.01%
128 0.024 5 0.189 4
256 0.007 1 0.042 1
512 0.015 4 0.044 4

T MR TR 7 45 9 fe AL 4

ResNet18 (He %, 2016) . MobileNetV3 (Howard %5 ,
2019) . EfficientNet (Tan F Le, 2019 ) #1 ConvNext (Liu
4F,2022) A CNN L5 2T AAM loss #1461 5%
PREC s =30,m= 0.5,

SEEGEE R NG 6 F1EL T PR IEN REAE il G 5
TETE 3 A BCHE & b AT am IR B Y EER 5
FRR@FAR = 0. 01% ¥J & T4 T CNN 19 75 1% , e i
ARz AN S

kT B U b 15 BH A ] TrisFusionNet #4741
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BRI S A S, P 8 FR /R T Lamp X084 A5 AR BA BIA5AE 20 RHARL, SIS [a] 1145 A B i) P 45 4
3 IR AT R A a5 A rT AL R . INEEIrh T L DUAEAEAR X ), AT RGBSR AR A 4 RS A Aty , AR50
AR, RAACE T TIRE S TR P HIENE Bt

%6 7t Distance,Lamp F1 M1S2 3{{E s 4T IR I B SRIE 5 R

Table 6 Results of iris recognition experiments on Distance, Lamp and M1S2 datasets

1%
Sk Distance $(#i 5% Lamp 55 4E M1S2 a4
it
EER FRR@FAR =0.01% EER FRR@FAR =0.01% EER FRR@FAR =0.01%
ResNet18 4.35 30.44 4.29 21.82 4.99 24.98
MobileNetV3 1.95 10.78 2.26 19.41 2.39 21.03
EfficientNet 2.04 10.45 1.86 7.77 0.68 4.09
ConvNext 2.02 9.81 2.18 8.02 1.51 7.55
IrisFusionNet 1.06 7.49 0.71 4.21 0.27 0.84
TE IR 7R 25 9 e AL 25
----- EER HiZk — IrisFusionNet — ResNetl8 —MobileNetV3 — EfficientNet — ConvNext
R —
0975
0.950
ﬁ 0.925
'@ 0.900
¥ 0.875
0.850 |
0.825
0.84 : : : - 0.800 : : —
10 10 10~ 1072 10! 10° 10~ 10+ 10 10 10! 10°
PR B PR
(a) Distance R EEROC HI 2[5 (b) LampEEHEROCH K /4]
)
098t
096
5 094}
Eul
= 092}
i 0.90
0.88
/
0.86} / .
10 10~ 103 102 10! 10°
BRI
(c) MIS2HfiSEROCHI K K]
7 BT SEES ROC 2]
Fig. 7 ROC curves of iris recognition experiment ((a) ROC curves of iris recognition experiments for Distance dataset ;
(b) ROC curves of iris recognition experiments for Lamp dataset ;
(¢) ROC curves of iris recognition experiments for M1S2 dataset)
2)5 SOTA J5 TR HLSL 45 2020) /& A K GNN BEH] A4 9 ¢ AR U 9 T

DGR (dymanic graph representation) (Ren % , Y, AE o BRI AR 55 U T SOTA B4R o Ay

2775



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 29,No. 9, Sep. 2024

W B DGR AE b 5t E 55 1% (baseline) , 43 5l 7F Dis-
tance , Lamp A1 M1S2 = 44ls 48 I 47 1 X% bb 52
5y, SCE A5 RN 7 TR IrisFusionNet (IFN) A L1
T R, R M AR bR MR AR T, 3B T SOTA
ROR .

BRUEDH PETE bR A, AT GETt T RN 7 2 U 45
RN o B9 SRR T 35k 5430y

¥ L V| BE /L . . ANH
I8 Lamp BCHEAATBOREA ) Graph T RIRHEZ A3 FL T, riFusionNet €23 T3
Fig. 8 Graph visualization of iris sample in Lamp dataset Lo B DI TSR

FR7 SOTA &I BRIR A LIS 45 R xt Lt

Table 7 Comparison of the SOTA methods for iris recognition experiments

Distance 25 £ Lamp Fu#i4E M1S2 #i 4 5

Trik
EER FRR@FAR=0.01% DI EER  FRR@FAR=0.01% DI EER  FRR@FAR=0.01% DI
DGR 1.41% 11.70% 4.106 1.05% 6.36% 3428  0.59% 2.21% 6.471
IFN 1.06% 7.49% 6.102 0.71% 4.21% 6.574  0.27% 0.84% 8.451

T L P SRR 5 8 R A2 2R

== FiEJ7(DGR) 141 = L 771:(DGR)
8 K7 7 (IrisFusionNet) ot 7K 7 (IrisFusionNet)

ESE)o)

ESE)o)
Pt

0 0.2 0.4 0.6 0.8 1.0 0 02 04 06 08 1.0
AHALLEE AHRLEE
(a) Distance B HEAHLE i l&l (b) LampAisGAHLL B 53 Aii 4]
T m JEifE 771 (DGR)
6l K7 (IrisFusionNet)

0 02 04 06 08 10
FHEIEE

(c) MIS2E BRI BE A AT IE]
B9 R ) S AR BB A [

Fig. 9 Similarity distribution of iris recognition experiments ( (a) similarity distribution on the Distance dataset

(b) similarity distribution on the Lamp dataset; (c) similarity distribution on the M1S2 dataset)

2.2.4 JHALSEZE P, A5 7E Distance 5 M1S2 5 HE 45 T 754771 Rl 52 56
R — LB AR SCER ISR A B E RN T AT MK, R MES R B AT R S B, F2 43 3
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B P 4 5 CNN jl & B RL RS E 4R R 77 7K

RIVETER 14 (GAT)AES GNN &1, 2R HIAR ]
AR 1 =TT 2R 5 Bl 73 SR T softmax V451 2% bR
B, AE R RER LR TR A S g . R 8 4 i I Rl S
% 45 R, & B EH & /8 ECA-HGAT B B, ROC
(receiver operating characteristic curve) il £& 411 %] 10
NS

FG, A1 O FEET i A T 1, A0 2
35 AT FH Graph triplet loss , Kf- % 43 32 ) soft-
max e H AAM loss J5 , £F Distance 55 M1S2 ${E£E
[ EER M FRR@FAR = 0. 01%, #3453 /Mg B $2 7

153 3K GAT B 4 O ECA-HGAT 3,
ECA )2 18 1o R 48 J) 0 5 38 T8 T 3 0 ML X g Ay
fIE EA7 30 38 RRAF N5, HGAT J2 W) o e 4 B

B kAN AR I SRR AT I S R R T R
VB, M LT GAT Hh 0 B 1 #0E , BS e
B B AT B SRR DX, AT 2 > 3 0
(T AURRAE . SO0 A5 AR, i ] ECA-HGAT £
BRSO B A

20 51 4 7E 25 00 Ui By B A PLE B8k, 7F Dis-
tance 5 M1S2 W46 4 FEUCK EER 545 70512
T+ 0. 11% #10. 15%, [7] i} FRR@FAR = 0. 01% %5 ¥x
WHR 0. 75% F10. 73% KIEEHE T, X J&F K PLE
PR 3 X6 JR) S REAE A 4 e R A 1 i, B KT BR T
F T R R A el A P T FUHI R R T 5 ) A e e S
B 1, DT 8 3 45 T SRUBIRS B A I RE A R AR 1Y
RO

#*8 Distance F1 MIS2 #{IB &= HRISLIG & R

Table 8 Ablation experimental results of Distance and M1S2 datasets

1%

ST ) [ 25 254 Moy i EER FRR@FAR = 0.01% EER FRR@FAR = 0.01%
1 baseline softmax 1.41 11.70 0.59 2.12
2 baseline AAM loss 1.24 10.88 0.46 2.00
3 baseline (EH) AAM loss 1.17 8.24 0.42 1.57
4 baseline (EH)+PLE AAM loss 1.06 7.49 0.27 0.84

ML R TR P T R s R
————— EER %% - EER 1%
— 1 (baseline)EER=1.41% — 1 (baseline)EER=0.59%
— 2 (I+AAM loss)EER=1.24% — 2 (1+AAM loss)EER=0.46%
— 3 (2+ECA-HGAT)EER=1.17% — 3 (2+ECA-HGAT)EER=0.42%
— 4 (3+PLE)EER=1.06% — 4 (3+PLE)EER=0.27%
1.00 1.000
0.95 0.995
0.90
0.990 F
ﬁ 0.85 ﬁ
= 080 5 0985}
m
0.75 0.980}
0.65 : ;
‘ 0.970 '
10 10° 10* 10° 102 107 10 107 10° 10° 10* 10° 102 10 10°
{ERIER IR
(a) Distance R HEIH M SLEROCHT £ 141 (b) M1IS2EHEAEH ML SLIRROC Y 2814
E10  JHELSLE ROC 2R &

Fig. 10 ROC curves of ablation experiments

((a) ROC curves of ablation experiments for Distance dataset; (b) ROC curves of ablation experiments for M1S2 dataset )

3 &

A S AR S5 ek TR X 5 P A IR I 5, 2

T — R E 2 X 2% 5 CNN @il A 5 0T B AR I 2 65
P 2% TrisFusionNet: B 58 %F T 5 A () 5 — 1k i 52 (5]
18 B —A> PLE 55 DI bR A0 R AR R 24 R 1Y
AN E VESE A 5 B T 28 0 A 53 3, 43 3 i
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PRI J60 25 D RS v+ 2 TR 2548, - ECA-HGAT
VEPE I HOCIR 1) kA48 19 s A 7T S AR R A
5 43 S WA S — R R CNIN R0 4% B B 4 Sy
fiE o VI ZRB B A FH U3 S B IR REAE , 38 3 156
A K BRI GTAU-Loss 146 W 45 S50, #2745 3t
AT REER ) %) A 5 SIS SR 5 LA B ) it
B FRAE DC L SR W, H b 6 1 1 vk 38 43 A ]
B I) 25 44 A A T AR LTS S5 UE
R T BEA SCHE T AR R AT 5
UM, 7 Distance , Lamp 1 M1S2 23 FF 19 PRE BT 554
P F o3 B T 1. 06%.0. 71% #10. 27% 4 EER
57.49% 4. 21% F1 0. 84% ) FRR@FAR = 0. 01%,
Yt T HEi e H09 SOTA Jrik ; [a] Bt IrisFusionNet
FRIE i 7 13 3 B0 A2 DA v 43 5 s 1
6.102.6.574 F18.451 /9 DI, AH Lk T H 1/ & A 1Y
SOTA J7 2 TF 50% LA b, 7E T B JU0AE 45 b HoA
e 1 A TR Aff P RN 2 R
JLAE IrisFusionNet 788 5 2 0T B8 RS R T 55
TR aaﬁt%’%%% BRI R BT 55 AT A7 A AR
BEATEI 5 YRR B S BR AR . AR R A A 5 ok Xt
BRA AT A, S I A Al PR e R AR 11 14051
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