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Multi-loss optimization model for retinal image quality assessment
based on global and local feature fusion
LI Xiaohui', XIAO Xiaoxia', HE Xin', LIU Ling’er', PENG Qinghua’, YAN Junfeng', LI Yang'

(1 School of Information Science and Engineering, Hunan University of Chinese Medicine, Changsha 410208, China;
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Abstract: Retinal image quality assessment (RIQA) is crucial for ensuring reliable ophthalmic diagnosis. Current deep learning—
based RIQA methods predominantly rely on local features while overlooking global quality information, which limits performance
improvement. To address this limitation, this study proposes MLS - Net, a multi —loss optimized global —local feature fusion
network. The architecture employs a dual—branch framework that processes both original RGB images and G-channel contrast—
limited adaptive histogram equalization ( CLAHE) enhanced images to synergistically utilize global quality information and local
detailed features. The global branch incorporates a frequency —guided attention mechanism that models image blur and sharpness
through low-frequency energy distribution to adaptively enhance critical channel features. The local branch utilizes a structure —
guided attention mechanism that captures fine—grained quality information by emphasizing salient anatomical regions such as the
optic disc and blood vessels. Feature integration is achieved through a designed bidirectional cross—attention module, complemented
by a multi—loss optimization strategy to enhance overall performance. Experimental results demonstrate that MLS —Net achieves
precision of 0. 892 7, recall of 0.901 0, F1 — score of 0. 896 7, and Kappa value of 0. 922 4 on the public EyeQ dataset. On the
private RIQA-RFMIiD dataset, it attains precision of 0. 732 8, recall of 0. 717 8, F1 — score of 0. 713 2, and Kappa value of 0. 748
9. This research validates the effectiveness of global-local feature fusion strategy in enhancing RIQA performance.
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Kappa % $0 43 5 42 7+ 2= 0. 886 5 #1 0. 912 7,
DualRegNet' ' L ResNet Jy 3= F W 48 I 45 S hn 25 1F
Wb | TRV 7E 248 hn Sl T HERE#E T,

AR SCHE A MLS - Net DL DenseNet121 Fil
ConvNeXt—tiny YEN BT W%, B 7E 4 1 HE B ) A
PG %) 4 Ry 5 Ry 38 JoT e AR A1E, 38 o XL ) 38 S R
TIREHFE 4248 4 Jm 5 SR SRR AIE [ 1) S IBE M | 1 i
BORHHIEE T, WER 1 7R, MLS—Net 7£ EyeQ %{
PR UG T AR AR, HORE AR 0.892 7, A 11
N 0.901 0, F1 43%0K 0. 896 7, Kappa F %K
0.922 4, BEMRT HM I,

%2 R TAERA BUE S RIQA-RFMID F /Y
XFLEEE SR, AT LR B, A SO 7 A AR RS iR A T
K F1 80 Kappa R EUI0SCEEFE b T 338 3
O, iE— 2B I T 42 Jm) 5 Je) B AR A1F 45 SR s 1) 3 4K
Ve, BT S, 7 B SR o (D AR R SR 4
WA 5 AR 55 1R 8B RIQA — REMID ¥s 4 ),
MLS-Net [ Kappa R %4 GuidedNet /1 0. 686 6 $%
THE 0.748 9, 5P T4 8. 3% HYAHRHET:, X—24%
RFEA UL | 38 JE 38 0 AR A A A B I S AR T T
BRI ESZ ALRE 1, ¥ 7 Z, MLS—Net i i3 75 25 14
LRIARR - JRilag HARBIHLE], SEIT X AUE 2
S G HRAR b B M TP A B SR e DT AR [
Bl oA R YRR BT SR PR RE SR

&1 7EEyeQ HiEE L 5MEHERNL
Table 1 Comparison with existing methods on the EyeQ dataset

Methods Backbone Precision Recall F1 = score Kappa Parameters/M
AlexNet+SVM! 10! AlexNet 0.795 3 0.820 2 0.805 2 0.792 0 56. 90
Inception v3[**] InceptionV3 0.856 8 0.824 0 0.8350 0.880 5 23.20
MCFNet[ ] DenseNet 0.865 1 0.857 4 0. 860 6 0.8955 28.26
Dual-SalStructIQA'?! DenseNet 0.874 8 0.872 1 0.872 3 0.907 6 13.92
GuidedNet[ '] DenseNet 0.886 5 0.879 1 0.882 8 0.912 7 6.96
DualRegNet! '] DenseNet 0.886 8 0.878 6 0.882 0 0.913 8 23.90
AR DenseNet+ConvNeXt  0.892 7 0.901 0 0.896 7 0.9224 37.50

%2 7EFAH RIQA-RFMID #iE&E E5HFH EHXT L
Table 2 Comparison with existing methods on the private RIQA-RFMiD dataset

Methods Backhone Precision Recall F1 - score Kappa Parameters/M
DenseNet!!”’ DenseNet 0.701 1 0.6115 0.633 7 0.654 7 7.98
ConyNeXt!!®! ConvNeXt 0.612 2 0.686 8 0.614 1 0.697 3 28. 60
MCFNet! ! DenseNet 0.685 0 0.647 7 0.658 6 0. 660 4 28.26
GuideNet!'*! DenseNet 0.697 6 0.657 4 0.676 9 0.686 6 6.96

A3 DenseNet+CpnvNeXt  0.732 8 0.717 8 0.713 2 0.748 9 37.50
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T 00 B P45 o f PP Ak PR, A4 et A I 48 A
G i#i8 CLAHE 385+ R M4 JmiE 2 45 R
PR T A Z ARSI, ek ax 26 77 vk i A AL
P, ARSCTE EyeQ $04E L AT TIHRLSEE , REGET
At 25 L A X BT M B () 5

MR 3 frow, SLER i LML Ja SR RHAIE £ B
RSNy f ey S DN I S SR (3 & S A
fERLABLHE XF G & N CLAHE 3 5% A 7 4b B
WG B 4 SR T B R R R R, e A
SERENY MLS—Net BRI 25538 ARl 21 144
DA RIFRBEAE 2 TR R MR ER T

F3 7 EyeQ HBEFHERMRBER
Table 3 Ablation experiment results on the EyeQ dataset

Model Precision  Recall FI —score  Kappa
Local Path 0.8433  0.8830 0.8600 0.8935
+Global Path  0.8853  0.8778 0.8809  0.907 0
+Fusion Module  0.8903  0.8945 0.8921 0.9168
+G( Clahe) 0.8867 0.8989  0.8920 0.9172
FGA 0.8875 0.9009 0.8938 0.9195

SLA 0.8927 0.9010 0.8967 0.9224

TE A% Tk kv, 42 JRy R AE 4 o3 SRy A A
Kappa 2 8 F+ 1. 35%, K 16 K ( Precision ) $2 =5
4.2% ™Y AR B TR AL I JEE PR 45 B i VA Y
HENE, PG ARFERLS B | Kappa 24X
5543 115 (Recall) 73 51301 0. 98% H1 1. 67% , i W]
4 Jry 5 JRy R AR AR 114 LA BE . 3 1 i B Y 1 ) 1] g
H o RIS R R PR AL S U A g A CLAHE
WAL PRS- IR AR LA BN/ IR T, f s 255 Al
L) 5 A R R B S AR AR Ak
A,

SBAIEA R 5 SR A3 SR T R 4 R Y Y B
PR AR SCGHE— 23 TR S, BRI E T .

(1) R F G &+ M 28 Be ', BRI 42 Jey 5 R &8 43
% DenseNet 8% 331 FH ConvNeXt;

(2) &t T M 48 e &, RIFE 4 )R 43 3R
DenseNet, Jai 43 > H1 % F ConvNeXt, SZH6 2% R L
x4,

R4 TFEEyeQ HEELTRBETNEHASHIILER
Table 4 Comparison of different backbone combinations on the

EyeQ dataset

Model Precision  Recall F1 - score  Kappa
DenseNet+DenseNet 0.8763  0.866 6  0.8703  0.897 5
ConvNeXt+ConvNeXt 0.868 1  0.8916  0.8599  0.908 6
DenseNet+ConvNeXt 0.8697  0.8772  0.8729  0.902 0
ConvNeXt+DenseNet 0.8927  0.9010  0.8967  0.922 4

TRARERH] A TASOIHER B THE (2
2 ConvNeXt, Jaiil 43 S2 ffi FH DenseNet ) , [ A
X LI B BRI PERE Y R B — 8 TR, Horp AR S
Fr R G TR & BTN FE bR B3R AL, R W
B T RO BRI AT U AP Y 28 S5 K 7 A ]
FROEZ AL E B4 R rY-& B 5 BAME,

ARSCHE— D IF T —ZH XS S DL E F 4
R LR A R, AR S, S T 4
F5 1 R 2 (SLA) |, i WL 8 1 A1) i 48
] S ML B — B B A DG R e g (I 2% e T A
BEX P b SR AR T 5 B DG () X BUARFAE . 7E2 Ry
S B TR S| T4 R J) (FDA) | o
SR A3 AT 5 A UG B AR S0 5550 L B AR, DT 42
THaJRRAERE ST o N PEAG I iR AR e py A 3 AR S
B I MRV RE LI AL (A SEPS +SA) AT T
XHEE, SRR AR LA 5. 45 R BN, FDA 5 SLA By
4 8 JHAE Precision, Recall . F1 — score Kappa Y
TG bR YRS e LRI, R UZAE | T 0 =
FIHLHI RS T A A5 S I 42 SR 5 JRy R REAE 1Y) AR
AR

®5 ZEEyeQBIEEEREZEFENNEAIILER
Table 5 Comparison of results for different attention mechanisms

on the EyeQ dataset

Attention Block ~ Precision ~ Recall ~F1 - Score  Kappa
SE!®)48A 0.8898 0.8988 0.8938  0.9191
ECA[? +5A 0.8914 0.8986 0.8947  0.9202
CBAM'®)4+CBAM 0.8890 0.8970 0.8923 0.9168
FDA+SLA(A3C) 0.8927  0.9010 0.8967 0.9224

3.3 A=
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Fig. 9 Examples of Grad — CAM visualizations from different
branches
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