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Abstract

Optical Coherence Tomography (OCT) is a non-invasive, high-resolution medical imaging technique
that can clearly visualize retinal layer structures and pathological features, and has significant value
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in assisting the diagnosis of ophthalmic diseases. For OCT image classification tasks, existing methods
mostly adopt single-stream convolutional neural networks to model raw images. Although they
achieve certain performance, they still have limitations in jointly representing global structural infor-
mation and local detailed features, making it difficult to fully capture key discriminative cues such as
lesion boundaries, texture abnormalities, and inter-layer structural disruptions. To address this issue,
this paper proposes an OCT retinal disease classification method based on dual-stream input and bi-
directional attention fusion. First, a dual-stream input is constructed: one stream consists of raw OCT
images to preserve global structural information, while the other stream consists of auxiliary repre-
sentation images to emphasize edges and local abnormal features, forming complementary represen-
tations. Second, a dual-branch feature extraction network is employed to encode the two inputs sep-
arately, and a bidirectional attention fusion module is introduced to enable cross-branch information
interaction, allowing features from different modalities to guide each other and enhance the repre-
sentation of key lesion regions. Finally, the fused features are fed into a classification head to predict
disease categories. Experimental results on the OCT2017 dataset demonstrate that the proposed
method outperforms multiple baseline approaches in terms of accuracy, recall, and F1-Score, confirm-
ing the effectiveness of the dual-stream structure and the bidirectional attention mechanism. This
method provides an effective multi-feature fusion modeling approach for OCT image-based disease
classification.
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Figure 1. Method framework diagram
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Figure 2. Schematic diagram of bidirectional attention and gated fusion structure

E 2 WEpEEHSIERmESaRERE

DOI: 10.12677/csa.2026.165161 35 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165161

IR

P4 OCT BME, etk A BAMERM N RAE. Hrf, —BRHAJRLG OCT Kg, H
TOR BN BB AR SR G50« IR FE 0 AT SO MRS E By S — B N BN RAEEIR, T RHia%.
SR B R S XSGR LR . BE S, RUR N S Al NP AN RFE SIS 3, IR IR RHIE R
TRo

TERFERLE M B, AR S0 J6 R F Xm0 28 BAS R ST XURUARFAIE 2 [ (0 85 43 SCORIG, A — 2% 71
SCREMS BN I Sy — 2% SCH R BEAE R, AT SEBURHAE 2 T A AE L5 3. BE— 20, A TG R
AR ARG BICRAM LR Z N, AT HE RSB, AR5 PR AR AR I A 2 1 0 AR K
-G ACE, XRRRHIE AT AR Sk IR . &2, KBRS S RHER N 2 23k, 52O A2 251
Tl .

2.2. FURFFHETRE

N T o ARG R 5 i B RAL R RFIE AR 2, ASCRI 7 SCRF LRI # o XT3 X,

X, A3l AN S5 AR [FE S HOMAL FRFESE Ay 32, A3 3P S 4R E R

F= El(xl)' F, = Ez(xz)
Heh, E, () RE, () FoRMAEHEIREUN %, F R F, 40 5300 S5 06 G R Bh 2 A T (R R A1)
2.3. WEHEEIRIEER

N T FENRAR G D4 7 AL S I A8 B T T A AN A2 AR SCBETE AU 2 ) Rl A SR [6], X WU
FHEATIRZ L B S8 MRAHIE R A F, , EELL A AEWRHE, X F, i) oct s B Tk B 5
B, ITIAS 2]l A B RAE G 50 J5 ARHER R BEJE, FRRL R, FENEWIRRAE, X R A A0S Bk AT I
5] FHA T BRI A AT, PERHEA TR A PHER R, MY ) A28 ELRHE B 5%
KR A H 5 RHIE AT R R A

F=A(F,F)+F

F,=A(F,, F)+F,
Hor,  A() FoRBIRE R IRIE, TR TR R IR E TSR TR e
24. 'EBENBERR

S ST R IR G, WRAHEZ W O AT VR E R . A, PSR ER R &
TN ) TR AN T8 A — 3. ik, ASCEE— OIS B & RIS BR[7], 0B A BLS I RHE AT 5)
At . g R ar LA

¥, = hl(lfl)
¥y, =h, (ﬁz)
Horpthy () AT, (-) FRA B2k, AR EEIb IR 2 R AL
145 X 2 AR P RS (1 4 SR e T HRFAE A il B & SR S AL . 1 S THSR PSS (1 4 SR R IE RO -
u =GAP(F,),
u, =GAP(F,),

BEJm KPS R AL AT B PN T T 25

DOI: 10.12677/csa.2026.165161 36 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165161

Vg

9=o(4([u.u.])).

Hor [ | R FHEDHEIRAE, 4() RoRTTHEZ ZIEAWL, o) For Sigmoid K%, g e(0,1) RnIREBE
) i AL

a2 SUNEE STibumlip e e c 2P

9: 9‘91"'(1_9)')72'

3. LW ESERS T
3.1. BiRESmALE

ARICAE OCT2017 FHE 1] L3 Frie A3 AT SEG 0GR  Z 8 S5 2 AP LA X B A 2850,
S35 W R 1 S BE K i (DME) BL A2 1F R A% (Normal) o AN [ 288 BIRE A FLAT 55 W) S8 1R AR 45 4 22 S R
JERBUEFE, WEE 1.

Table 1. OCT2017 dataset description
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Figure 3. Samples of two different retinal conditions in the OCT2017 dataset and their edge-enhanced versions
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Table 2. Classification performance evaluation results on the OCT2017 test set
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Table 3. Comparison of classification performance between the proposed method and baseline models
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Figure 4. Confusion matrices of the proposed method and baseline models
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