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Multi-layer feature attention enhanced network for diabetic retinopathy staging
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of Business, East China University of Science and Technology, Shanghai 200237, China

Abstract: A multi-layer feature attention enhanced network is proposed to further improve the diagnostic accuracy of the

severity of diabetic retinopathy. To address the inconsistent expression of global and local features when processing diabetic

retinopathy images, a dual-branch parallel model combining ResNet-50 and DeiT-S is employed as the backbone

architecture, and a feature fusion module is designed at the end of the network. Concurrently, a multi-scale location

awareness enhancement module is developed to extract multi-scale information through dilated convolution with positional

attention mechanism for enhancing the feature representation of lesions in fundus images, and a local feature enhancement

module is constructed to strengthen the model's capability in extracting local information, thus improving model's capability

to identify small lesions and minor changes. The experimental results show that the proposed multi-layer feature attention

enhanced network achieves an accuracy of 87.61%, exhibiting excellent classification performance. This advancement

provides a strong support for further development of diabetic retinopathy detection technology.
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Figure 1 Examples of different stages of diabetic retinopathy images
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Figure 2 Multi-layer feature attention enhanced network
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Figure 7 Loss curve
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Figure 8 Confusion matrix

R2 RAMEITR[ER(%)

Table 2 Performance evaluation by category (%)

Sl LitES A ]2
IEH 99.86 87.72
1% DR 33.45 87.06
i DR 91.60 89.53
HEDR 97.22 87.50
Hi{E P DR 84.76 87.25
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Table 3 Comparison with the existing methods

LAY Tk HEWIR/% AR /%  HEER/%  Params/M
VGG16!%! 80.75 73.22 81.35 138.3
) AlexNet!] 81.81 75.46 82.23 61.1
FEF CNN Y4351
ResNet503! 83.20 77.71 84.85 25.6
EfficientNet-B0!32] 84.44 77.13 83.83 5.3
ViT-B!!7] 83.64 78.61 82.24 86.0
H£F Transformer fi{) 4 2545 7
Swin-T!33! 84.21 78.93 83.98 28.3
CMT-S3! 85.38 80.82 85.96 253
T CNN Al Transformer 4 2325150151 Conformer!3s 84.89 78.99 85.23 43.1
MFAE-Net 87.61 81.58 87.81 83.3
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Table 4 Ablation study results (%)

Ik WA ORERRR R
MFAE-Net 87.61 81.58 87.81
(w/0)MsLAE 85.09 81.01 84.23
(w/o)LFE 84.68 76.87 84.37
(w/o)FFM 80.45 73.34 76.06
(w/o)MSLAE & LFE 81.09 72.75 76.64
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Table 5 MFAE-Net accuracies for different

attention mechanisms (%)

Tk R KR B
PAM 87.61 81.58 87.81
CAM 85.86 78.63 86.98
SAM 86.01 80.98 84.32
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Figure 9 MFAE—-Net accuracies for different convolution

kernel sizes
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