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Deep Learning Feature Fusion-Based Retina Image Classification
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Abstract Aiming at the problems of missed detection and low efficiency in manual classification and diagnosis of
optical coherence tomography retina images, a deep learning-based convolutional network classification algorithm is
proposed to construct joint multilayer features. First, retinal images are preprocessed using the mean shift and data
normalization algorithm. The loss function weighting algorithm is combined to solve the data imbalance problem.
Second, a lightweight deep separable convolution rather than an ordinary convolution layer is used to reduce the
number of model parameters. Global average pooling replaces fully connected layers to increase spatial robustness,
and different convolutional layers are used to build feature fusion layers to enhance feature circulation between
layers. Finally, the SoftMax classifier is used for image classification. Experimental results show that the model can
achieve 97%, 95%, and 97% in accuracy, precision, and recall, respectively, thereby reducing the recognition
time. The proposed deep learning feature fusion-based method performs well in the classification and diagnosis of
retinal images.
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Fig. 3 Sample graphs of the dataset. (a) CNV; (b) DME; (¢) DRUSEN; (d) NORMAL
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Table 1 Division of OCT dataset
Number of images

Image type
Train Validation Test Total
CNV 26043 7441 3721 37205
DME 7943 2270 1135 11348
DRUSEN 6031 1723 862 8616
NORMAL 18420 5263 2632 26315
Total 58437 16697 8350 83484
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Fig. 5 Validation result curves. (a) Validation accuracy curve; (b) validation loss curve
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Table 2 Comparison of classification indexes of different training methods unit: %
Network type Category weight Accuracy MA Precision Recall
SlimNet No 89.9 82.5 88.0 82.0
SlimNet Yes 90. 2 87.2 85.0 87.0
BnlL2Net Yes 93.0 91.6 92.0 93.0
GAPNet Yes 94.9 93.3 92.0 93.0
RongheNet Yes 97.2 97.0 95.0 97.0
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Table 3 Performance comparison of different models

unit: %
Method MA Precision Recall
Wang et al"" 89. 6 90. 8 88.6
Bhowmik ez al"" 92. 6 94.0 94,0
Yu et al™ 94.1 94.6 90. 6
Ours 97.0 95.0 97.0
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