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Automatic Detection of Retinal Diseases Based on
Lightweight Convolutional Neural Network
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Abstract One major method for detecting retinopathy in clinics is optical coherence tomography. However, this
manual diagnostic model is affected by strong subjectivity and low efficiency. Therefore, this paper proposes a
lightweight convolutional neural network for the automatic detection of retinopathy. The proposed network consists
of two modules. The first module combines atrous convolutions and depth wise separable convolutions to reduce the
number of parameters; the second module uses the decomposition convolution method to extend the depth by
decomposing the conventional convolution layer into multilayer asymmetric convolution. Both modules are
combined to form a feature extractor, and the Softmax function is used as the classifier to obtain a lightweight model
with 44 layers deep and 9.2 MB parameters. The accuracy, sensitivity, specificity, and area under the receiver
operating characteristic curve of the proposed network on the test set are 0.980, 0.954, 0.987, and 0.997,
respectively. The visualization results show that the diagnostic basis of the model is consistent with that of
ophthalmologists. These results show that the proposed network can accurately automate retinal disease detection.
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Fig. 1 Sample image examples. (a) CNV; (b) DME; (¢) DRUSEN; (d) NORMAL
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Table 2 Classification results of proposed model for various

retinal images

Category Accuracy Sensitivity Specificity
CNV 0.966 1.000 0.947
DME 0.986 0.944 1.000

DRUSEN 0.968 0.872 1.000
NORMAL 1.000 1.000 1.000
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Fig. 4 ROC curves of proposed model. (a) ROC curve; (b) partial enlarged view
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Table 3 Overall evaluation results of different classification models
Model Ov-Acc Ov-Se Ov-Sp Layers Parameter Count /MB Ratio
Human Expert'"”’ 0.921 0.99%4 0.943
VGG 16 0. 986 0.978 16 138.3 8.6
RongheNet-"" 0.972 0.970 6 54.5 9.1
Inception V3" 0.966 0.978 0.974 42 23.6 0.6
Proposed model 0.980 0.954 0. 987 44 9.2 0.2
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