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[ Abstract] Objective To evaluate the efficiency of ResNet50-OC model based on deep learning for multiple
classification of color fundus photographs. Methods The proprietary dataset (PD) collected in July 2018 in BenQ
Hospital of Nanjing Medical University and EyePACS dataset were included. The included images were classified into
five types of high quality, underexposure, overexposure, blurred edges and lens flare according to clinical
ophthalmologists. There were 1 000 images (800 from EyePACS and 200 from PD) for each type in the training
dataset and 500 images (400 from EyePACS and 100 from PD) for each type in the testing dataset. There were 5 000
images in the training dataset and 2 500 images in the testing dataset. All images were normalized and augmented.
The transfer learning method was used to initialize the parameters of the network model, on the basis of which the
current mainsiream deep learning classification networks ( VGG, Inception-resnet-v2, ResNet, DenseNet ) were
compared. The optimal network ResNet50 with best accuracy and Micro F1 value was selected as the main network of
the classification model in this study. In the training process,the One-Cycle strategy was introduced to accelerate the

model convergence speed to obtain the optimal model ResNet50-OC. ResNet50-OC was applied to multi-class
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classification of fundus image quality. The accuracy and Micro F1 value of multi-classification of color fundus

photographs by ResNet50 and ResNet50-OC were evaluated.  Results The multi-classification accuracy and Micro
F1 values of color fundus photographs of ResNet50 were significantly higher than those of VGG, Inception-resnet-v2,
ResNet34 and DenseNet. The accuracy of multi-classification of fundus photographs in the ResNet50-OC model was
98.77% after 15 rounds of training, which was higher than 98.76% of the ResNet50 model after 50 rounds of
training. The Micro F1 value of multi-classification of retinal images in ResNet50-OC model was 98.78% after 15
rounds of training,which was the same as that of ResNet50 model after 50 rounds of training.  Conclusions The

proposed ResNet50-OC model can be accurate and effective in the multi-classification of color fundus photograph

quality. One-Cycle strategy can reduce the frequency of training and improve the classification efficiency.
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Figure 1 Quality classification of color fundus photograph A :High quality
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B : Underexposure

C:Overexposure D :Blurred edges E:Lens flare
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Figure 2 Flow chart for color fundus photograph quality classification based on deep learning
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Figure 3 Color fundus photograph preprocessing results A :Complete original fundus image
B:Cropped and scaled image A C:Scaled and rotated image B D :Incomplete original fundus image
E:Cropped and scaled image D  F:Flipped image E with brightness adjusted
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Figure 4 Examples of learning rate and momentum changing with the number of iterations

A :Changes in the learning rate B:Changes in the momentum
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