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Deep Learning Model for Diabetic Retinopathy Detection

PANG Hao'?, WANG Cong*?

Y(School of Software, Beijing University of Posts and Telecommunications, Beijing 100876, China)
(Key Laboratory of Trustworthy Distributed Computing and Service (Beijing University of Posts and Telecommunications), Ministry of
Education, Beijing 100876, China)

Abstract: In recent years, deep learning in the computer vision has made great progress, showing good application prospects in medical
image reading. In this paper, a model with construction of two-level deep convolution neural network is designed to achieve feature
extraction, feature blend, and classification of the fundus photo. By comparing with doctor’s diagnosis, it is shown that the output of the
model is highly consistent with the doctor's diagnosis. In addition, an improved method of fine-grained image classification using weak
supervised learning is proposed. Finally, future research direction is discussed.
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CIFAR-10 CNN ,
32x32 . , 32x32 1.
Table 1 Layout of the input part
1
/ /
32/3x3 2 512x512x3/256%x256x32
32/3x3 1 256x256x32/256x256x32
64/3x3 1 256x256x32/256x256x64
64/3x3 2 256x256x64/128x128x64
64/3x3 1 128x128x64/128x128x64
128/3x3 1 128x128x64/128x128x128
3x3 2 128x128x128/64x64x128
192/3x3 1 64x64x128/64x64x192
192/3%x3 1 64x64x192/64x64x192
3x3 2 64x64x192/32x32x192
(2016 )i,
(ETDRS) 2.
Table 2 Classification of DR in the early treatment of DR study
2
1
2
3
4
5
) DR , : :
DR , )
DR , , )
, DR DR DR DR g ,
8x8x2048, 3.
Table 3 Layout of the output part
3
8x8, 1
Dropout 0.5
> - 1024
2
Softmax 1
2.2
2014 ,ImageNet GoogLeNet. ,
2015 ,ImageNet Residual Network.
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, AlexNet CNN . ,
, 2 CNN ) 4.
Table 4 Design of level 2 CNN
4 2 CNN
32/3x3 1
3x3 2
64/3x3 1
3x3 2
128/3x3 1
3x3 2
500 -
Dropout 0.5 -
500 -
2 4
1 -
4
. :Intel i5-6600K,32G,Nvida GTX 1080;
. :Ubuntu 16.04,CUDAB8.0,cudnn5.1,Theano0.8,Lasagne,Keras1.x.
, DR Kaggle DR (Kaggle diabetic retinopathy detection
competition) . Kappa
35124 ; 5.
Table 5 Details of data
5
(%)
0 Normal 25808 73.48
1 Mild NPDR 2443 6.96
2 Moderate NPDR 5292 15.07
3 Severe NPDR 873 2.48
4 PDR 708 2.01
, ,90% ,10% ’ ,
, Gary King [26] . Nesterov momentum(*”
: [18].
1 CNN, , 0.838 361, Kappa
0.754 13. 7 . ( )
,  Kappa
, 0.783 153, Kappa 0.765 98.
8 . ( ) Kappa ,
7 8 , ,
CNN,

© TEBREEEEIEDT  htp/ www. jos. org. cn



3025

loss (Yo kL
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Fig.8 Training curves of level 1 CNN (regression) on the Kaggle dataset
8 1 CNN Kaggle
, Softmax . ,
1 ) ) ;
7 , , Kappa )
,Kappa
, ) DR
DR . Kappa . 8 , ,
, Kappa . , Kappa ,
CNN
1 CNN , . 2 CNN ,
, 1 CNN ,
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6 , 3 . , 3 Kappa 0.842,
3 Kappa 0.85, 6 Kappa 0.848. ,

1 e =y

Fig.9 Comparison of training curves for the level 2 CNN training using two different feature sources

9 2 CNN
,Softmax 5 -
, 1 , 1
) Kappa
3514 , Kappa 0.85 6.
Table 6 Confution matrix
6
DR
DR 2 408 153 16 0 0
109 114 32 0 0
68 95 325 30 0
0 3 40 50 0
0 2 13 36 20
DR / 329, 0.093 6.
, CNN , . , DR
7.
Table 7 Conclusion of computer-aided diagnosis
7
* * DR (0~4) (0-1)
0.700 1 0.044 7 DR
0.471 4 0.776 3 DR
7 , DR , 0.7, 2 CNN .
05,1525 3.5, DR. 0.044 7 1 CNN ,

) ) DR,

, DR 0.5 ' )
DR.
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