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Macular degeneration identification method of the OCT image with retina
based on improved AG-CNN
DONG Xichao, GAO Zhijun, DONG Chunyou
(School of Computer and Information Engineering, Heilongjiang University of Science & Technology, Harbin 150022, China)

[ Abstract] In view of the current application of global image training convolutional neural network may be affected by a number of
irrelevant noise regions, which may easily lead to errors in the recognition or diagnosis of macular disease in retinal OCT images, an
improved attention—guided four—branch convolutional neural network method was proposed to identify the macular degeneration in
retinal OCT images. The attention—guided convolutional neural network framework was used to form fusion branches by integrating
global branches, local branches and layer segmentation branches, and attention heat maps were used to mask and train important
areas, which reduced the interference of retinal OCT image noise and macular disease recognition error rate, the proposed was
compared with the two methods of VGGI16 and IDL on the public data set. The results showed that the proposed method had a
significant effect on the improvement of recognition accuracy and recognition performance on the retina OCT image data set.
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Fig. 1 Overall framework of the improved AG—CNN
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Tab. 1 The identification results with three methods ( percentages)

Tk 2 ACC SE PR SP 0OS

VGG16 NORMAL 91.4 923 83.1 91.2
DME 925 709 743 96.3
DRUSEN 90.5 54.5 544 946
CNV  91.0 86.5 93.1 945 76.1 76.2 91.4

oP OA

IDL NORMAL 98.8 96.9 98.4 994
DME 98.0 97.1 948 98.2
DRUSEN 97.8 96.7 94.4 98.1

CNV  97.6 93.8 96.8 98.9 96.1 96.1 98.1

5 NORMAL 99.1  97.6 98.8  99.6
DME 985 98.0 96.0 98.6
DRUSEN 983 97.6 95.6 98.5

CNV 981 949 97.6 99.2 97.0 97.0 98.5
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Fig. 2 Confusion matrix of different methods
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