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A diabetic retinopathy multi-lesion segmentation network integrating deformable convolution

and attention mechanism
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Abstract: In view of the complex structure of diabetic retinopathy and the large differences in the scales of different lesions,
a novel network which integrates deformable convolution and attention mechanism is proposed for automatic diabetic
retinopathy multi-lesion segmentation. Specifically, deformable convolution Haar wavelet transform encoder takes place of
the original convolutional downsampling encoder to adapt to the irregular shape changes of lesions and extract effective
feature information; a dense feature perception and aggregation module is introduced at the bottleneck layer to extract multi-
scale features by aggregating multiple receptive fields, thus enhancing deep semantic information; and finally, in order to
fully integrate the decoder output and improve the recognition accuracy of edge information, a multi scale adaptive fusion
module is used to weight the decoder output of each layer for obtaining the most accurate segmentation feature map. The
validation of hard percolation, bleeding point, and soft percolation segmentations on the DDR-RLS dataset reveals that the
proposed network shows increases of 0.026 2, 0.051 8 and 0.046 5 in IoU coefficient, 0.027 1, 0.058 1 and 0.050 4 in Dice
coefficient, and 0.042 3, 0.069 1 and 0.073 4 in AUPR value, as compared with the original Unet.

Keywords: diabetic retinopathy; deformable convolution Haar wavelet transform encoder; dense feature perception and

aggregation; multi scale adaptive fusion
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Figure 1 Overall structure of multi lesion segmentation network model
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Figure 2 Comparison of various downsampling methods
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Figure 3 Schematic diagram of DCHT module
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Table 1 Partition of DDR-RLS dataset

Hdh g Il h4E B4 M4
DDR 383 225 149
RLS 47 18 27
RLSY" 7 329 126 27
DDR-RLS 712 351 176

By Otsul‘ﬂﬁ

JUR
R

W
B’
R

B e m B, AP B AR I UG B 4 v iy IR Bk X3
(2) AR G R/ o 5 8% 59 I 9 HR RS T A5 i s B
PEAT TS, Al 58 L R 1, SR )5 VR K RS G 4 R
1 024x1 024, (3) VI UG . YN ZREE TG IELE D)
128 W BTAK MR DL 256 BT ALK IR R K
1§ K bR 258887 R 256x256 K/ G, TG ik A
o A2 A DI 25 A RN IR A RS B 21 785 4, D4R %]
B 9114~ (F6).

by
(SEE
patch

6 RIREIG IR MR RIZE

Figure 6 Flowchart of fundus image and label preprocessing
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Figure 7 Comparison of PR curves for improved modules
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Table 6 Comparison of different network models
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Figure 8 Comparison of PR curves of different network models
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Figure 9 Visualization of segmentation results
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