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A novel model for diabetic macular edema segmentation based on improved SOLO_v2

ZHENG Zongsheng, TANG Pengfei, WANG Zhenhua, LU Peng
College of Information Technology, Shanghai Ocean University, Shanghai 201306, China

Abstract: Diabetic macular edema (DME) is a common cause of visual impairment in diabetic patients. Optical coherence
tomography (OCT) can enhance the early detection and prevention of diabetic retinopathy. At present, there are a lot of
speckle noises and small target areas in the DME region in OCT images, and the existing instance segmentation methods have
some problems such as missing segmentation. To address the above issues, SOLO_v2 model is improved by feature pyramid
transformer, and a novel model (SOLO-OCT model) is proposed for DME segmentation. The proposed method improves the
quality of the input image by removing the speckle noises from the image using dual-domain filtering algorithm, and
enhances the model's ability to recognize and learn small target areas by feature pyramid transformer, and alleviates the
problem of missing segmentation for small target areas through improved non-maximum suppression. The SOLO-OCT
model is compared with other instance segmentation models (Mask R-CNN, SOLO and SOLO v2) to evaluate its
performance in DME segmentation. Compared with Mask R-CNN, SOLO and SOLO v2 models, SOLO-OCT model
improves the segmentation accuracy of DME region (mAP) by about 3.1% and raises the segmentation accuracy of small-
target DME region (APs) by about 2.2%, but the processing time of a single image (Fps) is increased by only about 0.0099 s.
The proposed SOLO-OCT model for DME segmentation can be used for large-scale screening for diabetic retinopathy.

Keywords: diabetic macular edema; instance segmentation; feature enhancement; non-maximum suppression
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Figure 1 Framework diagram of SOLO_v2
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Figure 3 Framework diagram of improved SOLO_v2
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Table 1 Comparison of the performance of the same

backbone network before and after noise reduction

REHEME AP, /% AP,./% mAP/% APs/%  Fps/s

ENUAE) 70.013 45387 42432  18.037 0.1316
FWEJE 71.167 46263 43232 18.051 0.1321
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Table 2 Comparison of performance experiment results after improving NMS on the same backbone network

NMS Hik R AP, /% AP ,/% mAP/% APs/% Fps/s
lEii) ResNet-101-FPT 70.813 44.987 42.132 16.751 0.1296
ol e ResNet-101-FPT 71.167 46.263 43.232 18.051 0.1321
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Figure 6 Comparison of the segmentation performance of SOLO-OCT model with Mask R-CNN, SOLO and SOLO_v2 models
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Table 3 Performance comparison among different network models for macular edema segmentation
od £ 57 (e AP, /%  AP,.J/%  mAP/%  APs/% Fps/s
Mask R-CNN ResNet-101-FPN 64.973 39.197 37.155 12.550 0.2316
SOLO ResNet-101-FPN 65.816 40.612 38.513 12.601 0.1507
SOLO_v2 ResNet-50-FPN 66.073 43.508 38.755 13.367 0.0913

ResNet-101-FPN 67.567 44.063 40.132 15.851 0.1222
SOLO-OCT ResNet-101-FPT 71.167 46.263 43.232 18.051 0.1321

5 g:g -L/I,: Computer Vision and Pattern Recognition. IEEE, 2015: 3431-3440.
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