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Abstract: Objective Linear lesion is an important symptom in the progressive development of high myopia to pathological
myopia. Clinical studies have shown that linear lesion appears as retinal pigment epithelium-Bruch’ s membrane-choriocap—
illaris complex ( RBCC) disruption in non-invasive retinal optical coherence tomography ( OCT) images; it includes RBCC
disorder and myopic stretch line. Recently convolutional neural networks ( CNNs) have demonstrated excellent perform—
ance on computer vision tasks and many convolutional neural network based methods have been applied for medical seg—
mentation tasks. However the automatic segmentation of linear lesion is extremely challenging due to the small target attri—
bution and blurred boundary problem. To tackle this issue a novel deep-supervision and feature-aggregation based network
( DSFA-Net) is proposed for the segmentation of linear lesion in OCT image with high myopia. Method To reduce the net—
work parameters the proposed DSFA-Net considers the U-Net with half channels the baseline. A novel feature aggregation
pooling module ( FAPM) is proposed and embedded in the encoder path to preserve more details for small targets. It can
aggregate the contextual information and local spatial information during the downsampling operation. FAPM is performed
using two steps. First the input feature map is parallel fed into three pathways. The first two pathways contain a horizontal
and vertical strip pooling layer followed by a 1D convolutional layer with kernel size of 1 x3 and 3 X1 and a reshape layer
to capture contextual information. The third pathway contains a 2D convolutional layer with kernel size 7 x7 followed by a
sigmoid function to enable each pixel to obtain a normalized weight between 0 and 1. These weights are multiplied with the
original input feature and fed into a reshape layer to capture the local spatial information. Second the output features of
these pathways are combined by the element-wise addition to obtain the aggregated output feature. A novel dense semantic
flow supervision module ( DSFSM) is proposed and embedded in the decoder path to aggregate the details and semantic
information between features with different resolutions during the feature decoding. This approach combines the advantages
of deep supervision and dense semantic flow supervision strategy and increases the effective feature maps in the hidden lay—
ers of the network. The proposed DSFA-Net is implemented and trained based on Python3.8 and Pytorch with NVDIA
TITAN X GPU Intel i7-9700KF CPU. The initial learning rate is set to 0. 001 and the batch size is set to 2. Stochastic
gradient descent ( SGD) with a momentum of 0.9 and weight decay of 0. 000 1 is adopted as the optimizer. Binary cross
entropy ( BCE) loss and Dice loss are combined as the total loss function for the proposed DSFA-Net because linear lesion
has variant sizes which cause data unbalance problem. Result The proposed DSFA-Net was evaluated on 751 2D retinal
OCT B-scan images provided by the First People” s Hospital Affiliated to Shanghai Jiao Tong University. The size of each
OCT B-scan image is 256 x 512 pixels. The ground truth is manually annotated under the supervision of the experienced
ophthalmologists. Compared with the original U-Net the proposed DSFA-Net decreases the network parameter number by
53.19% and the average Dice similarity coefficient ( DSC) Jaccard and sensitivity indicators increase by 4.30%
4.60% and 2.35% respectively. Compared with the seven other existing image semantic segmentation networks such as
CE-Net SegNet and Attention-UNet the proposed DSFA-Net has achieved state-of-the-art segmentation performance
while maintaining the minimum amount of network parameters. Several ablation experiments have been designed and con-
ducted to evaluate the performance of the proposed FAPM and DSFSM modules. With the embedding of FAPM into the
encoder path of the baseline ( baseline + FAPM)  the average DSC Jaccard and sensitivity indicators increase by
1.05% 1.35% and 3.35% respectively. With the embedding of DSFSM into the decoder path of the baseline ( base—
line + DSFSM) the average DSC Jaccard and sensitivity indicators increase by 4.90% 5.35% and 5.90% respec—
tively. With the embedding of FAPM and DSFSM into the baseline ( the proposed DSFA-Net) the average DSC  Jaccard
and sensitivity indicators increase by 6. 00% 6.45% and 5.50% respectively. The results of the ablation experiment
show that the proposed FAPM and DSFSM modules can effectively improve the segmentation performance of the network.
Conclusion We propose a novel deep-supervision and feature-aggregation based network for the segmentation of linear lesion
in OCT image with high myopia. The proposed FAPM and DSFSM modules can be inserted into convolutional neural net—
works conveniently. The experimental results prove that the proposed DSFA-Net improves the accuracy of linear lesion seg—
mentation in retinal OCT images indicating the potential clinical application value.
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convolutional neural network ( CNN) ; medical image segmentation
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Fig.4 The structure of DSFSM
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Fig.5 The alignment of semantic flow
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Table 1 The results of ablation experiments
RBCC
DSC Jaccard DSC Jaccard
0. 687 0. 569 0.783 0. 590 0. 451 0. 607
+FAPM 0.715 0. 601 0. 836 0.582 0. 445 0. 621
+ DSFSM 0.743 0. 631 0. 812 0.632 0. 496 0. 663
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Fig.6 Segmentation results of ablation experiments

((a) original images; ( b) ground truth; (¢) baseline; ( d) baseline + FAPM; (e) baseline + DSFSM; ( f) DSFA-Net( ours) )
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Table 2 The comparisons of different down-sampling methods
RBCC
DSC Jaccard DSC Jaccard
+ 0. 687 0. 569 0.783 0. 590 0. 451 0. 607
+ 0.678 0. 560 0.792 0.593 0. 455 0. 625
+ 2 3x3 0.672 0.556 0. 800 0. 581 0. 442 0.598
+ 0.693 0.576 0.778 0.578 0. 439 0.614
+ 0.704 0.587 0.819 0. 597 0. 459 0.618
+ FAPM 0.715 0. 601 0. 836 0.582 0. 445 0.621
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Table 3 The comparisons of different deep supervision methods
RBCC
DSC Jaccard DSC Jaccard
+ 0.724 0.612 0. 802 0. 632 0. 495 0. 650
+ 0.728 0.614 0.799 0. 631 0. 496 0. 655
+ DSFSM 0.743 0. 631 0. 812 0. 632 0. 496 0. 663
4
Table 4 The comparisons of different networks
RBCC
M
DSC Jaccard DSC Jaccard
0. 687 0. 569 0.783 0. 590 0. 451 0. 607 7.76
DeeplabV3 0. 480 0.376 0.630 0.442 0.318 0.489 58.16
PSPNet 0.653 0.532 0.757 0.578 0. 440 0. 626 27.76
SegNet 0.692 0.579 0. 803 0.589 0. 461 0. 653 29.44
CE-Net 0. 669 0. 549 0.753 0.550 0.412 0. 585 29.00
U—Net 0. 699 0.583 0. 800 0.612 0.474 0. 653 31.04
Attention U-Net 0.711 0.612 0. 807 0. 626 0.502 0. 698 44. 08
TransUNet 0.724 0. 621 0.819 0.588 0.451 0. 689 105.5
DSFA-Net 0. 751 0. 639 0. 827 0. 646 0.510 0.673 14.53
2
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Fig.7 Segmentation results of different networks

((a) original image; ( b) ground truth; ( ¢) DeeplabV3; ( d) baseline; ( e) U-Net; ( f) DSFA-Net( ours) )
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