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Abstract ; Currently, there are two problems in segmenting lung cancer from computed tomography (CT)
images. One is that the size and shape of the lesions are different,and the other is that the quantity of la-
beled data is small. To figure out those above issues, this paper proposes a dual attention semi-supervised
learning network (SDA-Net) for lung cancer segmentation algorithm. Firstly, the residual-dense blocks
(RDBs) are added to the encoding stage of U-Net for feature extraction to retain more shallow features
as much as possible. Secondly, the semantic relevance of the same class features is integrated at the end
of the encoding stage using a dual attention mechanism containing position attention and channel atten-
tion to enhance the feature representation of the target. Finally,to address the problem of small quantity
of labeled data,a two-path consistent semi-supervised learning (SSL) method is used to enable the dual
attention network to be trained with both labeled and unlabeled data, which significantly improves the
segmentation performance of network. The test results show that the Dice similarity coefficient, Jaccard
index, sensitivity and precision of the proposed method achieved 0. 8432,0. 7331,0. 8092 and 0. 8361 ,re-
spectively, which outperforms the current typical segmentation algorithms.
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Tab.1 Model details

Parameters Value
Momentum 0.9
Weight decay constant 0.0001
Epoch 40
Initial learning rate 0.001
Batch size 6

2.2 {FHIEIR
A3 K A Dice #H1U & %% (Dice similarity coeffi-
cient, DSC) KR8 R % (Jaccard index, JI) . R
J&E (Sensitivity) FK5 56 & (Precision) 3 & w ¥FE W BF
AHZ 55X B, BRI r
2TP

DSC = orp TEN T FP R
= TP TR )
Sensitivity = %, (10)
Precision = %, (a1

H H, TP (true positive) F s E AP, FP (false posi-
tive) Fn R B . FN (false negative) F /R FH1E .
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Fig.5 Scale distribution of lesions
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Tab.2 Quantitative comparison of the models

Methods DSC J1 Sensitivity Precision
FCN 0.7203 0.6072 0.7042 0.8420
U-Net 0.7593 0.6453 0.7196 0.8836
Attention U-Net 0.7773 0.6659 0.7500 0.8509
R2U-Net 0.8042 0.6949 0.8025 0.8245
SDA-Net 0.8432 0.7331 0.8092 0.8861
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Fig. 6 Qualitative comparison of segmentation performance between different models
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Tab.3 Ablation experiments of different modules

Methods DSC JI Sensitivity Precision
U-Net+ SSL 0.8237 0.7047 0.7876 0.8763
U-Net+DAB+SSL 0.8286 0.7122 0.7846 0.8878
U-Net+RDB+SSL 0.8361 0.7231 0.8013 0.8828
SDA-Net 0.8432 0.7331 0.8092 0.8861
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Tab.4 Ablation experiment of loss functions

Loss DSC JI Sensitivity Precision

Ly 0.7954 0.6732 0.7483 0.8739

Lspr 0.7845 0.6555 0.7257 0.8851

L.y + Lsor 0.7961 0.6671 0.7597 0.8666
Ly + Lspr + L. 0.8056 0.6827 0.7701 0.8655

RS OREREHE LG W 4R R RN
Tab.5 Impact of unlabeled data percentage

on network performance

Percentage DSC J1 Sensitivity Precision
20% 0.8103 0.6851 0.7682 0.8783
60% 0.8308 0.7147 0.7915 0.8857
100 % 0.8432 0.7331 0.8092 0.8861
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