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Abstract: A nodule candidate detection algorithm based on 3DSCANet utilizing deep learning techniques is proposed to

improve nodule candidate detection performance. The algorithm employs a strengthen coordinate attention (SCA) module

which improves upon the basic coordinate attention mechanism to enable it to extract three-dimensional (3D) features, and

incorporates adaptive convolution to extract cross-channel features, thereby enhancing the feature extraction capability of the

SCA mechanism. Additionally, a method to convert 3D rectangular anchor boxes into 3D spheres is proposed, along with the

introduction of a sphere based intersection over union loss function (SIoUX) to fully leverage the morphological

characteristics of lung nodules which are spherical in shape. During the experimental phase, the method is tested on the

LUNA16 dataset using ten-fold cross-validation, and it achieves an average recall rate of 0.94.

Keywords: nodule candidate detection; computer-aided detection; strengthen coordinate attention module; sphere based loss
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Figure 1 Overall structure of the model
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Figure 2 Structure diagram of strengthen coordinate attention module
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Table 1 Ablation study of SCA modules
- Rl
g CPM
FPPS=0.125 FPPS=0.25 FPPS=0.5 FPPS=1 FPPS=2 FPPS=4 FPPS=8
ConvAS 0.830 0.884 0911 0.955 0.964 0.974 0.981 0.929
Conv3D 0.825 0.885 0911 0.952 0.964 0.968 0.979 0.926
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Baseline(ResNet+SmothL1) 0.821 0.839 0.920 0.938 0.952 0.965 0.975 0916
ResNet+SmothL1+SIouxLoss 0.813 0.875 0.919 0.946 0.982 0.990 0.991 0.932
SENet+SmothL1 0.830 0.848 0.920 0.938 0.960 0.981 0.982 0.922
SCANet+SmothL1 0.830 0.884 0911 0.955 0.964 0.974 0.981 0.929
SCANet+SmothL1+SIouxLoss 0.848 0.875 0.929 0.955 0.964 0.982 0.991 0.935
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Table 3 Comparison with the existing methods

R
ik CPM
FPPS=0.125 FPPS=0.25 FPPS=0.5  FPPS=I FPPS=2 FPPS=4 FPPS=8
Khosravan 25161 2018 4 0.709 0.838 0.921 0.953 0.953 0.953 0.953 0.897
Liao %17 2019 4F 0.817 0.851 0.869 0.883 0.891 0.907 0.914 0.878
Tang %5181, 2019 4F 0.629 0.701 0.784 0.844 0.897 0.931 0.955 0.820
LiuZgl191 2019 4F 0.848 0.875 0.905 0.933 0.943 0.957 0.970 0.919
Song %131, 2020 4F 0.723 0.838 0.887 0.911 0.928 0.934 0.948 0.881
Baumgartner 4581, 2021 4f 0.812 0.885 0.927 0.950 0.969 0.979 0.985 0.930
Zhou %1201 2022 4F 0.742 0.840 0.899 0.925 0.944 0.954 0.959 0.895
Mei Z5(211,2022 4F 0.718 0.802 0.865 0.901 0.937 0.946 0.988 0.874
Akila Agnes 551222022 4F 0.803 0.875 0.927 0.959 0.967 0.979 0.981 0.930
LSS 0.848 0.875 0.929 0.964 0.982 0.989 0.993 0.940
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Figure 6 Some detected high—confidence false positive nodules
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