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3D U-Net with dual attention mechanism for lung tumor segmentation
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Abstract: Objective Precise lung tumor segmentation is a necessary step in computer-aided diagnosis, surgical planning,
and radiotherapy of lung cancer. Computed tomography (CT) images are important auxiliary tools in clinical medicine. The

diagnosis of lung cancer tumors is labor intensive that requires professional radiologists to carefully examine hundreds of CT
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slices for finding and confirming the location of tumor lesions, and final reports need to be verified by other experienced
radiologists. This process consumes time and effort. Doctors commonly make different diagnoses at the same time, and the
same doctor may make different decisions at different times because of the difference in their subjective experience. To solve
the above problems, increasing scientific researchers have devoted to the field of medical imaging by continuously promoting
the combination of artificial intelligence and medical imaging, and the automatic segmentation of lung tumors has been
widely investigated. To address the problems that 3D U-Net is insufficiently accurate and is prone to produce false positive
pixels, this paper proposes a new network named dual attention U-Net ( DAU-Net) that incorporates dual attention mecha-
nisms and residual modules. A post processing method based on connected component analysis is used to remove the false
positive regions outside the region of interest. Method In accordance with the characteristics of lung CT images, we pro-
posed a pipeline to preprocess CT images, which was divided into three steps. Standardizing pixel pitch was the first step
that needs to be performed because different pixel spacings will affect the speed and quality of network convergence in the
training process. The thickness of all 2D slices is 5 mm, and the range of in-plane resolution varies from 0. 607 mm to
0.976 mm. Thus, linear interpolation was applied to each CT slice to obtain 1 mm in-plane resolution. The interpolated CT
images still exist in 3D form. The window width and window level were then set to 1 600 and —200, respectively, that is,
the pixel values in the CT image greater than 600 were set to 600 and those less than —1 000 were set to —1 000. The
intensity values of images were truncated to the range of [ —1 000, 600 ] and linearly normalized to [0, 1] to enhance the
regions of interest when using CT images, which is helpful for the automatic segmentation of lesions. This step will make
the size of each CT image less than N X512 x512, where N is the number of slices. After padding to N x512 x512, the
CT images and their corresponding annotations were cropped to a constant size of N x 320 x 260 from a fixed coordinate
(0, 90, 130) of the very beginning slice, and interpolation was used to scale the size of the images to 64 x 320 x260. The
main architecture of the network adopts the 3D form of the U-Net by replacing every two adjacent convolutional layers with
a residual structure and adding two attention mechanisms to the middle of the contraction path and the expansion path to
obtain DAU-Net. The network can alleviate degradation, gradient disappearance, and gradient explosion caused by the
increase in the depth of the neural network by adding the residual structures. Similar to U-Net, encoder-decoder networks
can merge high-resolution feature maps with position information and low-resolution feature maps with contextual information
through skip connections to capture targets of different scales. However, they cannot take advantage of the positional rela-
tionship of different objects in global images and association between different categories. To retain the advantages of
encoder-decoder structures and overcome the above problems, a position attention module and a channel attention module
connected in parallel are combined with 3D U-Net. The position attention module can encode context information from a
wide range into local features and the channel attention module can find the dependency relationship between different chan-
nels, thereby strengthening the interdependent features. The network can perform end-to-end training and it was trained by
optimizing soft dice loss in this work. After inference, connected component analysis is used to remove the false positive
regions that are wrongly segmented by only keeping the largest connected component and discarding other parts. Considering
that this paper uses a 3D CNN ( convolutional neural network ) , a 26-neighborhood connected component analysis method
is used to determine the connection relationship between a central pixel and its 26 adjacent pixels. The output of the net-
work has two channels, and softmax is used to make the output between zero and one. In binarization, only the channel
index with a high probability is selected to obtain the final binary result where the connected component analysis method is
applied. This postprocessing method effectively improves the segmentation accuracy and decreases the false positive rate
(FPR) . The premise of using this method is that the dataset we use contains only one lesion per case. Result We retro-
spectively collected data from patients in Shanghai Chest Hospital from 2013 to 2017. The study was approved by Shanghai
Chest Hospital, Shanghai Jiao Tong University. Ethical approval (ID; KS 1716) was obtained for use of the CT images.
Experienced radiologists provided the gold standard of each case. In the experiment, we compared the standard 3D U-Net
and the reproduced 3D attention U-Net. The experiment used 10-fold cross-validation for all networks, and we adopted the
widely used Dice, Hausdorff distance (HD), FPR, and true positive rate to evaluate the predicted outputs. The results
show that the proposed DAU-Net has powerful performance in the lung tumor segmentation task, and the postprocessing

method can effectively reduce the interference of false positive regions on the segmentation results. Compared with 3D
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U-Net, Dice and HD are improved by 2. 5% and 9. 7% , respectively, and FPR is reduced by 13. 6% . Conclusion The

proposed lung tumor segmentation algorithm can effectively improve the accuracy of tumor segmentation and help to achieve

rapid, stable, and accurate segmentation of lung cancer.
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Fig.3  Structure diagram of channel attention mechanism
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