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3D multi-scale deep convolutional neural networks
in pulmonary nodule detection

Sun Huacong, Peng Yanjun”, Guo Yanfei, Zhang Xiaoqing
Shandong University of Science and Technology, Qingdao 266590, China

Abstract: Objective Pulmonary nodules are early forms of lung cancer, one of the most threatening malignancies for human
health and life. As an important means of lung cancer screening, low-dose computerized tomographic scanning has been
widely used in health examinations. However, a large amount of computed tomography (CT) data brings a heavy workload
to doctors and radiologists, and high-intensity work can result in misdiagnosis. With the rapid development of artificial
intelligence technology, computer-aided lung-nodule detection based on deep learning has attracted much attention. As the
size of pulmonary nodules varies greatly, representing features on multiple scales is critical for nodule detection tasks. To
solve the problem of difficulty in detection caused by the large difference in size of nodules, this paper proposes a 3D multi-

scale pulmonary nodule detection method in chest CT sequence images based on deep convolutional neural network.
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Method The method mainly consists of two stages: 1) nodule candidate detection stage that maximizes system sensitivity, and
2) false positive reduction stage that minimizes the number of false positive nodules. Specifically, a series of preprocessing
operations is performed on the original CT images first, and the regions of interest (ROIs) of lung nodules are obtained by
cropping. In the training phase of the nodule candidate detection network, after the preprocessing steps, data augmentation
is performed by randomly rotating, flipping, and scaling. Then, nodule cubes and non-nodule cubes with a size of 128 x
128 x 128 are randomly cropped out and input to the network. The nodule candidate detection network uses the combina-
tion of the squeeze-and-excitation units and the Res2Net modules as the backbone structure, so that the convolutions of the
same layer have a variety of receptive fields. Thus, the network can extract the multi-scale feature information of pulmonary
nodules. In addition, the nodule candidate detection network also uses the region proposal network structure that introduces
context enhancement module and spatial attention module to identify region candidates. In the test phase of the nodule can-
didate detection network, the preprocessed CT image is divided into several small patches of size 208 x 208 x 208, which
are used as the inputs of the network, and adjacent small patches overlap 32 pixels. For each CT image, the nodule candi-
dates obtained from all small patches are summarized, and the nodules with higher overlap are merged through non-maxi-
mum suppression with an intersection over union (IOU) threshold of 0. 1 to obtain the detection results. In the training
phase of the false positive reduction network,, because the average number of false positive nodules per scan is 22 obtained
through experiments in the nodule candidate detection network, the positive samples are augmented by 22 times to balance
the number of positive and negative samples. The augmentation methods are consistent with the methods in the training
phase of the nodule candidate detection network. The false positive reduction network mainly consisting of Res2Net modules
and squeeze-and-excitation units further classifies nodule candidates to reduce the number of false positives. The testing
phase of the false positive reduction network takes the nodule candidate coordinates obtained by the nodule candidate detec-
tion network as the centers, and crops cubes of size 48 x 48 x 48 as the inputs of the false-positive reduction network.
The outputs of the false-positive reduction network are the confidences of nodule candidate cubes. Among them, the
squeeze-and-excitation unit can capture the channel dependence comprehensively, which makes the channel weight that
contains abundant nodule information significant, and makes the channel weight without nodule information small. Res2Net
module increases the receptive field of each output feature map without increasing the computational load, which causes the
network to have stronger multi-scale representation ability. The region proposal network can take images of any scale as
input and output a series of region candidates with scores, which are robust. Context enhancement module can fuse high-
level semantic information and low-level position information. Its structure is simple, the implementation is easy, and the
calculation cost is low, but it has good performance. The spatial attention module enables the network to pay more attention
to the ROIs, which can reduce the difficulty of accurately distinguishing because of the visual similarity between pulmonary
nodules and the structures such as blood vessels and shadows around the pulmonary nodules. The effectiveness of this meth-
od is validated on the publicly available dataset LUNA16 (lung nodule analysis 16) and extensive ablation validation
experiments are conducted to demonstrate the contribution of each key component to our proposed framework. The LUNA16
dataset is a subset of LIDC-IDRI (lung image database consortium and image database resource initiative ) , the largest
public dataset of lung nodules. The LUNA16 dataset excludes CT images with slice thickness greater than 2. 5 mm from the
LIDC-IDRI dataset. A total of 888 CT images remain, with slice thickness of 0. 6 ~2. 5 mm, spatial resolution of 0. 46 ~
0.98 mm, and average diameter of 8. 3 mm. The criteria for judging a nodule in the LUNA16 dataset is that at least three
of the four radiologists believe that the diameter of the nodule is greater than 3 mm. Therefore, a total of 1 186 positive nod-
ules are annotated in the dataset. The evaluation metric, FROC (free-response receiver operating characteristic curves) , is
the average recall rate at the average number of false positive nodules at 0. 125, 0.25, 0.5, 1, 2, 4, and 8 per scan,
which is the official evaluation metric for the LUNA16 dataset. Result The experimental results show that in the nodule can-
didate detection stage, the sensitivity can reach 0. 983 when the average number of false positives per scan is 22. Compared
with the benchmark ResNet + FPN (feature pyramid network) method, the average sensitivity and the maximum sensitivi-
ty are increased by 2.6% and 0. 8% , respectively. For the entire 3D multi-scale pulmonary nodule detection network,
when the average number of false positives per scan is 1, the sensitivity is 0. 924. Conclusion Compared with the state-of-

the-art methods, our method not only improves the sensitivity of pulmonary nodule detection but also effectively controls the
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number of false positives and achieves better performance. As this method can only output the position information of nod-

ules, in actual lung cancer screening, the growth position, edge shape, and internal structure of the nodules are all signifi-

cant for clinical diagnosis. Analysis of the characteristics of the nodules can make this method more practical.

Key words: pulmonary nodule detection; convolutional neural network ( CNN); multi-scale; region proposal network ;

context enhancement; spatial attention; false positive reduction
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Fig.4 CT images before and after preprocessing

((a)CT images before preprocessing;

(b) CT images after preprocessing)
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Table 1 Performance comparison of different

nodule candidate detection networks
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Table 2 Performance comparison of different

methods for pulmonary nodules detection
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Fig. 6 Detection results( (a) true positive nodules;
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