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Table 1  Data distribution of lung nodule size
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Table 2 Segmentation performance on nodules of different sizes
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Table 3 Segmentation performance on lung nodules with

different characteristics

Iy EIRI %
S=1 §=2 S§=3 S=4 S§=5 S$=6

FHIE k=1

DSC 89.31 85.72 91.13 90.42 89.83 -
Subtlety SEN 93.55 85.90 90.59 92.58 92.95

PPV 86.09 85.82 92.16 89.07 88.78 -

DSC 90.05 85.67 - 86.77 - -
Internal structure SEN 92.46 87.13 - 89.53 - -

PPV 89.17 84.92 - 86.08 - -

DSC 94.85 - 91.50 90.04 - 89.87
Calcification ~ SEN 96.20 - 89.72 94.05 - 92.61

PPV 93.53 - 93.78 86.81 - 88.76

DSC - 88.53 83.69 92.24 91.41 -
Sphericity SEN - 93.15 91.15 93.16 93.28 -

PPV - 85.11 89.03 91.77 90.32 -

DSC 85.52 87.48 90.39 89.27 92.29 -
Margin SEN 86.77 89.91 91.96 93.55 93.03 -

PPV 86.92 86.44 89.17 87.52 92.00 -

DSC 90.91 90.12 88.83 87.87 91.27 -
Lobulation SEN 92.33 92.93 92.73 90.60 93.88 -

PPV 90.24 89.05 87.49 87.78 89.51 -

DSC 91.32 88.18 86.73 91.85 89.82 -
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PPV 90.86 85.83 86.86 90.15 88.13 -

DSC 87.42 85.90 88.38 86.97 91.01 -
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PPV 89.69 86.31 91.07 82.81 90.09 -

DSC 91.55 91.96 88.32 90.21 89.36 -
Malignancy SEN 91.10 94.23 92.03 91.67 93.07 -

PPV 92.41 90.26 87.21 90.16 87.53 -
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Table 4  Comparison of ablation experiments

VRS DSC/ % SEN/% PPV/%
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Fig. 8 Visual display of the segmentation effect of lung nodules
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A method for segmentation of lung nodules based on
global attention guidance

CHENG YiXin CAI Lei CHEN ShuGuang GAO JingYang "

(College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract; Precise segmentation of lung nodules can effectively assist doctors in treatment and diagnosis. However,
due to the various forms of lung nodules presented by different patients, it is difficult to obtain accurate lung nodule
segmentation results based on traditional expert systems and statistical learning methods. In response to this situa-
tion, an attention mechanism guided by global attention has been proposed in order to automatically locate and seg-
ment lung nodules from a complete chest image slice. This method first segments the lung parenchyma of the target
area, then uses a region proposal network (RPN) to further reduce the region of interest, and generate an attention
weight map, and finally uses the residual network ( ResNet) + convolutional long short-term memory ( ConvL.STM)
structure combined attention weights to segment the lung nodules. The proposed method has been extensively evalu-
ated using the lung image database consortium ( LIDC-IDRI) data set. The results show that the average dice score
(standard deviation) of the proposed method on the LIDC —IDRI data set is 89.97% (8.9% ), with excellent seg-
mentation performance. Furthermore, the segmentation results of lung nodules of the proposed method were com-
pared with the manual annotation results of four radiologists using the same data set, and the results showed that the
consistency between the segmentation results of this method and the annotation results of doctors reached 85. 81%
which is 3. 39% higher than the agreement between the doctors’ manual annotations.

Key words: lung nodule segmentation; attention; deep learning; convolutional long short-term memory ( ConvL-

STM)
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