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Abstract: Automatic lung image segmentation is a key step for computer—aided diagnosis systems to detect diseases such as lung cancer. How-
ever, the diversity of lung cells easily introduces local noise in the lung region of CT images, and organ interventions like the heart often blur
the lung boundaries. To address these issues, this paper proposes a novel U-Net framework that combines local context relation learning mod-
ules and adaptive perception modules. To reduce the influence of local noises, this paper constructs a multi-level context relationship for the
lung feature extraction by exploiting the surrounding information of specific lung region, which enhances the recognition ability of U-Net to di-
verse lung cells. To address the issue of blurry lung boundaries, this paper proposes an adaptive perception learning module working at the
skipping connections. This module includes a mixed attention mechanism to guide the model for focusing more on the lung area at both the
channel and spatial dimensions. In addition, the designed bottom—up feature fusion path can further enhance the robustness of the learned
lung features. The proposed method achieves 98.58% and 97.68% accuracy on LUNA and SHCXR dataset, which are 0.34% and 0.25% high-
er than other segmentation methods on average. The proposed approach can provide help for further analysis of lung diseases.
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Fig. 1 Illustration of incorporating local context information
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Fig. 2 Structure of the proposed network
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Fig. 3 The proposed local context relation learning module
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Fig. 4 Structure of adaptive perception module
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Fig.5 Structure of spatial attention module
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Fig. 8 Segmentation results of different methods on lung CT images
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Fig. 9 Segmentation results of different methods on lung X-ray images
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Table 2 The influence of LCRL module and AP module
%2 LCRLERE AP

ik DSC ToU Sen Ace
U-Net 0.959 4 0.934 8 0.971 4 0.981 4
U-Net + LCRL 0.962 2 0.948 3 0.972 6 0.984 1
U-Net + AP 0.966 2 0.944 5 0.9727 0.9837

U-Net + LCRL + AP 0.973 1
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Table 3 The influence of LCRL module used in different levels
#3 AEZEZHLCRLEHRAIFM

Jitk DSC TIoU Sen Acc
U-Net 09594 09348 09714 0.9814
U-Net + LCRL(LI) 09602 09381 09717 0.9822
U-Net + LCRL(L,&L,) 09607 09406 09719 0.9827
U-Net + LCRL(L,&L,&L,) 09610 09422 09720 0.9831
U-Net + LCRL(L, &L,&L,&L,) 09615 09450 09721 09831
U-Net + LCI{L(LI&LZ&L3&L4&L5) 09622 09483 09726 0.9841

Table 4 The influence of intermediate feature fusion in LCRL module
%4 LCRLESR A EFLEHLE B2
D5k DSC ToU Sen Acc
U-Net + LCRLAEEH (TGP @A) 09618 09467 09724  0.9820
U-Net + LCRLAE (A rhfalffi&5) 09622 09483  0.9726 0.984 1
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Table 5 The influence of adaptive gate in AP module
R5 APERHPEIEMTHZNG

Tk DSC ToU Sen Acc
U-Net + APBEH(BEEIE) 09650 09421 09722 09831
U-Net + APFEHL([ENRIG) 09662 09445 09727 09837
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Table 6 The influence of bottom—to—up feature fusion mechanism be-

tween AP modules
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ik DSC ToU Sen Acc

U-Net + APBIH (TCHHERIE) 09653 09428 09722 09830
U-Net + AP CHEHERIA) 09662 09445 09727  0.9837
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