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# E. B HBFEZ M4 (convolutional neural network , CNN) 7E 315 HL4H B2 Wr ( computer-aided diagnosis,
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BB EEH ARG BLT 05 T TERZ R B RHEAR S o BEXT o080 4 DL B RRAIE 25 2 45 I L, XoF Do g v i 1/ SR b
RS AT I 2 [6) RUBE (9 46 R G I 98 I 4%, A6 &4GRE B0 T 4R AE &K, 85 5R 7E LUNA (lung nodule
analysis ) 5UEER b 5 IUA 5 Fh 32 5020 51 00 45 AT LU T2 90 A SR 50, 25 R SR BT A SCRERLASE 3 1 F50) [ ST 4808 T
2 E15 . Dice HALL 2% 38T L (intersection over union, loU) EHAE (accuracy , ACC) LA R ABURE ( sensitivity , SE )
SEVEOY FE AR IGO0 T O ik A EE TR RE ST 2 ROBEEL, Zp IR & T 0.443% ,0.272% ,0.512% LI K 0.374%
5ie ARSCERI T Rl G R L5 R R 2 TR A AR RS A D 4 AR T A 43 P 4 AR T B A 43
ROR,

SRR i 73 ) B AR 2 M 45 (CNN) 5 HHEAL B2 W (CAD) 5 i E WU % 2 A5 FL( DAC)

The integration of attention mechanism and dense atrous

convolution for lung image segmentation

Guo Ning, Bai Zhengyao "

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract: Objective As an important criterion for the diagnosis of early-stage lung cancer, chest computed tomography
(CT) images-based pulmonary nodules detection have been implemented via location observation, scope and shape of the
lesions. The CT image has been analyzed lung organizational structures like the lung parenchyma and the contextual part,
such as hydrops, trachea, bronchus, and ribs. CT images-based lung parenchyma has been hard to interpret automatically
and precisely. The precise extraction of lung parenchyma has played a vital role in lung-based diseases analyses. Most of
lung segmentation have been conducted based on regular image processing algorithms like threshold or morphological opera-
tion. The convolutional neural networks (CNNs) have been used in computerized pulmonary disease analysis. CNN-driven

lung segmentation algorithms have been adopted in computer-aided diagnosis ( CAD) . The U-shape structure has been
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designed for medical image segmentation based on end-to-end fully convolutional network (FCN) structure. The credibility
for biomedical image segmentations have been realized based on the encoding and decoding symmetric network structure. A
novel convolutional neural network based on U-Net architecture has been illustrated via integrating attention mechanism and
dense atrous convolution (DAC) . Method The network has contained an encoder and a decoder. The encoder has consis-
ted of convolution and down sampling. The deductible spatial dimension of feature maps have been used to learn more
semantic information. And the attention mechanism decoder has been implemented for de-convolution and up-sampling to
re-configure the spatial dimension of the feature maps. The decoding mode using attention mechanism has been manipulated
to make the target area output more effectively. Meanwhile, the algorithm of lung image segmentation has been used to
identify the target-oriented neural network’ s attention using transmitted skip-connection to improve the weight of the salient
feature. The feature resolution capability has been enhanced to the requirements for intensive spatial prediction via pooling
consecutive operations and convolution striding. The DAC block has been deployed between the encoder and the decoder to
extract multi-scale information of the context sufficiently. The advantages of Inception, ResNet and atrous convolution for
the block have been inherited to capture multi-sized features consequently. The max-pooling and up-sampling operators have
been utilized to reduce and increase the resolution of feature maps intensively based on the classic U-Net framework, which
could lead to feature loss and accuracy reduced problems during training. The original max-pooling and up-sampling opera-
tors have been replaced via down-sample and up-sample block with inception structure to widen the multi-filters network and
avoid feature loss. The Dice coefficient loss function has been used instead of the cross entropy loss to identify the gap
between prediction and ground-truth. The deep learning framework Pytorch have been used on a server with two NVIDIA
GeForce RTX 2080Ti graphics cards and each GPU has 11 Gigabyte memory. At the experimental stage, the original ima-
ges have been resized to 256 x 256 pixels and 80% of these for training besides the test remaining. The proposed model has
been trained for 120 epochs. Based on an initial learning rate of 0. 000 1, the Adam has been opted as the optimization
algorithm. Result In order to verify the efficiency of the proposed method, we conduct multi-compatible verifications called
FCN-8 s, U-Net, UNet ++, ResU-Net and CE-Net ( context encoder network ) have been conducted. Four segmentation
metrics have been adopted to assess the segmentation. These metrics has evolved the Dice similarity coefficient (DSC) , the
intersection over union (IoU), sensitivity (SE) and accuracy (ACC) . The experimental results on the LUNA16 dataset
have demonstrated the priorities in terms of all metrics results. The average Dice similarity coefficient has reached 0. 985 9,
which has 0.443% higher than the segmentation results of the second-performing CE-Net. The model consequence has
achieved 0.972 2, 0.993 8, and 0. 982 2 each in terms of IoU, ACC and SE. This second qualified segmentation perform-
ance has reached: 0.272% , 0.512% and 0.374% each (more better) . Compared with other algorithms, the predictable
results of modeling has closer to the label made. The adhesive difficulties on the left and right lung cohesion issue have
been resolved well. Conclusion An encoded/decoded structure in novel convolutional neural network has been integrated
via attention mechanism and dense atrous convolution for lungs segmentation. The experiment results have illustrated that
the qualified and effective framework for segmenting the lung parenchyma area have its own priority.

Key words: lung segmentation; convolutional neural networks ( CNN); computer-aided diagnosis ( CAD) ; attention

mechanism; dense atrous convolution ( DAC)
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Fig.7 Down-sample and up-sample block( (a) down-sample block; (b) up-sample block)
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Table 1 Results of ablation Study

Tk ACC SE DSC loU

U-Net+ DAC+ D/U 0.9839 0.9721 0.9747 0.956 6
U-Net + Attn + D/U  0.9872 0.9729 0.976 6 0.960 2
U-Net + Attn + DAC~ 0.9934 0.9804 0.9833 0.9673

U-Net + Attn +

DAC +D/U

H: Attn HTEE STALH], DAC A3 E 25 B U B D/U Ry
R YL TR SRR I AR RS AR A R

0.9938 0.9822 0.9859 0.9722
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AT L Bk BRI AW IR 20 S8, RS
RUEE 2 s,

®2 ARSBEENER

Table 2 Comparison of different segmentation algorithms

WP ACC SE DSC loU
FCN-8 s 0.9853 0.9759 0.9736 0.9545
U-Net 0.9861 0.9741 0.9756 0.958 1
UNet ++ 0.9871 0.9702 0.9764 0.959 7
ResU-Net 0.9876 0.9725 0.9766 0.963 2
CE-Net 0.9887 0.9785 0.9814 0.9695
AL 0.9938 0.9822 0.9859 0.9722
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Fig.8 Training loss and validation accuracy of different models

((a) training loss; (b) validation accuracy)
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Fig.9 Segmentation results of different methods

((a)origin; (b)label;(¢) FCN-8 s;(d)U-Net;(e)UNet++ ; (f) ResU-Net; (g) CE-Net; (h)ours)
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