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CT B 5 i 45 75 & il

KR, KOG e AFY

L by R RS ENRE S TR, 81 7500215 2. T & MR 36 X R E R E 224040, -1 750000,
3. dbr RE KRG R e A B R R B E R, 41 750021

W OE. B8R EEXTEUA SR A A A DR B T LT Z 493 ( computed tomography , CT) EIZ Al 545 15
JE YT e BT A B S 25 SRS A S A IR, D R AR AT BRI 28 22 VTR SR i P45 4 0 S R ARt
OGN ZE 522 AU FH 26 1002 R AE 1 32847 F0000 338 i e 14 25 ) 45 S 25 R b S 380/ IN 04 W A S8 [ 4R HH T —
PP T 71 I HLHIRRRAE & IS M ZS Rk ik ARIETE 5 48 AR AE M2 AL LA B 36 B 28 1o 24 o
R 4% 13 I 4R BURRAE 145 B R[], 7E L ResNet A B 46 45 A 112 B R0 4% rb 80 3 0 — 2 () v 35 ALk, LT
REMFIAS SRS A 5% bR SCE SR ZS A E A SRR RS B, 78 RS 40 SRR 4 745 4% K s e s
A F B SUF B RAE B S5 104 A O B (5 B RAE Rl 1T 22 RUBE IO, 36 5 D0 45 6 /NG 47 LA U I 48 245
A B AR ERE . 58 75 LUNAI6(lung nodule analysis 16) 348 F 4T+ 38 WIAE B8, 24
HEEMEAECN 25.99 BFEURBE BB T 97. 13% , SHEEF LA, BUKER & T 2.53% , P BHEEREIKT
28. 54 ST s U AR I 5 76 0. 125.0.25 0.5 .1 2 4 8 3X 7 MR P % 5 (i fUR R SE Y94 R 0. 854, Horh 7R 44>
FAHG 4 YN 8 IRAB PH P U EE 43 A 2] T 0. 940 F10. 951, HASC AL F R AL T 5k, &5 RS
TARRY AT LASR BT 3 ~ 10 mm /NEST I A 257 55 R vk B R ARG I PERE , T BT AR R BH =

SRR T R 5 VR AL RRAE G TS I 4 (FPN) 5 3R M EARRI ;47 38 LEGIE

Detection of pulmonary nodules in CT images by combining an

attention mechanism and a feature pyramid network
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Abstract: Objective The different structure of the nodules have not been clear in terms of the lung computer tomography

(CT) images interpretation level for lung nodules and surrounding tissues. The detected image resolution has been reduced
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due to multiple downsampling of the feature extraction network. The feature map of the network top-layer has been predicted
to the losses of spatial information and missing nodules. A algorithm called attention_ FPN_RPN ( attention_ feature pyra-
mid networks-region proposal network) for lung nodule detection have been demonstrated via attention mechanism and fea-
ture pyramid network. Method The detection performance has been improved for an end-to-end lung nodule detection model
training via integrating nodule candidate detection and false positive reduction into a model for joint training. At the begin-
ning, the lung parenchyma has been segmented to form the image dataset for training and testing via threshold and morphol-
ogy. The designated nodule detection model has been based on the region proposal network (RPN) of the faster R-CNN
(region convolutional neural network ) network. The network model has been illustrated based on the U-Net network struc-
ture using low-dose chest CT thin-slice plain scan images as input and outputs candidate nodules position and probability
information. Next, the channel-spatial attention mechanism in multi-layers network has been designed in the feature extrac-
tion network via the backbone network—ResNet in terms of the semantic and spatial feature compensation mechanism and
the amount of extracted feature information. Multi-layers features have been refined to retain feature information each. The
integration of lower and higher dimensional features have been spatially interpreted to obtain feature information with more
contextual semantics and spatial location information. The semantic information has been qualified via the top-layer of fea-
ture map for prediction though the losses of spatial information extracted. The 3D spatial information in CT sequence has not
been be fully utilized. The feature pyramid network has been fused high-dimensional feature maps via rich semantic infor-
mation and low-dimensional feature maps with location information. Multi-scale information network-based detection for
insignificant targets like small nodules and proximal vascular nodules has been enhanced. Data enhancement and hard nega-
tive data mining has been adopted to optimize the dataset. The sliding window analysis has been used to crop 208 x 208 x
208 patch in the preprocessed CT image-based lung parenchymal area. The step size has been consistent with the size of the
nodule probability map based on network analysis. Based on convolution calculation, an overlap of 32 pixels amongst the
divided blocks have been cropped to eliminate the undesired boundary. At the end, the probability map of the obtained
small image block has been refilled into the CT image space to obtain the final probability based on the same size of the
graph and the input CT image. Each voxel in the probability graph has illustrated the intended area of lung nodule. For the
output result of each small block, the 100 nodules with the highest probability have been retained. Based on summing all
patches to obtain candidate nodules, the candidate nodules with high overlap have merged via non-maximum suppression
(NMS) method with a threshold of 0. 5 for each image. The nodule based on the highest probability has been opted for each
group of candidate nodules in the context of a high degree of overlap. Result 10-fold cross-validation on the lung nodule
analysis 16 (LUNAIL6) dataset has shown that the sensitivity of the proposed model can be reached 97. 13% under the
average of 25. 99 false positives per scan. In the benchmark, the sensitivity has been increased by 2. 53% . The false posi-
tive average value has been reduced simultaneously to achieve high sensitivity low false positive, the average sensitivity val-
ue of the seven false positive rate points has acquired 0. 125, 0.25, 0.5, 1, 2, 4, and 8 respectively. The sensitivity of
the proposed model has reached 0. 940 and 0. 951 respectively under the average of 4, 8 false positives per scan, which is
better than mainstream nodule detection methods. Conclusion In the context of fewer false positives, the demonstrated nod-
ule detection model has improved the detection results of insignificant targets like 3 ~ 10 mm small nodules and proximal
vessel nodules based on non-false positive reduction measures. A precise detection for tiny lung nodules has prior to the
existing pulmonary nodule detection. The setup of an automatic screening system for small lung nodules and a clinical auxil-
iary diagnosis system for lung nodules have been benefited from the research.

Key words: pulmonary nodule detection; attention mechanism; feature pyramid network ( FPN); insignificant target

detection ;10-fold cross-validation
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Fig. 1

Network structure diagram of lung nodule detection
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Fig.4 Histogram of nodule diameter distribution
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RIS W] DAAEAR B 28 5 5 AR A 16 B0 T A B 1Y
TRURREE AR SCR A2 — B Be s 1 A U ik, I 1%
FELITRBIH, KA 0. 125,0.25,0. 5 X LA LAY
TRURR R DR, 28 ISR AE R BH 5 T )5 A R ik, 75 i
— R,
2.8 BT HRMERATHL

6 fifi FH FROC [l 28 X A% SCHR HY 8 il &5 5 46
M5 ¥ attention_ FPN_ RPN Fl1 25 #fE 3 3D faster
R-CNN 7E LUNA16 udlidE b i 24545k W P re k17
TR, AT LLE B, A SO A5 R T fE
AR,
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Table 3 Comparison of the performance of lung nodule detection algorithms based on

machine learning methods and deep learning methods

ik THUIRBE /% SR B/ (FPs/scan) fBEfe 25717 B AL R/ SAR R R
Murphy % A (2009) 85. 60 - 298 256 335. 87
Tan 5% A (2011) 92.90 - 295 686 332.98
Jacobs % A (2014) 36. 10 - 258 075 290. 63
Torres 5¢ A (2015) 76. 80 - 19 687 22.17
Setio 4% A (2016) 90. 10 4.0 - -
Firmino 4§ A (2016) 94. 40 7.0 - -
Setio % A (2017) 96. 90 1.0
Dou % A (2017) 90. 70 4.0 - -
Jiang % A (2018) 94. 00 15.1 - -
Zhang % A (2018) 97.20 4.0 45 939 51.73
Zhu %£ A\ (2018a) 94. 60 54.53 54 346 61.20
HE(2019) 96. 40 608. 7 548 518 617.7
R AN (2020) 95.70 - 41 470 46.7
W45 A (2020) 94. 44 - - -
ZF45 A (2020) 96. 24 - - -
Zheng % X\ (2020) 95. 36 19.13 18 115 20. 40
JRUK ZE45 N (2020) 92. 40 8.0 - -
U_FPN_RPN(7A3) 96. 71 26.97 29 285 32.98
attention_FPN_RPN (4 30) 97.13 25.99 28 363 31.94
e = ER TR

F 4 RE ST A R4 R B b

Table 4 Sensitivity performance comparison of different lung nodule detection methods

SRR AP
Tk

0.125  0.25 0.5 1 2 4 8 CPM
DIAG_ConvNet ( Setio % ,2016) 0.692 0.771 0.809 0.863  0.895  0.914  0.923  0.838
ZENT( Berens % ,2016) 0.661 0.724 0.779  0.831 0.872  0.892  0.915  0.811
Aidence( Lung Nodule Analysis 2016,2016)  0.601 ~ 0.712  0.783  0.845  0.885  0.908  0.917  0.807
MOT_MSLv1 ( Setio 2§ ,2016) 0.597 0.670 0.718  0.759  0.788  0.816  0.843  0.742
VisiaCTLung( Lung Nodule Analysis, 2016)  0.577  0.644  0.697  0.739  0.769  0.788  0.793  0.715
Resnet ( Dou %£,2017) 0.659 0.745 0.819 0.865 0.906 0.933  0.946  0.839
Deep 3D DPN26( Zhu % ,2018a) 0.692 0.769 0.824  0.865 0.893  0.917  0.933  0.842
Deep 3D Res18(Zhu %5,2018a) 0.662 0.746  0.815 0.864  0.902 0.918  0.932  0.834
511 (2019) 0.673  0.739  0.817  0.849  0.880  0.909  0.921  0.827
UK ZE4E N (2020) 0.692 0.782 0.832 0.87 0.889  0.918 0.925 0.844
U_FPN_RPN(A0) 0.687 0.776  0.839  0.878  0.912  0.930  0.945  0.852
attention_FPN_RPN (4 i) 0.678  0.772  0.836  0.884  0.918  0.940  0.951  0.854
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Fig.7 Detection results of different types of nodules

( (a)solid nodules; (b)sub-solid nodules; (c¢)pure ground-glass nodules; (d)juxta-pleural nodules; (e)juxta-vascular nodules)
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Pt T PR T I — S [A) R AL R AR 4
PEAS R RIS RN T 9 . B ST v S E A
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