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2 ZRE5ERSH
2.1 HEE&E

S H E A it (National Lung Screening Trial, NLS) & —I0{E3EE AT KTIMENLZ
U I AR OCHIF ST, 5 NLST i 48 rh il I VF 2 32 R 55 7 2 AN a) S CT 494 . AE AR SO
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XF PR = 4k CT PR AT HUE B G : K CT FHEDFRAE R Lom x Tom x Lmm, CT 52 HU A
IR XA [-1200, 600 , W pd oK HUEARAEAC 2 [-1, 1] R2ANH 2K CT AT N L
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Table 1 The experimental environment

EXS [
BAIERG Ubuntul6. 04. 1LTS
MFHE Python3. 7. 8
AT HEHE PyTorch 1.9.0
CPU Intel (R) Core(TM) i7-7820X CPU @ 3. 60 GHz
GPU NVDIA GeForce GTX 1080 Ti*2 (11 GB*2)
WAF 32GB

2.4 JHfhiEER

ST A B TR T 5 T B A%, AS SR R IR B {E M L (Peak signal—to—noise ratio, PSNR)
S SSIM $e bR AT G IS VY o X PSNR I8 3 R /s g EX Tog 283 U1 (dB), Hirfr MSE A3 77 %
7, PSNR & SR
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O3 3PS A R 45 AT PSNRY SSIM Fihsp iy, ARV 45 R an & 2 Fis

] {5 FH 36 71E 3D U-Net &8 A LL, KA LB 2 WHLER
JR22 314y 32 PSNR 427} 1. 97 dB; %ﬁﬁ$%ﬁ$‘%‘éﬂ Table 2 The results of the experiment
Oy SCAHECTAR 73 300 5 ORI EA W . TBREE & Jiik PSNR/dB SSIM
QUL S, W LA AT I B AR 4 A g R HE4: (3D U-Net) 16. 12 0.8056
W IANE S, FIEMERILARTI T 3. 19dB, iE  PRIX 15.09 0.8375
TSR e me s
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N 4 Fros s ATPEAERAD bR ST 0 B T B2 1, PSNR 3 BERAFEON —BUREEA, UEW] TA
ST RIS S L BAT — 58 At o

® 3 ERIIN L X NN E Y RO S
Table 3 The attention contrast experiment Table 4 Comparative experiment of similar methods
T PSNR/dB SSIM ik PSNR/dB
SE 19. 11 0.8479 NoFoNet 18. 21
CA 19. 31 0.8513 AL 19. 31
(a) BN M) 4,-3 (¢) 1,-6 @ 4, =12 (&)t =24 () BHE (1,=6)

1

(g) N (h) t,=3 (i) t,=6 ()t =12 (k) t,,=24 (1 HIF (g,
(m) N (n) t,=3 (0) t,=6 (p) t,=12 (@) t,=24 (r) HFs (1, =24

B3 N T ) g NN ) il 4% PRI

Fig.3 Lung nodule images based on time interval predictions
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Predicting Lung Nodule Growth with Shape
Transformation and Texture Learning

MA Li', HUANG Dehuang’, WANG Yanfang'™

1. Zhongshan Yangshi Technology Co., Ltd, Zhongshan 528400, China
2. Zhongshan research Institute, Beijing Institute of technology, Zhongshan 528400, China

Abstract: While artificial intelligence has achieved considerable maturity in lung nodule detection, research on growth
prediction remains limited. Accurate growth prediction aids clinical decision-making, informing patient follow-up strategies.
This paper proposes a novel nodule growth prediction network model that generates high-quality lung nodule images at
specific time intervals. The model employs a two-branch structure for feature extraction. One branch, leveraging a
displacement field prediction mechanism, models the shape transformation of pulmonary nodules through voxel-level future
displacement estimation. The other branch, empowered by a three-dimensional U-Net, focused on learning texture changes
within the nodules. A coordinate attention mechanism that emphasizes informative features within the extracted high-
dimensional feature map. Subsequently, the outputs of both branches are fused and fed into the feature reconstruction module
to generate the final lung nodule growth prediction image. Furthermore, a time interval coding module is introduced to
incorporate the desired time interval into the network, enabling the generation of prediction images for different future time

points.

Keywords: lung nodules; growth prediction; displacement field; time interval coding
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