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Lung nodule segmentation algorithm based on full-scale channel feature aggregation coding
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and decoding network

XIE Shaopeng, WANG Mingquan, GENG Yujie, HUANG Xinyue, SHANG Ran
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Abstract: To address the difficulty in accurately detecting pulmonary nodules of different properties, a full-scale channel
feature aggregation encoding and decoding network (FCFA-Net) is employed to assist experienced physicians in diagnosis.
The network which consists of SMC, full-scale feature aggregator, autocorrelation feature enhancer, channel feature
hierarchy extraction decoder and binomial constraint loss function can fully extract shallow and deep features from CT
images for realizing the segmentation of pulmonary nodules of different sizes and shapes. Compared with UNet, UNet++ and
TransUnet, FCFA-Net increases the accuracy by 9.96%, 7.84% and 3.75%, recall rate by 5.50%, 2.96% and 1.37%, mean
intersection over union by 11.35%, 7.16% and 4.18%, F1 score by 8.07%, 5.87% and 3.10%, respectively. Additionally,
ablation experiment results demonstrate that each structure is effective and can achieve the best result within the acceptable
parameter range.
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Figure 1 Overall structure of FCFA-Net
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Figure 2 SMC and its internal structure

222 EREBMEREAESE X TEFRZSEITLS,
PEWIRZE SR BRI A B2, ERmiS a5
i B 57 2 ) A A S R 2, V3l R A R S —
WAELRYLE R R AR ST — 4 R Bk R G%E B2 7
2, 76 450 8] 44 B 76 46 1 R ARl B o A% e =
A LA O AN 5 s o — B 2 2L Unet % i R
JEE YRR (B BT T AR S BT
LT RAEA R AE B, X7 K
AR PRAT K (R A I TR MR L L

K IE BIURBER AR . I — P75 152 Unet++
P I R B L, th— RS2 G ] B R A
S, B A SR RE A8 4 AH < RS Y 3 SCAR R B4 T il
B I AL 1B 2 i A g, (HR X b 7 2ORE (5 B 8 TP e T
JE AR AT A T

AR SCHR R 10 4 RUBEERAE 5 B AR 45 F T 181 3 TR
Rl A LR SCHE SUE B 2R RS B ERE
Ui B2 5 AL BRI & A O, LR 4%
UG 3 B A S SO B o BRIk =2 A0, R e



- 1504 -

] 22

.

415

JZ AT T LA e R 5 B AL B Bl
for o (R BORIFAE o AR LA a] B O
S U R B SCRHIEAEE E St T 20 2,
#5100 1 B H R P E A e N, B 2R
HOES A APFRTESS ATEER IR (50 18

featurel

feature3

B3 2 REFIERARENE
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Table 1 Comparison among different backbones (%)
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Table 2 Comparison among different feature enhancers (%)

Jrid: KR BER IR FLa4
None 85.67 81.57 75.87 83.57
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Table 3 Comparison among different skip connections (%)

itk KR AEE B3O F144
Kk 95.87 81.58 79.87 88.15
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Table 4 Comparison among different loss functions (%)

PN R HEE ¥R Fl143
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Focal ToU 9221  86.38 82.07 89.20
Focal FB  93.00  85.18 81.55 88.92
Focal Dice 9333  87.24 83.41 90.48
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