Bart 11 T B 2k Vol.41 No.11
20244F 11 H Chinese Journal of Medical Physics November 2024 _ 1361 —

DOI:10.3969/j.issn.1005-202X.2024.11.007 E 52

B & T M AR TR TR R

K Aus Al ﬁri}i%ﬂi‘ 23R o2
LRl T2 LS (5 B T B;n Y95 Pl 2260005 2. 730 i1 HE LI PE L 5 25 1104 B 5 306 %8, V95 9 2260005 3. B3 i

KEFAG BB AR =B, 115 r'ﬁﬁ 226000

[FEZ 4T3t 30 CT B4 4 30 A2 7R B 4 A il [ A 64 [9) 40, 48 i — AP 8 R & AR e TR M %, ”‘E?ﬁ‘b AL SIS Y8
JEAFAERR G A AR T3 £ T M4 1R 8 F 5 09K B A A0 Fe i BAFAE , ) B R R R B 7T 4 B B ARAY 22 M K32 B4 A4S
B R, HEBEAIH BN LT RE T 5 &R0 7 Gt AT A 2 5, K A4 Sk & Lung -PET-CT-Dx #=
Lunal 6 #4845, FRILAREF N, A R 0045 8 @ £ 5o mAPAL T IA *F b6 Fok | 3B A U ok 42 il 245 3 Ad ]

éﬁ'ﬁtﬁ‘]‘io
[RBIR ) AR 45 IR T 5 B A ARAY E M 4 125 AR S AE2 5255 B AR
[FE 42 ]R318;TP391.4 [ xEkiRER)A [x2E=42)1005-202X(2024)11-1361-09

Efficient attention feature pyramid network for pulmonary nodule detection
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Abstract: To address the challenge of unclear features and difficulties in pulmonary nodule CT image detection, an efficient
attention feature pyramid network is proposed. The network firstly employs a feature pyramid of multi-scale feature fusion as
the backbone network for effectively preserving both low- and high-level features, and uses the depthwise separable
convolutional neural network to extract feature information. Then, the attention mechanism is integrated into the backbone
network for assigning weights to salient feature information. Finally, the proposed algorithm is applied to Lung-PET-CT-Dx
dataset and Lunal6 dataset, and the experimental results demonstrate that the proposed algorithm has higher precision, recall
rate and mAP value than the existing comparative algorithms, substantiating its superiority in pulmonary nodule detection.
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Figure 1 Feature pyramid network
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Figure 2 Attention mechanism gate structure
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Figure 3 Overall network structure
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Figure 4 Depthwise separable convolutional neural network
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Figure 5 Feature pyramid network fused with attention mechanism
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Figure 6 Improved attention mechanism gate structure
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Table 1 Results of 10—fold cross—validation on the dataset
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3.5 HELLIE

Sk UE BH A SCR 5 0 A RO B N 286 1 e S 43
HEAT I BlSE 56, SC B 25 2R FE Lung-PET-CT-Dx 45 45
e, P RRIE A TR AR AR S TS SR A
TR 2% (ResNet50) FITR BE AT 43 25 45 B 45 43 il A
FRIEPEEES , AM O TER I ALGIRE . a2 2 Tl
TR VRRAIE 4 35 0 4 R ik 2 45 B 45 (1) 4L A5 76 )
B SRR/ B KT 3 2 AR 4 7 3 I 2 R
JFE ] 3 B 6 BN 2% i A1 & E B R B ] 43 2 46 BRI
BB SRAE M 4 S8, vk 3TERE 1 LA
INIE R TIHLH, BRI 4 S5O0 NG R Tt (A 2
TE mAP A A LSS VA BRI s  IE I E R )
BLTI AT DA 40 v Bk A A DU MR 1 o AR SOOI R

FHREE AT 43 1 26 BRI 46 T 1 332 28 S AL A 4 F 42 5
B 00 24 B %, 2B BRI T ) B 3 A BRI R L
FEARJE ALY, (EIE N ) 25 S 50K/ N mAP {5
05 T HV R B b A Bk . PR 3 a3 kS 56 eT DAGIE
A SCRVA A BT G S e e A IR A 3 7t
3.6 Xtk

o i — 25 F AR SC B A b e R 1 AR R
£ B 7E Lung-PET-CT-Dx #l Lunal 6 544 - 5804
M BEN T HEAT A, S SR S5 SR e 3 MK 4 iR .
% 3 J A [A) 31 £E Lung-PET-CT-Dx 304 4 [ %k
500 %8 (1 525G 25 5L, Sl 2 H 55 nl 0 AR SCRE Ik RS
AR mAP@O.5 Hl mAP@0.5:0.95 {8 2 K & Al , A
Pl SOk [16 ] 55 1k oK B 452 74 27.51%, A 1] S 42 Tt



- 1366 - BRIES VR 22y Bl S FHa1%:
F2 TRIEEMMEEELER
Table 2 Performance comparison among different algorithms
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Table 3 Experimental results on Lung—PET-CT-Dx dataset
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Table 4 Experimental results on Lunal6 dataset
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Figure 7 Detection results on Lung-PET-CT-Dx dataset (A values indicate the precision of detecting as adenocarcinoma

detection, B values indicate the precision of detecting as small cell carcinoma)
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