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Abstract: A two-stage-based generative adversarial network incorporating contextual transformer is proposed for synthesis and
multiclass classification of pulmonary nodules. Contextual transformer adopts a channel-enhanced multi-head contextual
transformer mechanism which combines channel attention and multi-head contextual transformer to better deal with the complex
semantic relationship in the feature space, thereby effectively enhancing the feature extraction capability of the model. A two-stage-
based generative adversarial network framework is used to achieve the injection of pulmonary nodules in the designated lung area,
and divide the synthesis task into two stages. In the first stage, pulmonary nodule regions of interest images are generated and then
fused with designated lung parenchyma through a Poisson blending module to generate preliminary samples; in the second stage,
an improved CycleGAN model is used to fine-tune the preliminary samples. Meanwhile, the skip layer excitation module and
auxiliary classifier are introduced into the discriminator for realizing the re-correction of the feature channel and the classification
of pulmonary nodules. Experiments on LIDC-IDRI dataset reveal that the proposed method has a FID, IS and KID of 115.153,
2.619+0.095 and 0.062 on pulmonary nodule synthesis, and achieves an accuracy, sensitivity, F1 value and AUC of 70.23%, 68.66%,
68.92% and 87.59% on pulmonary nodule malignancy classification, respectively, outperforming GAN-based classification models
such as ADGAN, as well as benchmark networks such as VGG16.
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Table 1 Data distribution of samples
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Figure 8 Pulmonary nodules generated by each model
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A AL RS A SC 2 75 ¥ TS-PNGAN 18 3 P
Wi s LRI R4 )1, I 4E FID W43 LS
ISR . Zr LA Re s R I Sk Re 2 ol
TS-PNGAN RE S i Bl 4 B 2025 #4085 AT 55 A T 95
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Table 2 Quantitative evaluation of each model in pulmonary

nodule synthesis

H5iAE FID IS KID
ACGAN 170.179 2.207+0.112 0.136
LSGAN 185.213 1.998+0.077 0.159
SAGAN 168.015 2.585+0.123 0.128
FastGAN 164.105 2.653+0.099 0.121
F&BGAN 169.449 2.61040.169 0.127
ADGAN 123.943 2.604+0.159 0.061
TS-PNGAN 115.153 2.619+0.095 0.062

AN, it — D VPAG & AR R A PERE , B
PRSI ZH 2T A 1] R, S 56 LABEAI LI 1] 6 {7
BB A= PR U BEHLIE R 40 S B Sl Zs 15 RHE A1 40
A BUIAS T R ICRR B AR B BORPEAS i A il 45
MG I R WS LSRR A R . 44
TR AR B A XA e R PP A 17 O B AN , I HLAE S5
HIANSE B SR BUREAS . T i o 45 B AU Y
AERCERE, T T ] Y LE % ( Accuracy, ACC) |
ELFA R (True Negative Rate, TNR) |, ELBH A48 ( True
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Table 3 Visual Turing test evaluation of each model in pulmonary

nodule synthesis (%)

HE A ACC TPR FPR TNR FNR

1 75.0 67.5 17.5 82.5 32.5
ACGAN
2 66.3 62.5 30.0 70.0 37.5

1 78.8 72.5 15.0 85.0 27.5

LSGAN

2 68.8 60.0 32.5 67.5 40.0

1 61.3 52.5 30.0 70.0 47.5
SAGAN

2 62.5 57.5 32.5 67.5 42.5

1 60.0 47.5 27.5 72.5 52.5
FastGAN

2 61.3 52.5 30.0 70.0 47.5

1 71.3 67.5 25.0 75.0 32.5
F&BGAN

2 65.0 62.5 32.5 67.5 37.5

1 52.5 47.5 42.5 57.5 52.5
ADGAN

2 55.0 45.0 35.0 65.0 55.0

1 51.3 42.5 40.0 60.0 57.5
TS-PNGAN

2 53.8 45.0 37.5 62.5 55.0

%3 B R, X T ACGAN. LSGAN. SAGAN,
FastGAN .F&BGAN ,ADGAN H1 TS-PNGAN, it 5 F}
P& A= T B 53 24 LS R R AR i UG 1 T 4 1 Al 2
B K 70.70%. 73.80%. 61.90%. 60.70% . 68.15%.
53.75% F152.55% . 5 HABAARAR LL i ) s A 7
A% TS-PNGAN i, H: 1F B 18 591) B0 52 EME E 43 Eb DA
KOE AR A RS A A3 e 34 A I R [, 3R W
JIT 4 T35 Bl T R ZH A Y A i %) 285 745 AE LB T
S USSR B A TE AU 8 AR S R B X
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VGG16 . DenseNet  Inception V3 1432 PEREVE X HE

3r#r e Hid  FF-VGG19 J2& & Je il GAN #4704
B SRR R EEET R T VGG19 14328 0 45 S 30 il
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0 % T A A 1T (0] AT 55 A 28 Sk . T AR Y
S, HIE WO A BT B LS T R B 40025 R
TR LA BN T —E Bk

RN R FH AT 28 IR E , BB AE M
2zt R ACC | R U (Sensitivity, SEN) (F1 {E A
K £ T T AR ( Area Under Curve, AUC) ) {EL X} 45 i Y
PEREMEA T8 VP4l 45 R WL 4 iR, kg4 0L
F i, TS-PNGAN 7£ ACC . SEN FIF1 #5F5 b th,
50} B AR EL , BB T v M R 15X 4 RS AL Y
P, PR EE AR A MR M T S . X ACGAN
FI ACGAN-Xu 1] A& B, F SR I R AU A5 R SEAS A [A] ,
A5 # R B4R, X &P ACGAN-Xu I Il 24 &
FH 2828 HMIT 4 15 FE A B , 1 fiE TS AL SR A il 21 1Y
KA B PR 2% U MESE . Ak, A ACGAN
ACGAN-Xu . ADGAN 71 TS-PNGAN 5 HoAh 4 Fh L i 43
R (1) R 28 ZE AR AT LA 2 BR, B ARG BE LT GAN B Y
)0 1) gt 5 A R X T Ay 7 B (E e AR SR Y
R, XE— B LA T GANBIRI I ZRENnE
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Table 4 Performance comparison among different models

in pulmonary nodule malignance classification (%)

Y ACC SEN FIff  AUC
ResNet-50 61.01  59.14 5883  81.84
VGG16 60.88 6029 5879  81.16
DenseNet 61.22 59.20 58.27 81.50

Inception V3 63.36 61.89 61.27 84.47
FF-VGG19 66.98 62.52 64.11 84.92
ACGAN 62.39 62.27 61.30 85.19
ACGAN-Xu 66.29 66.79 65.43 87.44
ADGAN 68.76 67.56 67.54 87.78
TS-PNGAN 70.23 68.66 68.92 87.59
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FEAE N A A R B IRE HE B, W 9 R . it & 9
AL DL B, 55 A b PR ST 2800 (AR A B g o IR
SIIE O E5 6 HE A 45 I ERASKE TR 25 AH I
(1) il 235 45 BEAS EL A AR LA R AR A, 3 2 FE AR L
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Figure 9 Confusion matrixes of pulmonary nodule classification
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Table 5 Quantitative evaluation of ablation study

LAY FID IS KID
Gror 51.001  1.715£0.050  0.160
Gt CEMCoT 43242 1.981+0.076  0.128
GrotCEMCOT+L, . 43.080  2.108+0.086  0.125
FTM - CEMCoT 129.333  2.558+0.151  0.078
FTM+CoT 120.052  2.621£0.119  0.064
FTM+CEMCoT 115.153  2.619+0.095  0.062
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