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image data are crucial for the diagnosis level of doctors. Compared with traditional diagnostic methods, deep learning mod-
els can automatically identify and process large-scale image data, improving the efficiency and accuracy of diagnosis. How-
ever, forming large-scale and high-quality datasets still faces many challenges due to privacy protection regulations and
high acquisition costs. These factors limit the amount of data required to train a deep learning model, affecting the perfor-
mance of the model. Existing data generation techniques exhibit limitations when dealing with data from low-quality and
diverse sources. In particular, these techniques experience difficulty in achieving ideal results in the quality of generated
images, especially in generating subtle lesions and ensuring image clarity. This limitation not only affects the ability of the
model to identify detailed lesions, but also limits the ability of doctors to use the generated images for accurate diagnosis.
Therefore, this study proposes a data generation method that combines image enhancement and self-attention mechanism to
improve the generation quality of active pulmonary tuberculosis image data. This method not only performs well in improv-
ing image clarity but can also effectively enhance the expression ability of the generated data for subtle lesions. Method
First, we use a cycle-consistent adversarial network (CycleGAN) to enhance the original low-quality source data. Cycle-
GAN uses two generators and two discriminators to ensure transformation consistency between the source domain and target
domain through the cycle consistency loss function, improving the quality of image data in an unsupervised manner. Then,
image-to-image translation with a conditional adversarial network (Pix2Pix) was used for data generation. Pix2Pix gives
more attention to image-to-image mapping and makes the generated image as close as possible to the real image through the
cooperative work of the generator and the conditional discriminator. This scheme provides special attention to the matching
of data samples and their detail processing, enhancing the accuracy and fineness of image data. At the generator design
level, this study uses the U-Net architecture and integrates the residual module with a self-attention mechanism. The U-Net
architecture enables the model to effectively use the information of each feature layer through a symmetric encoder-decoder
path, enhancing the model’ s ability to learn the features of images with different resolutions. Combined with the self-
attention mechanism, the residual module significantly improves the model’ s ability to perceive and process image context
information and detail features. For the discriminator part, this study adopts the PatchGAN architecture, which focuses on
analyzing the local features of an image. PatchGAN can finely detect the details of an image by dividing the image into mul-
tiple small blocks and discriminating authenticity separately. This study also uses the parametric rectified linear unit activa-
tion function, which can adaptively adjust the negative slope, endowing the model with better nonlinear expression ability
in the process of backpropagation to improve the image discrimination performance of the discriminator. Result To verify
the effectiveness of the proposed method, experiments are performed on the self-built and public mixed datasets, and the
results are compared with those of mainstream methods. In the data generation experiment without image enhancement pro-
cessing, the data generation effect of the proposed method is 1. 38% and 2. 15% higher than that of the second performing
method in the peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) indicators, respectively, while
Fréchet inception distance (FID) is reduced by 10. 70%. These results show that the proposed method exhibits significant
advantage in terms of image quality. In the data generation experiment after image enhancement processing, the PSNR and
SSIM of the proposed method are increased by 0. 52% and 1. 05%, respectively, while FID is reduced by 2. 01% compared
with the other methods. These experimental results further prove the effectiveness of the proposed method in improving the
quality of image data generation, particularly in the generation of subtle lesions and the improvement of image clarity.
Conclusion In general, the data generation method that combines image enhancement technology and self-attention mecha-
nism proposed in this study effectively improves the overall generation quality of CT image data of active pulmonary tubercu-
losis. By processing low-quality source data and extracting the fine features of the generated data, the proposed method not
only improves the generation ability of subtle lesions, but also significantly enhances the definition of the generated image,
overcoming the limitations of the existing generation technology in dealing with complex medical image data.

Key words: data generation; image enhancement; active tuberculosis; self attention mechanism; CT images; CycleGAN;
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Fig. 3 Residual module of integrated self-attention mechanism
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Fig. 4 Comparison results of image enhancement processing

((a) real CT;(b) MUNIT; (¢) CycleGAN; (d) DC-CycleGAN; (e) DCC-GAN; () ours)
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Fig. 6 Comparison map of complete CT results generated ( (a) mask; (b) real CT;(c) MTI-GAN; (d) GL-MR-GAN; (e) ours)
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Table 1 Image enhancement preprocessing results on different datasets

) EREL€/TE S APIRVEITE S HERER G/ HE S
ok MAE PSNR/dB SSIM MAE PSNR/dB SSIM MAE PSNR/dB SSIM
UNIT 0.08431 24.10351 0.69187 0.08794 24.07128 0.67137 0.08541 24.09431 0.68320
CycleGAN 0.06152 2424951 0.77946 0.06924 24.16548 0.74524 0.06749 2421917  0.764 96
DC-CycleGAN 0.03569 24.79840 0.84811 0.03856 2454810 0.82479 0.03698 24.668 11  0.837 92
DCC-GAN 0.03501 24.80249 0.83984 0.03673 24.67481 0.81461 0.03525 2470456 0.82851
AL 0.03293 25.03126 0.86899 0.03410 25.00148 0.84629 0.03307 25.01485 0.859 49
T IR R 7R 25 91 e A2
®2 ETAETEGEEHRAENRESBREENER
Table 2 Generation results based on the mixed dataset without image enhancement preprocessing
i 2f CT
Tk
FID PSNR/dB SSIM FID PSNR/dB SSIM
MTI-GAN 0.045 77 25.362 66 0.848 33 0.048 81 25.285 50 0.831 55
GL-MR-GAN 0.049 88 2421592 0.805 09 0.051 18 24.096 73 0.784 20
AL 0.041 59 25.693 15 0.868 23 0.043 59 25.634 80 0.849 40
T R TR R % 5 e LA 2R
®3 ETHRIERGEETAENESHIEEERER
Table 3 Generation results based on the mixed dataset pre-processed with image enhancement
i cT
Tk
FID PSNR/dB SSIM FID PSNR/dB SSIM

MTI-GAN 0.040 22 25.741 87 0.876 43 0.043 20 25.648 11 0.86551
GL-MR-GAN 0.047 45 24.561 47 0.825 19 0.050 31 24.348 09 0.813 18
AL 0.039 77 25.948 15 0.881 89 0.041 33 25.781 66 0.874 56
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