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Abstract: Objective To propose a novel method based on three-dimensional depthwise separable convolution network (3D DSN)
for the separation of PET images with dual tracers of *F-FDG and "*F-FAPI. Methods A total of 120 pairs of "*F-FDG and "*F-FAPI
PET images of the same patient scanned separately at different time points were collected, and the dual-tracer PET image was
generated through simulation. After the image registration of PET images of two tracers for ensuring spatial position matching,
the registered PET images were forward-projected to generate sinogram data, and the sinogram data of two tracers were accumulated
to obtain mixed sinogram data. Subsequently, the dual-tracer PET image was reconstructed using maximum likelihood expectation
maximization and input into a 3D DSN based network for image separation, thereby obtaining PET images of two single tracers.
Results Compared with 3D CNN method, the proposed method increased the structure similarity index measure (SSIM) of the
separated "*F-FDG images to the real *F-FDG images by 0.87%, increased the peak signal-to-noise ratio (PSNR) by 11.8%, and
reduced the normalized root mean square error (NRMSE) by 52%. The SSIM of the separated '*F-FAPI images to the real "*F-FAPI
images increased by 1.1%, PSNR increased by 17.0%, and NRMSE decreased by 51%. Conclusion The proposed method can
be effectively applied to simultaneous PET imaging with dual PET tracers, reducing the number of scans and costs in time and
money, and providing clinical doctors more accurate and abundant diagnostic information.
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Figure 1 Flowchart of PET image registration based on CT images
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Table 1 Evaluation metrics for generated images compared with ground truth images
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