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Unified modality-aware denoising diffusion probabilistic model for
detecting brain tumors in multiple sequences MRI
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[Abstract] Objective To observe the value of unified modality-aware denoising diffusion probabilistic model (UMA-
DDPM) for detecting brain tumors in multiple sequences MRI. Methods Totally 581 images of brain TIWI and T2WI
from healthy individuals in IXI dataset were used for internal training, validation and testing, while TIWI and T2WI of
1 251 patients with brain tumors in BraTS21 public dataset were used for external testing. UMA-DDPM was proposed,
including masking module, modality-aware module (MAM) and dual domain loss function, and its value for detecting brain
tumors in multiple sequences brain MRI under “single mode” and “unified mode” was observed and compared with
commonly used anomaly detection methods, respectively. Results UMA-DDPM could accurately identify abnormal areas in
MRI, and the generated images had high similarity to original images, with better image quality than other models. The
performance of single mode UMA-DDPM for detecting brain tumors in MRI was the best, while of unified mode UMA-
DDPM was slightly lower, but still better than other models on the whole, and the modal adaptation capability and
utilization of spatial and frequency information were improved. Conclusion UMA-DDPM could be used to effectively detect
brain tumors in multiple sequences MRI under ensuring modal adaptation capability and image information utilization.
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