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Abstract

Brain diseases are associated with high mortality, making accurate diagnosis essential. To improve diagnostic
accuracy, this study proposes a customized 3D ResNet designed to directly predict 5 physiological parameters of the
QQ model. The proposed model consists of 1 input layer, 4 Residual Blocks, and 1 Conv3D output layer, enabling
simultaneous learning and estimation of multiple parameters from 8 TE signals and QSM values. Within each
Residual Block, Conv3D-Batch Normalization-ReLU operations are repeatedly applied, and channel mismatches are
corrected using a 1xI1x1 Conv, allowing stable learning from complex multi-channel inputs. Experimental results
demonstrate that the proposed model outperforms conventional 3D CNNs. In particular, the RMSE of oxygen
saturation, which is used in OEF calculation, was improved from 2.31 to 1.94.
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