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Abstract: To address the challenges of inadequate spatio-temporal feature modeling and poor
robustness in complex scenarios for non-contact blood oxygen saturation (SpO,) measurement
using remote photoplethysmography (rPPG) , a trend-aware spatio-temporal fusion network
(TAST-Net) was proposed. The proposed network adopted an innovative dual-branch fusion
architecture that synergistically fused local physiological features extracted by a 3D convolutional
neural network (3D CNN) branch with global spatio-temporal dependencies captured by a video
vision transformer (ViViT) branch. To enhance the model’ s sensitivity to signal dynamics, a
weighted composite loss function combining mean squared error (MSE) and Pearson correlation
loss was designed. Experimental results on two public datasets demonstrate the superior
performance of TAST-Net. On the pulse rate estimation (PURE) dataset, it achieves a root mean
squared error (eqys) of 0. 53%, a mean absolute error (e,,,) of 0. 37%, and a Pearson correlation
coefficient (R) of 0.96. On the more challenging visual information processing and learning-
heart rate (VIPL-HR) dataset, the enys, ews» and R reach 0.84%, 0.57%, and 0. 82,
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respectively, outperforming other comparative methods. These findings indicate that TAST-Net
provides an effective solution for accurate and robust SpO, estimation from facial videos and
validates the advantage of integrating local and global features in rPPG signal processing.
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Table 1 Blood oxygen saturation estimation results of different models on PURE dataset
PR Crus/ 0 eyl % R ZHEL/10° FERH R/ (ms - i)
3D-CNN 6.13 5.89 0.25 13.33 1.182
MultiPhysNet 0.91 0.72 0. 86 0. 88 0.153
ITSCAN 1.72 1.36 0.73 22.48 0. 194
MMFM 0.89 0. 66 0.87 0.74 0. 077
Our TAST-Net 0.53 0.37 0.96 3.24 0. 149
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Table 2 Blood oxygen saturation estimation results of different models on VIPL-HR dataset

iR Cans/ %0 eyn/% R SH/10° B/ (ms - ")
3D-CNN 2.62 2.42 0. 63 13.33 1.182
MultiPhysNet 0.90 0. 66 0.80 0.88 0.153
ITSCAN 1.14 0.72 0.70 22.48 0.194
MMFM 1.16 0.87 0. 59 0. 74 0.077
Our TAST-Net 0. 84 0.57 0. 82 3.24 0.149
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