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High-quality electrical impedance tomography method based on multi-scale
attention and transformer-enhanced U-Net
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Abstract: Due to the inherent local receptive field limitations of conventional convolutional networks, the representation of complex
features in electrical impedance tomography ( EIT) is often restricted, leading to inaccurate reconstruction of inclusion conductivity
parameters and shape distortion caused by the neglect of global distribution information. To address these challenges, this paper proposes
an end-to-end deep learning framework, HiRef-EIT, which integrates attention mechanisms and vision Transformers. Built upon a U-Net
backbone, the proposed method employs hierarchical feature stacking to construct a multi-scale latent space representation. A multi-head
spatial reduction attention( MHRA) module is designed to reduce computational complexity while preserving global modeling capability.
Additionally, a skip bottleneck module combining channel attention and coordinate attention in parallel is introduced to capture the latent
representations of conductivity distribution and inclusion shape from both the channel and spatial perspectives. A decoder unit based on
cross-attention is employed to achieve global-local multi-scale feature fusion, thereby enhancing the model’ s representation capacity.
HiRef-EIT is trained using a large volume of simulated data to obtain optimal model parameters, and is experimentally validated on
diverse complex-shaped phantoms and lung simulation models. Quantitative evaluation metrics demonstrate that the proposed method
achieves a root mean square error (RMSE) of 6. 028 and a structural similarity index (SSIM) of 0. 956, with visual results showing
strong consistency with the ground truth distributions and boundaries. The experimental results reveal that HiRef-EIT exhibits excellent

robustness and generalization. Compared with traditional convolutional imaging models, the proposed method offers a high-quality
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imaging solution for EIT, thus holding significant theoretical and practical value for applications in medical diagnostics and industrial

process monitoring.

Keywords : electrical impedance tomography ; multi-head spatial reduction attention; channel attention; coordinate attention; multi-scale

fusion
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(a) Reconstruction results for complex shapes and multi-phase distributions
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Table 1 Quantitative evaluation indicators for complex shape data

RS Fd 1 A 2 il 3 R 4
RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM
VA-Net 13.835  26.700 0.920 16.165  25.289 0.916 11.835  31.715 0.921 13.950  26.675 0.925
HybridDenseUNet ~ 10.574  29.078 0.933 10.605  28.974  0.940 6.514 31.715 0. 956 5. 827 34.312  0.953
ResAttU-Net 10.823  28.870 0.937 11.681  28.125 0.931 7. 889 31.715 0. 945 8. 128 31.519  0.941
DHU-Net 8. 402 31.048 0.945 9.539 29.886  0.931 6. 158 31.715 0. 960 6.418 33.328 0.952
MAT-UNet 6.988 32.598 0.954 7.829 31.580  0.961 5.765 31.715 0. 960 5.824 34.217  0.952
HiRef-EIT 5. 882 34.074 0. 963 6. 429 33.322  0.963 5.720 31.715 0. 963 5.125 35.412  0.956
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Table 2 Quantitative evaluation indicators for lung experiment data
—— R 1 R 2 B 3 7 4
RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM RMSE PSNR SSIM
VA-Net 20.627  23.156 0.877 21.792 22.704 0. 840 16.447  25.173 0. 847 22.134  22.562 0.829
HybridDenseUNet  10.083  29.379 0.924 12.064  27.915 0.914 12.717  27.427 0. 886 10.202  29.298 0.893
ResAttU-Net 12.530  27.491 0.910 15.193  25.885 0. 892 14.018  26.574 0. 873 12.172  27.756  0.876
DHU-Net 7.942 31.441 0.934 9.375 30. 115 0.930 10.765  28.881 0.902 8.959 30.433  0.907
MAT-UNet 6. 823 32.742 0. 945 7.538 31.973 0. 940 9.612 29. 863 0.910 8.220 31.173  0.916
HiRef-EIT 5.075 35.404 0. 960 5.418 34.780 0.961 7.043 32.603 0.943 7.528 32.001 0.939
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