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Abstract ; Electrical impedance tomography ( EIT) reconstructs the internal conductivity distribution from boundary voltage measurements
induced by current excitation. However, its inverse problem is severely ill-posed. Conventional reconstruction methods generally suffer
from low spatial resolution, whereas deep learning approaches can substantially improve image quality but rely heavily on paired voltage-
conductivity data. This paper proposes a self-supervised learning EIT method with physics-informed priors and coordinate-conditioned
neural representation. Built upon a first-order forward physical model, the proposed method establishes forward and backward cycle-
consistency constraints between the image domain and the measurement domain, thereby enabling network training with unpaired data.
To enhance the representation of continuous image domain and improve target boundary detail recovery, a coordinate-conditioned image
generation network is developed. Specifically, the voltage sequence is reorganized as a pseudo-image for local feature extraction through
convolutional layers, after which conductivity values are predicted pixel by pixel by jointly integrating global voltage features and
coordinate-based positional encoding. In addition, a boundary consistency constraint and an adversarial learning strategy are introduced
to further improve the structural fidelity of reconstructed images. The reconstruction results demonstrate that the proposed method
outperforms other traditional and self-supervised learning methods in target localization, shape recovery, and artifact suppression. On the

simulation dataset, the average correlation coefficient (CC) , root mean square error (RMSE) , and structural similarity index (SSIM) of
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the proposed method are 0.919, 0.099, and 0.812, respectively. Compared with the most competitive baseline in the phantom

experiments, the proposed method improves the average CC by 0.043, reduces the RMSE by 0.027, and increases the SSIM by

0.037 7. Moreover, the proposed method exhibits good robustness under noise conditions and enables high-quality image reconstruction

without paired labeled data.

Keywords: electrical impedance tomography; self-supervised learning; physics-informed neural network; image reconstruction;

coordinate-conditioned neural representation
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Fig. 6  Quantitative evaluation under different noise levels
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Table 1 Voltage mapping error and time of forward

models with different resolutions

L& SR AR R 22 R R/ s
16x16 0. 499 0. 000 285
32x32 0.237 0. 000 695
64x 64 0.130 0.001 300

128x128 0.115 0. 005 150

256x256 0.113 0.017 400
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% £ GREIT ( Graz consensus reconstruction algorithm for

floating-point operations, GFLOPs)

electrical impedance tomography ) . SR ( sparse reconstruc-
tion ) , Deep D-bar, SCNN ( supervised convolutional neural
network ) FI1 CDiffusion 7 EAE XTI ¥:, Horp GREIT 4
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Fig. 8 Image reconstruction results on simulated data
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Table 2 Quantitative evaluation of reconstructed images from simulated datasets

TeD1 TeD2 TeD3

Ttk A W
ccl RMSE | SSIM 1 cct RMSE | SSIM 1 cct RMSE | SSIM 1
TK T 0. 880 0.139 0. 642 0. 814 0. 147 0. 546 0. 827 0. 171 0. 472
SR TeB 0. 888 0.143 0.783 0.838 0.148 0.705 0.792 0.188 0.611
Deep D-bar A ME 0. 920 0. 092 0. 844 0. 899 0.108 0.794 0.892 0.127 0.743
SCNN W 0. 959 0.073 0.822 0.923 0.093 0.774 0.917 0.113 0.738
CDiffusion A 0.915 0.104 0.790 0. 895 0. 109 0.735 0. 881 0.131 0. 655
ST 4 5 i SR 0.952 0.073 0.871 0.913 0. 099 0.814 0.894 0.126 0.752
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Fig.9 Reconstruction results based on experimental data
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Table 3 CC of reconstructed images from experimental data
i ST EH8 Ehlo FEHI10 Bl 612
TK 0.873 0.893 0.764 0.876  0.864 0.850
SR 0.731 0.871 0.696 0.832 0.730 0.735
Deep D-bar  0.900  0.871  0.774  0.867  0.881 0.864
SCNN  0.898 0.876 0.78  0.870  0.761  0.798
CDiffusion  0.879  0.623  0.809  0.867 0.783 0.824
R EE 0.933  0.927  0.869  0.897  0.902  0.887

*4 TRYEEZEGHHARIRE
Table 4 RMSE of reconstructed images from
experimental data

T R REI8 R R0 FME 11 R=E 12

TK 0.124  0.100 0.178 0.121  0.179 0.188
SR 0.174  0.121  0.204 0.157  0.249  0.253
Deep D-bar 0.108  0.106  0.172 0.126  0.151 0.177
SCNN  0.106 0.105 0.165 0.112  0.228  0.204
CDiffusion  0.101  0.185  0.151  0.124  0.203 0.188
friE s 0.087  0.072  0.136 0.104  0.127  0.152

x5 IWHESEEEGHNERELE
Table 5 SSIM of reconstructed images from experimental
data

Tk Rl R=EI8 EElo EBI10 =11 EE 12

TK 0.439  0.655 0.415 0.630 0.424 0.419
SR 0.692 0.796 0.651 0.670 0.540 0.515
Deep D-bar 0.823  0.826  0.679 0.778  0.728 0.675
SCNN  0.799 0.809 0.615 0.759 0.592 0.587
CDiffusion  0.701  0.664  0.669  0.635  0.567 0.550
FrigJrss 0.861  0.879  0.716  0.804 0.759 0.716
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