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Abstract ; Considering the advantage of visualization and non-invasiveness of electrical impedance tomography (EIT), it's broadly
applied in industrial and biomedical fields. However, due to the highly nonlinear and ill-posed nature of inverse problem, numerical
imaging methods face spatial resolution limitations. These limitations are especially evident in multiphase media distributions, where
current EIT technology encounters boundary distortions and conductivity errors, thereby affecting the final imaging accuracy. To address
mentioned issues, this paper introduces a learning-based model for EIT reconstruction, referred as MAT-UNet, which is mainly
composed of U-shaped backbone and optimized multi-head attention block. The MAT-UNet integrates convolutional block attention
module (CBAM) in the Encoders for feature extraction to construct the spatial and channel latent feature. In addition, the Squeeze-and-
Excitation Vision Transformer (SE-ViT) is introduced in the skip connection between Encoder and Decoder, which optimizes the global
feature learning. Also, the Multi-Head Cross-Attention (MHCA) module facilitates multi-scale information fusion between the encoder
and decoder. MAT-UNet is trained on extensive simulation data to obtain optimal model parameters and is experimentally validated on
diverse complex shapes and lung simulation models. The quantitative evaluation metrics indicate that this method achieves a Root Mean
Square Error (RMSE) of 2. 315 6 and a Structural Similarity Index (SSIM) of 0. 943 7 in reconstructed images. The visualized results
closely match the true distribution and boundaries. Experimental outcomes demonstrate that the proposed MAT-UNet model exhibits

robust performance and generalization capability. Compared to traditional single convolution structures, the integration of the Transformer
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structure provides more accurate EIT image reconstruction, presenting significant potential and value in non-destructive measurement and

detection applications.

Keywords : electrical impedance tomography; convolutional attention mechanism; SE-ViT connection; multi-head cross-attention

mechanism; U-shaped convolutional network ; non-destructive measurement
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Table 1 Reconstruction metrics for multiphase conductivity media distribution ( RMSE and SSIM)
R — A~ LAY = B Y
ALY
RMSE SSIM RMSE SSIM RMSE SSIM RMSE SSIM
TR 14.194 5 0.654 3 16.908 4 0.5216 17.827 1 0.628 6 15.109 8 0.643 0
VD-Net 6.924 9 0.716 5 7.568 0 0.684 4 7.489 4 0.718 0 7.2415 0.713 1
VA-Net 4.254 17 0.768 9 7.507 6 0.7259 5.628 9 0.751 6 4.986 1 0.742 8
TransUNet 4.2135 0.864 0 6.465 2 0.8517 4.916 8 0.854 6 4.712 4 0.857 3
Restormer 3.991 2 0.870 2 6.207 6 0.865 1 4.768 9 0.863 4 4.501 7 0.862 9
ResAttU-Net 3.979 8 0.879 7 5.973 4 0.869 0 4.5217 0.868 7 4.259 0 0. 869 4
MAT-UNet 3.942 1 0.891 6 5.608 6 0.881 6 4.1219 0.890 5 4.0219 0.882 5
4.3 MELEEREELE
%%ﬁéﬁﬁ?—/\m% 16 AN HLHR 9 EIT B3 3R
GORWCERE , XS BN BOE 507 BRI B A — 2, H
HKIEEAE 0.19 m, L 0.06 S/m HL S F A K I AE N
P—8 5 (RIEI RS ) | I FHA HLB B He R A UL R
BB (N &P RRE R 1077 S/m) . LH &
i 8 pion KR L R GERA 70 dB AYfEIRLLAN 14 {0
B LR R, LK 4.5 mA FIT 100 kHz BB HLIE . 1%
ARG LA IS FPGA 45 A 807/ B e 8 ST
HL R 45 il B YR ( voltage controlled current source, Fig.8  Experimental equipment
VCCS) 74 il 1 ] A8 34 £5 5K 4% ( programmable gain
amplifiers, PGA ) DL N2 T+ AL A L, 52 96 45 2R an &1 9 TESLH BT Z A SRR R 5, B eI

iR,

MAT-UNet 7E5EFRNH PR BAEREAECR . VNS0 AR SL 8

Restormer

Restormer

JK A AR A TR(X,) VD-Net VA-Net TransU-Net
it
o
(a) N5 Lo K B il 8 92
(a) Lung experiments without heart
JK AR TR(X,)_ VD-Net VA-Net TransU-Net
' .
£
B
bl
]

(b) L JEE B Jif 38 077 3

(b) Lung simulation with heart

IO Sl LR P T A A 25 R I — P B TR A1)

ResAttu-Net

ResAttu-Net

Fig. 9 Image reconstruction results from experimental measurement data

(All the results are the reconstructed images after normalization processing )
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