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ECT image reconstruction based on multi-scale adaptive
feature aggregation network

Ma Min, Liang Yarong

(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: To address the problems of single capacitance feature extraction scale and low utilization of intermediate layer features in the
image reconstruction process of electrical capacitance tomography based on deep convolution neural network, a multi-scale adaptive
feature aggregation network model is proposed for electrical capacitance tomography image reconstruction. Firstly, a feature enhancement
module (FEM ) is designed by using stacked enhanced selection kernel convolutional module, which adaptively extracts feature
information from multiple scales of the capacitance vector by concatenating multiple FEM. The artifacts caused by using ordinary
convolution is reduced. Secondly, a feature aggregation mechanism is introduced, which uses long and short residual connections to
enhance the correlation of far and near feature information. The problem of insufficient utilization of middle layer features in the network
is solved. Compared with traditional algorithms and CNN algorithm, the experimental results show that the proposed method has better
performance in subjective visual effects and objective evaluation indicators, with the highest image correlation coefficient reaching
0.962 9 and the relative error of the image reduced to 0. 053 0.
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Fig.2  Structure of MAFAN network
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Fig. 6 Imaging results of simulation experiment
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Table 1 CORR of simulation experiment
bk Tikhonov Landweber CNN MAN DCAN SKAN MAFAN
1 0.788 1 0.732 6 0.816 2 0.840 1 0.895 4 0.9333 0.962 9
2 0.705 1 0.685 2 0.798 8 0.8712 0.8439 0.907 1 0.947 5
3 0.441 4 0.443 1 0.788 1 0.846 2 0.859 2 0.886 3 0.928 4
4 0.465 8 0.529 4 0.779 5 0.841 8 0.873 2 0.896 1 0.9352
5 0.5723 0. 606 5 0.814 0 0.870 7 0.869 9 0.903 4 0.9313
6 0.366 6 0.556 1 0.779 6 0.820 6 0.848 9 0.856 5 0.899 6
7 0.686 1 0.714 6 0.794 9 0.8356 0. 861 4 0.891 5 0.919 2
x2 FEIWEGHENIRE
Table 2 IME of simulation experiment
kil Tikhonov Landweber CNN MAN DCAN SKAN MAFAN
1 0.409 1 0.5256 0.360 2 0.312 8 0.144 6 0. 080 2 0.0530
2 0.487 4 0.5218 0.404 0 0.2713 0.257 2 0.126 7 0.083 1
3 0.751 2 0.766 7 0.3839 0.256 1 0.179 1 0.149 0 0.119 1
4 0.754 5 0.586 3 0.453 8 0.2579 0.1615 0.1415 0.093 7
5 0.533 1 0.459 9 0.390 4 0.1750 0.1752 0.123 7 0.100 5
6 0.7813 0.655 7 0.421 6 0.3243 0.288 4 0.202 6 0.139 8
7 0.539 3 0.354 5 0.374 5 0.294 9 0.186 6 0.157 8 0.124 7
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