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Abstract

A hybrid approach employing both the Genetic Algorithm and the Newton-Raphson Method is
proposed for the electrical impedance computed tomography(EICT) image reconstruction. Com-
putational experiments based on the new concept have shown promising results for several noise—free
models. In particular, the resistance distribution of the tested models having resistivity ratio up to
1000:1 has been reconstructed successfully. Using the proposed method, it is also possible to get the
reconstructed images for the models having various shapes of internal cavities that usually make the
reconstruction by the conventional iterative approaches be difficult to converge to a robust solution.
If the computing power is enhanced further, the proposed method is expected to stimulate the practical
applications of the EICT technology in the near future.
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385.60 10590 52030 417.90 17250 351.60
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14999 146.14 14324 51512 76.85 1.00
1.00 26005 6497 64.38 0.75 1.00
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1.00 1.00 1.00 1.00 1.00 1.00
(g) final solution converged in 2nd NRM
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