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Image reconstruction for electrical impedance tomography using
radial basis function neural network optimized with adaptive particle
swarm optimization algorithm
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Abstract : Image reconstruction with electrical impedance tomography (EIT) is a highly nonlinear, underdetermined and morbid inverse
problem. Since traditional methods cannot achieve high accuracy and the reconstruction process is usually time-consuming, a radial basis
function neural network based on adaptive particle swarm optimization ( APSO-RBFNN) method is proposed and used for the image
reconstruction. 15 000 simulation samples are established through numerical simulation, which are divided into the training set and test
set. After network training, the image correlation coefficient (ICC) on the test set is 0.95, and the simulation results verify the
effectiveness of the proposed APSO-RBFNN method. When the Gaussian white noises of 30, 40 and 50 dB are added to the test set, the
ICCs are 0.90, 0.92 and 0. 93, respectively, which proves the robustness of the proposed method. The reconstruction results for the
samples with more targets show that the proposed method has good generalization ability. In addition, the experiment data test results of
an 8-electrode EIT system show that the proposed APSO-RBFNN method has better image reconstruction results compared with the
Tikhonov and RBFNN methods.
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Fig. 1 Operation structure diagram for RBFNN
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Fig.2 Learning algorithm flowchart for RBFNN
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Fig.3  Optimized flowchart for APSO algorithm
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Fig.5 Some models and reconstructed images in the noiseless test set
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Table 1 Averages of RMSE and ICC in the noiseless test set

SHE Tikhonov RBFNN APSO-RBFNN
RMSE 0. 137 0. 096 0. 084
Icc 0. 804 0. 902 0. 947

M 5 %0, 5 Tikhonov #1 RBFNN J5 4 H , APSO-
RBENN J5 ik 10 SR O3 fe b, B B0 19 Eh % 2 PR e
71, APSO-RBFNN J7 i A A b s e 7[RI 5 bR 8947
B E Wb R R T RIE BARR RN, 1 AR R
B, 74 3¢ APSO-RBFNN J7 % H A 5 /N RMSE ( RMSE =

Model 2
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Fig.5 Some models and reconstructed images in the noiseless test set

®2 HREKES RMSE FHE
Table 2 Average of RMSE in the noisy test set

RMSE V351 e 50 dB 40 dB 30 dB
Tikhonov 0. 137 0.177 0.232 0.255
RBFNN 0. 096 0. 099 0.105 0.139
APSO-RBFNN 0.084 0. 086 0. 099 0. 108

®3 TEEUKES ICC EHE
Table 3 Average of ICC in the noisy test set

ICC F¥{A ToM s 50 dB 40 dB 30 dB
Tikhonov 0. 804 0. 684 0.508 0. 431
RBFNN 0. 902 0. 898 0.855 0.816
APSO-RBFNN 0. 947 0.931 0.918 0. 894

ASCH APSO-RBFNN J5 iE AU B HA — & bt
WERE ST, M HLIA BR B — B M2 AL RE T, RERSIE N T £
H ARG AT B0, PH I Kl 4 T 46 SR A 4~ 6 4[]
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2 H bR AR v — S R0 D (% i e 2 SR an el 7
B, 2 4 Fim AR B bR 55T 45 59 RMSE 1
1CC Y1, 40 ] APS-RBFNN J5 4 7647 9 £ H AR Al
G, A7 SR AT DA ERf H 5 R A I H bR i 47 B R A I
TH AR R B bR T R B, T EL, XF R ) RMSE i
1CC ¥R BAT oM BAR A 45 51, R e & B
FEAR X 2 A< 3C APSO-RBFNN 75 5 H A A48 1972
fbfE S,
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Fig. 9 Some models and reconstructed images in the experiment data
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Table 5 Averages of RMSE and ICC reconstructed

from experiment data

Sl Tikhonov RBFNN APSO-RBFNN
RMSE 0. 191 0. 155 0. 106
Icc 0. 625 0. 744 0. 867
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