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Effects of model parameters on image reconstruction of convolutional
neural network electrical capacitance tomography
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Abstract ; Convolutional neural network ( CNN) is applied in the image reconstruction of electrical capacitance tomography (ECT)
gradually due to its strong nonlinear fitting ability. Aiming at the hyperparameter regulation problem of CNN model, this paper
investigates the effects of the model parameters on the image reconstruction results of ECT. Firstly, a dataset of “capacitance matrix-
particle concentration distribution” with 80 000 random flow patterns and 40 000 typical flow patterns is established with numerical
method, then the CNN models with various hyperparameters are trained and validation through the training set in the dataset. The effects
of the network hyperparameters, including the network initialization, grid density, number of the convolution kernels, number of the
neurons in the fully connected layer and the structure of the hidden layers, on the image reconstruction accuracy are systematically
studied. Further, a test dataset composed of 12 000 extra generated flow patterns is utilized to evaluate the performance of the CNN
models. Static experiments were performed to compare and analyze the image reconstruction quality with various CNN models. Results
demonstrate that the structure of network hidden layers has a relatively great effect on the image reconstruction accuracy, while the
network initialization, grid density, number of the convolution kernels, number of the neurons in the fully connected layers have less
effect on image reconstruction accuracy.
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Fig. 1 Structure of the ECT sensor with 8 electrodes
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Fig.2 The samples of partial typical flow patterns
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Fig.3 The samples of partial random flow patterns
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Fig. 4 The convolutional neural network used for ECT
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Fig.5 Loss curves in the model training and validation

process with and without up-sampling layer
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Table 2 Evaluation index statistics of the image
reconstruction results of the models with and without

up-sampling layer
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Fig. 6 Mesh generation with different grid density
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using various weight initialization methods
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Table 4 Evaluation index statistics of the image
reconstruction results of the models using various weight

initialization methods
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Table 6 Evaluation index statistics of the image reconstruction results of the models with different hidden layer structures
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Table 7 Evaluation index statistics of image reconstruction results of the typical flow patterns in static experiment

bk TEM R bR 45 1 #hH4 2 25 3 45t 4 25 5 5 6
AEXT G IRZE /% 7.27 4.57 9.94 4.04 4.43 8.18

Ly 8 P 0.943 3 0.964 3 0.926 8 0.968 4 0.966 2 0.939 5
M EIRE/ % -0.21 0.03 3.81 -0.57 1.64 3.32

X EMR IR 2/ % 23. 60 30. 67 44.79 29. 86 22.76 22.83

P2 P 0.864 5 0.8289 0.776 3 0.8315 0. 866 2 0.863 0
M RIRE % 1.56 2.26 5.55 2.48 1.21 0.40

AR R IR 2/ % 39. 58 42.97 41.50 35.09 35.94 39. 68

WIE 1 LY 0.753 7 0.761 4 0.761 0 0.778 4 0.763 8 0.734 9
M REIRE % 2.11 4.42 3.51 1.82 1.09 -0. 64

AHXF R R 2 /% 32.50 43.86 50. 08 39.33 31.92 34.97

W 2 LY 0.769 1 0.717 8 0.698 3 0.7275 0.765 4 0.749 0
M RIRE % 4.60 8.40 12. 09 6.07 4.25 4.24

A R IRZE /% 24.20 27.04 25.77 22.41 25.03 24. 67

WA LT 0.816 2 0.799 5 0.8100 0.8299 0.809 5 0.8129
M EIRE/ % 0.43 3.52 4.02 0.93 0.32 1.21

A RS IR 2/ % 19.90 23.70 21.54 19.94 18. 32 18.74

=¥ FHRREL 0. 808 4 0.771 8 0.794 9 0. 806 4 0.820 8 0.818 1
M EEIR2E/ % 1.61 1.18 3.86 1.95 1.85 2.43

B
Single core 1
L 9]
Single core 2

W1

Annular 1

k2

Annular 2

W%

Two cores

=8
Three cores

() HLER O &M (%02 (d) &3 () &M (M5 (9) HH6
(a) Real images(b) Structure 1 (c) Structure 2 (d) Structure 3 (e) Structure 4 (f) Structure 5 (g) Structure 6

K14 S SCE A R S5 R X T

Fig. 14 Comparisons of image reconstruction results of the typical patterns in static experiment
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