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Abstract: Aiming at the ill-posedness in the image reconstruction process of Electrical Capacitance To-
mography (ECT) , when it is applied to the online wear debris monitoring in the lubricating oil system, a Split
Bregman (SB) image reconstruction algorithm based on iterative p—threshold function is proposed. Firstly, the
ECT image reconstruction model based on SB algorithm is established.Secondly, the SB model based on L, norm
is established. Finally, in order to more conveniently solve the threshold iteration form of L, regularization, a p—
threshold function is introduced. By choosing the p value flexibly, the accuracy and applicability of the SB algo-
rithm are improved. Simulation results show that compared with Landweber, Tikhonov regularization and SB algo-
rithm, the image error of improved SB algorithm is reduced by about 30%, the correlation coefficient is up to 0.96,
and the imaging speed is similar to that of Landweber.The experimental results show that the improved SB algo-
rithm can be competent for the image reconstruction task and improves the imaging quality.
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Table 1 Parameter setting of simulation model

Model 1 2 3 4 5 6

Simulation model

Parameter/mm
. N Yy Z N NI 1.2
A 6 R FEE AR B 1A B U, 6 O BE 0
(19 A 5 HU(E L G R G 4 51 G R G 1T , 08
5 06
3 0.4
” 0.2
k> 2 00
i: Model "~ |1 2 3 0 4 5 [ 6
2 ‘= Landweber | 0.7142 | 0.6939 [0.6184  0.6180  0.8236 | 0.5848 |
E ! = Tikhonov | 0.7534 | 0.6925 | 0.5598 | 0.6671  0.8256 | 0.6098
z =SB 0.8510 [0.7339 | 0.6632 | 0.7239 | 0.7826 | 0.4639
mImproved SB | 0.9647 [0.9063 | 0.7864 | 0.8553 | 0.8461 | 0.7489
Model 1 2 3 4 5 6 . . . . .
= Landweber | 04279 03642 | 04733 03612 03391 | 04520 Fig.3 Comparison of image correlation coefficient
® Tikhonov | 23535 | 2.0190 |2.3922 | 2.1239 1.9813 | 2.4365
=SB 0.5901 ' 0.5281 [ 0.5971  0.5026  0.1850 | 0.2679 0.8
®[mproved SB| 0.6621 | 0.6186 | 0.4272  0.3788 | 0.1736 | 0.3005 ’
Fig. 2 Comparison of image reconstruction speed (s) 0.6
IQE 0.4
FIATIME B0y 375 5 s E A A5 R S SO A 1Y 0
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TNy ; T nl ® Tikhonov | 0.3883 | 0.4982 | 0.6042 | 0.5002 | 0.2550 | 0.5365
ia P . THEE AR I 3 4. =SB 0.3390 | 0.4422 [ 05142 0.4261 | 0.2619 | 0.7489
FH 2 2 AT 20, 24 3k 0 4 AR BE S AL R B T B " Improved SB | 0.2053 | 0.3104 | 0.4297 | 0.2863 | 0.1882 | 0.4084
i, Landweber, Tikhonov & 1 T & & 12 J& Bl 4 ¥ 43 £ Fig. 4 Comparison of image relative error

Table 2 Reconstruction effects of different algorithms
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Table 3 Image reconstruction effects of different values of p for model 2
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Table 4 p value selected by each model

Model 1 2 3 4 5 6

P -24 -18 -10 -1.1 -10.0 -0.5

12 electrode ECT b
PC sensor

Data collection

| J d—15mm

El d=20mm
d=20mm  d=30mm
I

(b)

Fig. 6 Dimensions of each model

Table 5 Reconstruction effects of gas-solid two-phase flow

Model

o o 0 0
Improved
SB

(a) Iron filings
Fig. 7

(b) Mobil jet oil
Iron filings and mobil jet oil

Model (e)

Model (d)
Fig. 8 Model of lubricating oil experiment

Table 6 Reconstruction effects of liquid-solid two-phase

flow
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