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ABSTRACT In the electrical capacitance tomography (ECT) systems, the electrodes, and cables may fail
to function properly, which will cause several measurements missing. In these cases, image reconstruction
can only use the remaining effective measurements. In order to make the reconstructed images close to
the image results of the complete measurement set, it is necessary to use the incomplete measurements
reasonably. The measurement/data recovery method and image reconstruction can be conducted to obtain the
results, which meet the imaging needs under these circumstances. The measurement/data recovery method
by using the sensitivity matrix and the regression model of least square support vector machine (LS-SVM)
are proposed. The image recovery result is reconstructed by the method of total variation (TV) minimization.
The simulations and experiments of gas–solids two-phasemeasurement are conducted to validate themethod.

INDEX TERMS Electrical capacitance tomography (ECT), incomplete measurement set, image reconstruc-
tion, measurement/data recovery.

I. INTRODUCTION
Electrical capacitance tomography (ECT) is an online
imaging tool that utilizes the inter-electrode capacitance
measurements to estimate the cross-sectional dielectric dis-
tributions by using a proper image reconstruction algo-
rithm. Being inexpensive, non-intrusive and non-radioactive,
ECT technique is suitable for imaging the industrial pro-
cesses, in which fast-going multi-phase flow is frequently
met. The applications of ECT can be found in the circu-
lating fluidized bed [1]–[3], trickle-bed reactor, temperature
measurement [4], flame detection [5], [6] and multi-phase
flow rate measurement [7], [8].

Generally, the ECT sensor consists of a circular elec-
trode array that placed on the periphery of vessel/pipe cross-
sectional, which is usually non-invasive and non-intrusive to
the investigated flows and pipes. The number of electrode
on a sensor plane can be 8, 12 or 16. For a n-electrode
ECT sensor, there exists m independent measurements, i.e.
m = n(n − 1)/2. The m capacitance measurements con-
stitute the complete measurement set, which contains all
the inter-electrode capacitances. The inverse problem is to
calculate the dielectric distribution from the capacitance mea-
surement set.

The associate editor coordinating the review of this manuscript and
approving it for publication was Eduardo Rosa-Molinar.

In some cases, however, the measurement failures may
occur and cannot be handled in time, i.e. due to the measuring
circuits, electrodes and signal cables. This will lead to the
incomplete measurement sets, in which the number of effec-
tive measurements is smaller than the complete measurement
sets, i.e. m′ < m. In this case, the reconstructed images may
be seriously affected.

This can be solved at the different levels, i.e. by mea-
surement/data or image recovery method. It is suggested
that the regression and the expectation maximization (EM)
methods are suitable for handling the problem of missing
measurement/data [9]. The missing and remaining measure-
ments are related in the temporal and spatial aspects, therefore
the regression model can be set up by using the artificial
intelligent algorithm, e.g. neural network and support vector
regression. If there existed a certain probability distribution in
themeasurements/data, the Bayesian networks and EMmeth-
ods can been applied to recover the missing data [9]–[11].
In the ECT measurements, if the measured phase dis-
tribution changes frequently, the statistical characteristics
are difficult to attain. Therefore, the regression method
is more appropriate for the measurement/data recovery
in ECT.

In this paper, a measurement/data recovery method in
combination with TV minimization algorithm has been pro-
posed to deal with the problem of incomplete measurement.
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The performance of method has been evaluated with simula-
tions as well as experiments.

II. METHOD
A. PROBLEM DEFINITION
The complete measurement set contains m independent
measurements, which can be expressed as a measurement
matrix, i.e.

C = {Cj,k}, j, k ∈ {1, 2, · · · , n}, j 6= k. (1)

where Cj,k indicates the inter-electrode capacitance between
electrodes j and k . Note that the measurements refer to the
normalized capacitances. In consideration of the reciprocal
theory, i.e. Cj,k = Ck,j, the number of elements in C can be
reduced by 1/2, which results in m = n(n− 1)/2.
Assume that the failures occur in the measurement chan-

nel/electrode i, where i ∈ {1, 2, · · · , n}, the measurement set
becomes incomplete, i.e.

C̃ = {Cj,k}, j, k ∈ {1, 2, · · · , n} \ {i}, j 6= k. (2)

Fig. 1 illustrates the image reconstruction result of a
12-electrode ECT sensor with and without its electrode 1.
Fig.1(a) is the tested phantom. Fig.1(b) presents the image
that reconstructed from the complete measurement set, while
Fig. 1(c) shows the image that reconstructed from the incom-
plete measurement set, i.e. without the electrode E1. In this
case, the number of measurements is reduced from 66 to 55.

TABLE 1. Nomenclature.

FIGURE 1. Image reconstruction results of (a) the tested phantom using
(b) the complete measurement set, and (c) incomplete measurement set
without E1 related capacitances.

It can be seen that the image areas adjacent to the electrode 1
of incomplete measurement set are seriously distorted.

B. PREPROCESSING OF INCOMPLETE
MEASUREMENT SET
To improve the quality of image that reconstructed from the
incomplete measurement set, it is necessary to, 1) restore the
measurement set as close to the complete measurement set as
possible, and 2) employ a suitable image reconstruction algo-
rithm that could tolerate or eliminate the errors that occurred
in the data restoration process.

Note that the missing capacitances cannot be ideally recov-
ered and the recovery errors will always exist. Therefore, it is
necessary to apply a suitable image reconstruction algorithm
with the capability of noise reduction.

In restoring the missing measurements, the incomplete
measurements should close to its counterpart of complete
measurement set to make sure the effectiveness of recovery
method. The sensitivity matrix in ECT is defined as:

S(ε) =
dC(ε)
dε
|ε=ε0 (3)

In consideration that the sensitivity matrix contains the
mutual information on different capacitance measurements,
one may recover the missing measurements from the incom-
plete measurement set by solving the inverse and forward
problems.

For the implementation, a reconstruction image is cal-
culated from the incomplete measurement set with the
linear-back projection algorithm, i.e.

g̃ = S−1ic · C̃ (4)

where S−1ic is the pseudo inverse of sensitivity matrix that
obtained for the incomplete measurement set. The matrix Sic
is constructed from the column vectors corresponding to the
incomplete measurements.

Subsequently, a complete measurement set Ĉ′ can be esti-
mated from g̃:

Ĉ′ = S · g̃ (5)

where S is the sensitivity matrix of complete measurement
set.
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FIGURE 2. Simulation model of the 12 electrodes ECT.

FIGURE 3. Typical distributions and number of measurement sets.

In this way, themutual relationships offered by the sensitiv-
ity matrix between the incomplete measurements andmissing
measurements can be utilized. However, the error will always
exist in the aforementioned process, which should be paid
more attention to.

The quantity of effective measurements is increased by
solving the inverse and forward problems, which is bene-
ficial to fit the relationship between Ĉ′ and Cm. At this
step, the recovered measurement set is further processed by
regression model.

Prior to performing the regression method, the singular
value decomposition (SVD) method is adopted to analyze
the relationships between the measurement sets. As shown
in Fig.2, a 12-electrode ECT has been applied to obtain the
measurement sets in the simulations.

The measurement sets of gas-solid two-phase flows consist
of 4 typical distributions (mimicking the cross-sectionals of
irregular air slugs, annular flow, stratified flow and core
flow which are frequently met in the pneumatic conveying
processes [12], [13] and gas-solid fluidization [14]), as illus-
trated in Fig 3. Totally, 1276 measurement sets of the typical
distributions are analyzed by the SVD method. The distri-
butions contain irregular slug, annular, stratified and core
with different shapes and levels of boundary, thicknesses of
annular, heights of solid layer, diameters and positions of
core. The shaded parts indicate the high permittivity material,
Perspex particles in this case, and the background material
is air.

Fig. 4(a) shows the singular value curve of measurement
matrix. The curve slope is sharp at its beginning, indicating
the linear dependencies between the measurements, while
the relationship is nonlinear and changes with dielectric

FIGURE 4. Singular value curve of total measurement samples:
(a) complete curve and (b) local curve.

FIGURE 5. Local singular value curve of (a) samples in 4 categories
classified by flow regimes, and (b) samples in 10 categories clustered by
K-means.

FIGURE 6. Comparison of mean value curve of singular value.

distribution. The fitting effect of regression model would be
better if the relationships in data set is simple. The mea-
surement samples can be classified or clustered into several
categories to decrease the complexity of relationship, which
can be conducted by implementing machine learning algo-
rithms or by artificially classified flow regimes. Fig. 4(b)
and Fig. 5(a, b) show the local singular value curve of total
samples, samples in the 4 categories of different flow regimes
(group 1) and samples in the 10 categories clustered by
K-means algorithm (group 2). The total samples illustrated
in each figures are of the same quantity, i.e. 1276. It can be
discerned in these curves that the reduction speed in the singu-
lar value of total samples is obviously slower than samples in
categories. Furthermore, the reduction speed of singular value
in group 2 is more uniform than group 1. Fig. 6 shows that
the comparison between singular value curve of total samples
and mean singular value curves of group 1 and 2. The curve
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FIGURE 7. Measurement/data recovery method.

of samples clustered by K-means shows the fastest descent
rate indicating the simplest relationships between measure-
ments. Therefore, the samples in the categories clustered by
K-means are used to train the regression models.

The K-means algorithm is able to minimize the sum of
squared error between the empirical mean of clusters and the
points in clusters. The sum of squared error over all K clusters
is defined as:

J(A) =
K∑
i=1

∑
Ĉr∈Ai

||µi − Ĉr||
2
2 (6)

where Ai is the i-th cluster and µi is the mean value of it.
The main steps of the algorithm are as follows [15]:
1. Select an initial partition with K clusters; repeat

steps 2 and 3 until cluster membership stabilizes.
2. Generate a new partition by assigning each pattern to its

closest cluster center.
3. Compute new cluster centers.
In consideration of the relationship between Ĉr and Cr,

it should be noted that the clustering result is obtained from
Ĉr and the acquired labels also corresponds to Cr. Conse-
quently, the labels of entire Cr are obtained forming labeled
training samples Cr

∗. After the clustering, Cr
∗ forms K

training sets according to the labels of samples.
Similarly, the test samples need to be classified, according

to the clustering results, i.e. each test sample is categorized
into the suitable categories. A test sample is classified accord-
ing to its data characteristics which show the highest con-
sistency with characteristics of training samples in category.
The random forest (RF) method is used to classify the test
samples, Ĉe, into the K categories, which can be expressed
as:

L(e) = f (Ĉe,Cr
∗) (7)

where Ĉe is one of the test samples and L(e) is its index.
The labeled test samplesCe

∗ can be obtained by classifica-
tion and the labels correspond to the categories of regression
models. Consequently, the test sets of regression models are
obtained.

The classification/clustering strategy of samples con-
tributes to utilizing the finite training samples effectively and
reducing the calculation time significantly.

C. REGRESSION METHOD
The steps of measurement recovery using regression method
is shown in Fig.7.

The LS-SVM technique provides a solution which allows
recasting the convex nonlinear optimization problem for
SVM regression [16], [17]:

MSVM (x) = 〈w,8(x)〉 + b (8)

where 8 = [φ1(x), . . . , φD(x)] is a nonlinear map 8(·):
Rd
→ RD which maps the parameter space of dimension d

into the corresponding feature space of dimension D; w ∈
RD is a vector collecting the unknown coefficients of the
nonlinear regression; b ∈ R is the bias term; 〈w,8(x)〉 is
defined as the inner product in RD.

And the optimization problem is formulated as:

minimize
1
2
‖w‖2 + γ

1
2

L∑
i=1

e2i

subject to yi = 〈w,8(xi)〉 + b+ ei, for i = 1, . . . ,L

(9)

where ei ∈ R is one of the error variables and γ is an
empirical parameter which provides a trade-off between the
accuracy of the model and its generalization ability.

The optimization object is to minimize the squares of the
regression errors, ei and at the same time, guarantee the
generalization ability of regression model. The optimization
problem can be solved by minimizing the Lagrangian:

L(w, b, e;α) =
1
2
‖w‖2 + γ

1
2

L∑
i=1

e2i

−

L∑
i=1

αi {〈w,8(xi)〉 + b+ ei − yi} (10)

where αk ≥ 0 is one of the Lagrange multipliers.
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It can be minimized by solving the following partial
derivatives:

∂L
∂w
= 0→ w =

L∑
i=1

αi8(xi)

∂L
∂b
= 0→

L∑
i=1

αi = 0 (11)

∂L
∂ei
= 0→ αi = γ ei

∂L
∂αk
= 0→ 〈w,8(xi)〉 + b+ ei − yi = 0

By substituting the first three equations into the above
equation, the dual space equations can be obtained [18]:

L∑
i=1

αi = 0

L∑
i=1

αiK (xi, x1)+ b+ γα1 − y1 = 0

...
L∑
i=1

αiK (xi, xL)+ b+ γαL − yL = 0

(12)

where K (xi, xj) =
〈
8(xi),8(xj)

〉
is the kernel function

defined for the case of regression.
The equation can be expressed in matrix form,[

0 1T

1 �+I/γ

] [
b
α

]
=

[
0
y

]
(13)

where α = [α1, . . . ., αL]T , y = [y1, . . . ., yL]T , 1T =
[1, . . . ., 1] ∈ RL×L , I ∈ RL×L is the identity matrix and
� ∈ RL×L is the kernel matrix.

By calculating α and b of equations in (13), the nonlinear
regression model in the dual space can be obtained:

MLS−SVM (x) =
L∑
i=1

αiK (xi, x)+ b (14)

For a certain training set {Cri}
N
i=1,Cri is one of the training

samples consists of Ĉr and the correspondingCm, by solving
the equations in (13), the estimation function can be obtained:

Cm =

N∑
i=1

αiK (Ĉri, Ĉr)+ b (15)

The input Ce
∗ to the corresponding regression models and

Ĉm can be acquired. Subsequently, Ĉ can be obtained by
combining Ĉm and C̃.

D. IMAGE RECONSTRUCTION
The total variation (TV) method is capable of minimizing the
impact of error in the measurements. The TV of an image is
defined as:

TV (g) =
∑
i

∑
j

|∇g(i, j)| (16)

where g is the image matrix and g(i, j) is the gray value of
pixel (i, j).

A general form of TV algorithm is to find g, which satisfies

argmin
g

[
λTV (g)+ ||S · g− C||22

]
(17)

where λ is the Lagrangian constant and g is the image
obtained from the measurement set C.
The minimization is achieved by gradient descent method.

More details on the algorithm may be found in [19], [20].

III. RESULTS AND DISCUSSIONS
The proposed method is numerically tested to verify its
feasibility. In addition, the recovery method has also been
evaluated by the experiments using a 12-electrode ECT mea-
surement system.

A. SIMULATIONS
The numerical simulations are carried out by using a finite
element analysis (FEA) software, i.e. ComsolTM Multi-
Physics. A single plane 12-electrode ECT sensor is employed
in the simulations, as illustrated in Fig. 2. The opening angle
of each electrode is 27◦. The outer diameter and thickness
of pipe are 110 mm and 5 mm, respectively. The relative
permittivity of pipe wall is 4.2. The LS-SVM MATLAB
toolbox [17], is employed to train the proposed regression
model. A desktop computer (Intel(R) Core(TM) i7-4720CPU
and 16.0 GB RAM) is used for the simulations and data
processing.

The mathematical model of ECT sensitivity field is:

∇ · ε(x, y, z)∇ϕ(x, y, z) = 0 (18)

where ε(x, y, z) is the permittivity distribution in the sensing
field and ϕ(x, y, z) is the potential distribution. The rela-
tionship between capacitance and permittivity distribution is
governed by:

C =
Q
Ve
= −

1
Ve

∫
�m

ε(x, y, z)∇ϕ(x, y, z)d� (19)

where Ve is the potential difference between two electrodes
forming the capacitance and �m is the electrode surface.

The aforementionedmeasurement sets serve as the training
samples of regression models. These samples are clustered
into 12 categories, forming 12 training sets of independent
LS-SVM regression models with single layer.

In the simulations, three phantoms mimic the cross section
of annular flow, core flow and stratified flow of gas-solids
distributions, which are different from the training samples,
as listed in column 1 in Table 2. For the boundary conditions,
the potential of excitation electrode is set to 5 V, while all
other electrodes are set to ground. The low and high permit-
tivity materials are air and Perspex, respectively. The shaded
parts indicate the high permittivity material.

The parameters in the simulations and experiments are
set same, i.e. the number of categories of K-means is 12,
the quantity of decision trees of RF classification is 100 and
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TABLE 2. Image reconstruction results with simulation data.

TABLE 3. Relative error with simulation imaging results.

TABLE 4. MSE (%) with simulation imaging results.

the preset parameters of LS-SVM (γ and σ2) are 255 and
7057.1, respectively.

It is assumed that there existed two grounded electrodes
that failed to provide the correct measurements, i.e. the elec-
trode 1 and 2 as indicated in Fig. 2. In this case, the number
of measurements in the incomplete effective measurement
sets is reduced from 66 to 45, suggesting 21 missing mea-
surements. The images are reconstructed from the complete
and incomplete measurement sets by using TV algorithm,
as listed in columns 3 and 4 in Table 2, respectively. The
proposedmethod is employed to restore themissingmeasure-
ments. The reconstructed images are listed in the last column
of Table 2.
The mean squared error (MSE) and relative error (εimg) are

employed to evaluate the imaging results, as defined by:

εimg =
||g′ − g||1
||g||1

(20)

MSE =
||g′ − g||2
||g||2

(21)

where g′ can be ĝ or g̃, || · ||1 and || · ||2 denote the L1-norm
and L2-norm, respectively.

In Table 2 for the phantom 1, the image obtained from
the incomplete measurement set indicates that the impact of
missing measurements mainly focuses on the neighborhood
of the two failed electrodes. For the phantom 2, the missing
measurements not only influence the image areas near the two
failed electrodes, but also most of the imaging areas. For the

phantom 3, the gray value decreases significantly due to the
missing measurements, especially for the high permittivity
part.

At the same time, it can be seen that the images obtained
from the recovered measurement sets (column 5) are closer
to those of complete measurement sets (column 3) in Table 2.
The images calculated from the recovered and complete mea-
surement sets demonstrate only minor differences.

The image errors, εimg and MSE , of tested phantoms are
shown in Table 3 and 4. It can be found that both the εimg
andMSE are decreased after the application of measurements
recovery. However, for the phantom 3, the MSE , 0.35%, and
εimg, 0.0227, are slightly larger when compared with other
phantoms. This is because the regression model of recov-
ery method cannot ideally fit all the relationships between
Ĉ′ and Cm.

B. EXPERIMENTS
The experiments are carried out with an ECT system that
developed in Tianjin University, as illustrated in Fig. 8. The
signal-to-noise ratio (SNR) is 65.0 dB.
As shown in Fig.9, the outer diameter and thickness of

measured pipe is 110 mm and 5 mm. The length and angle
of each electrode is 120 mm and 27◦. It is assumed that
the electrodes that marked in red circles are not able to
provide the correct measurements. Note that there are actually
two different cases of measuring failure in ECT, i.e. (1) the
failed electrode work as a piece of grounded metal during
the measurement, and (2) the failed electrodes work as a
floating metal piece. Both cases have been considered in the
experiments.

The experiments of gas-solids two-phase flow measure-
ment are conducted to validate the recovery method. For
the implementation, Perspex pipe and particles are used
to mimic the cross-sectional of annular, slug, stratified
and core of solid phase. There are 4000 training samples
of regression models that collected with the system, i.e.
by continuously changing the locations/distributions in the
cross-sectional of sensor and measuring the capacitances.
Among the 4000 training samples, each kind of measured
components contains 1000 samples. In addition, the random
noise is added to training samples, reducing SNR to 55.0 dB
to enhance the robustness of regression model. The phantoms
different from training samples for verification are listed in
column 1 in Table 5. The relative permittivity of tested objects
is 4.2 and the number of pixels in the imaging areas is 3228.

The phantoms 1 and 2 are tested with the case 1 caused by
grounding the failed electrodes, and the phantoms 3 and 4 are
tested with the case 2 caused by unplugging the signal cables
of failed electrodes.

The comparison of measured value, recovered value
and theoretical value of missing measurements is shown
in Fig. 10. The measured value of missing measurements is
set to 0 because the grounded electrodes are no longer able
to acquire measurements in the case 1, while the normalized
capacitance is less than 0 in the case 2. In the case 1 for the
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FIGURE 8. Experimental setup.

FIGURE 9. Sensor cross-sectional.

tested phantoms 1 and 2, i.e. in Fig. 10(a) and (b), it can be
found that the missing measurements can be approximated
with minor recovery error. The error is produced by regres-
sion models. In the case 2 for the tested phantoms 3 and 4,
i.e. in Fig. 10(c) and (d), it can be found that the measurement
recovery error is greater than the first case, especially for the
electrode 2.

The images calculated from the complete, incomplete and
recovered measurement sets are listed in column 3 ∼ 5 in
Table 5, respectively.

In phantom 1, a Perspex pipe is positioned in center of
measuring area to mimic the cross-sectional of annular flow.
Its outer diameter and thickness are 80 mm and 5 mm.
It can be found in the image of incomplete set that the shape
of measured pipe adjacent to the failed electrodes fail to be
reconstructed and the artefact is obvious. By restoring the
missing measurements, the calculated image demonstrates
little differences as compared with the image obtained from
the complete set.

For phantom 2, a Perspex pipe of 90 mm in outer diameter
is filled with Perspex particles and positioned on the bottom

TABLE 5. Image reconstruction results with experimental data in the
condition of failed electrodes 1 and 2.

of the pipe to mimic the cross section of particle slug. In the
image of incomplete set, the shape of slug is distorted, espe-
cially in the neighboring area of failed electrodes. In addition,
the significant change can be observed from permittivity
distribution of slug area. By restoring the missing measure-
ments, the shape of solid slug has been recovered and the
image shows little discrepancy with the image of complete
set.

For phantom 3, Perspex particles are positioned in the
lower half of the pipe imitating the cross-sectional of strat-
ified flow. In the image of incomplete set, the boundary
of dielectrics is distorted severely with obvious artefact.
By recovering the missing measurements, to some extent,
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FIGURE 10. Comparisons between the actual and recovered
measurements of: (a) phantom 1,(b) phantom 2, (c) phantom 3 and
(d) phantom 4.

the image of dielectric distribution in the vicinity of failed
electrodes is recovered. However, due to the measurement
recovery error, the boundary next to the failed electrodes is
still crooked slightly and the gray value incorrectly decreased
from top to bottom of imaging areas.

For phantom 4, a Perspex rod of 40 mm in diameter, posi-
tioned in the center of the pipe to mimic the cross-sectional
of core flow. Even though the rod positioned away from
the two failed electrodes, the reconstructed object near the
failed electrodes has also been distorted. By recovering the
missing measurements, the distortion areas are recovered
with little discrepancy compared with the image of complete
set.

Note that the possible combination of failed electrodesmay
vary. Therefore, four typical failed conditions are selected to

TABLE 6. Image reconstruction results with experimental data in the
condition of failed electrodes 1 and 4.

TABLE 7. Image reconstruction results with experimental data in the
condition of failed electrodes 1 and 7.

test the recovery method, i.e. the electrodes 1 and 2, 1 and 4,
1 and 7, 3 and 4.

To test the measurement recovery results in different con-
ditions, 10-fold cross-validation method is used to divided
all the samples into the training and validation samples. The
calculated MSE between recovered and theoretical value of
failed measurements is shown in Table 9. It can be seen that
the different combinations of failed electrodes have very little
impact on the performance of recovery method. However,
the error increase significantly when the two failed electrodes
are adjacent to each other.

The image reconstruction result in the condition of failed
electrodes 1 and 4, 1 and 7, 3 and 4 are shown in Table 6, 7,
and 8, respectively. In these conditions, the images near the
failed electrodes are severely distorted, while the images of
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TABLE 8. Image reconstruction results with experimental data in the
condition of failed electrodes 3 and 4.

TABLE 9. MSE (%) of 10-fold cross-validation results.

TABLE 10. Relative error of recovered and unprocessed imaging results
in different conditions of failed electrodes.

recovered sets are approximately recovered as compared with
the images of complete sets.

In the different conditions of failed electrodes, the training
and test samples of recovery method need to be reorganized.
However, these samples are calculated from the original sam-
ples of complete measurement sets, which can be performed
automatically. The procedure of reorganizing samples for a
certain condition averagely costs 0.32 second. Furthermore,
the recovery procedure costs 5.3 second for 170 test samples.
It means that the recovery method is able to be implemented
in real-time measurement and is flexible for different condi-
tions of failed electrodes.

The image errors, εimg and MSE , for the different tested
phantoms were calculated and listed in Table 10 and Table 11.
In the tables, C 1, C 2, C 3, C 4 represent the failed electrode
combinations of 1 and 2, 1 and 4, 1 and 7, 3 and 4, respec-
tively. It can be seen that, in both cases ofmeasurement failure

TABLE 11. MSE (%) of recovered and unprocessed imaging results in
different conditions of failed electrodes.

and different conditions of failed electrodes, εimg and MSE
are decreased after the recovery of missing measurements.
Both the εimg and MSE between the recovered and complete
measurement sets are relatively small in the first case of
measurement failure and it gets greater in the second case.

The errors of image and recovered measurements could be
further decreased. For the first case, it can be achieved by
optimizing the regression model. And, for the second case,
the recovery error is mainly caused by the measurement noise
of incomplete measurement set which cannot be eliminate by
the recovery method. The error may be decreased by:

(1) using a fine-tuned sensitivity matrix;
(2) utilizing the domain analysis method to remove the

measurements caused by the floating electrodes;
(3) improving the robustness of recovery method.

IV. CONCLUSIONS
An incomplete measurement set recovery method has been
introduced in ECT to recover the missing measurements
caused by the failed electrodes or cables. The image
reconstruction results may be severely influenced by the mea-
surements that related to the failed electrodes. The prior infor-
mation of sensitivity matrix and LS-SVM regression model
are utilized to fit the relationship between the incomplete
measurement set and missing measurements. By applying
the measurement recovery method and TV algorithm, ECT
system is able to obtain the imaging results that are very close
to the normal conditions.

The recovery method can improve the reliability of ECT
system in the harsh industrial environments. Although it is
needed to prepare a large amount of training samples prior
to the recovery process, it is needed to be done only once.
Therefore, one does not need to pay special attention to
its execution efficiency. The experiments of gas-solid two-
phase flows are performed to validate the effectiveness of the
method.

In the future, the method will be tested in the gas-solid
flows in a pneumatic conveying processes. Furthermore,
the improvement on the speed and accuracy of recov-
ery method will be conducted. And, the case of more
failed electrodes, i.e. 3 or more, will also be considered.
The components of recovery method are flexible and the
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recovery effect could be further improved by introducing
the appropriate algorithms. In addition, the method can also
be applied to other tomographic modalities, including elec-
trical resistance/impedance tomography and electromagnetic
tomography.
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