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Abstract: Electrical capacitance tomography (ECT) is a non-invasive and non-intrusive internal visualization
tomographic modality which promises a better quantification by providing cross-sectional distribution information
of any kind of multiphase flow. The studies discussed in this paper aim to investigate the non-iterative and iterative
image reconstruction for 16 channels of portable electrical capacitance tomography (ECT) through simulation
work. Linear Back Projection (LBP) as a non-iterative algorithm was compared with the Landweber and
generalized vector sampled pattern matching (GVSPM) iterative algorithm for four cases which are core flow,
annular flow, stratified flow and two circles by evaluation of percentage error and image correlation. The results
show that Landweber algorithm produces lowest percentage error, higher correlation coefficient and acceptable
elapsed time for all cases studied. Iterative image reconstruction will produce accurate results by eliminating the
artifacts near actual object and enhance the capability of segmented ECT in multiphase flow identification.
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1. Introduction

To date electrical capacitance tomography has been used
rapidly for investigation of the complexities of
multiphase flow phenomena either for lab scale
equipment or industrial application such as fluidised beds
[1,2], packed beds [3], pneumatic conveying in horizontal
tube [4,5], crude palm oil analysis [6] and microchannel
[7]. Basically, ECT consists of multiple electrodes which
are placed surrounding a pipe or vessel and the
capacitance value will be measured based on the different
electrical permittivity of two materials inside the pipe or
vessel, through data acquisition system. Then, these
measurements will be used to reconstruct permittivity
distribution by applying the mathematical algorithm. This
technique has advantages whereby it can be operate at
low cost, high speed and is non-invasive as well as non-
intrusive.

The most important part of ECT is the sensor design
in term of the accuracy in the measurement process. Yang
2010 [8] described in details the ECT sensor design
including the number of electrodes, length of electrodes,
earth screens (axial, radial and outer screen) and guard
electrodes. The second part of ECT is the data acquisition
system (DAS) which mainly consists of capacitance
measuring circuits. Commonly, two types of DAS are
used which are charge-discharge circuit and AC based
because of their stray-immune. The cable connected from

the measuring sensor to the circuit, the switching system
of excitation and detection mode and the outer screen are
the main source of stray capacitance or inaccurate
measurement [9]. The best solution is by combining the
sensor with the capacitance measuring circuit [10]. This
method is cable-less aiming to reduce the stray
capacitance source through cable movement and its
length. The last part of ECT is image reconstruction using
an appropriate algorithm. The main problems with image
reconstruction of ECT are ill-determined where the
number of equations is less than the number of variables
and ill-conditioned caused by nonlinearity behavior of the
electric field. The basic most popular algorithm is linear
back projection (LBP) method. This method is fast in
calculation but low in accuracy. The popular iterative
methods in ECT are Tikhonov regularization and
Landweber iteration with promising accuracy [11]. Both
of these methods depend on empirical values to
reconstruct the accurate image. Takei & Saito (2004) [12]
introduced generalized vector sampled pattern matching
method to overcome the drawbacks of Tikhonov
regularization and Landweber iteration.

This paper aims to study the image reconstruction on
16 ECT segmented electrodes by simulation works. It
will cover generating sensitivity —matrix, image
reconstruction by non-iterative (LBP) algorithm as a
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reference and iterative (Landweber and GVSPM)
algorithms for four case studies or flow regimes.

2. Governing Equation

The electric field distribution and electrical potential
distribution in ECT sensor can be described using Poisson
equation. Since there are no sources inside the sensor,
assumption charge distribution of zero was implemented

[13].
V-[e(r)Vg;(r)] =0 (1)
where &(r) is the relative permittivity, ¢; (r) is potential

at a position (r),V is the divergent operator, p(r) isthe

charge distribution and i is the transmitter electrode while
j is the receiver electrode. The measurement mode is
based on a low Z-scheme method where one electrode
will be a transmitter while the rest will be kept on ground
potential and labelled as the receiver [14]. This method
produces the total number of independent measurement,
M =N(N —1)/2 for the number of electrodes, N. The

equations for the transmitter and the receiver are as

below:
. o¢(r)
Transmitter: || P dl; =V, (2)
0
Receiver: ¢§]r).d|j =0 (3)

where | is the length of electrode, V, =V sin(24t) is a

potential difference measurement in a specific frequency,
f and amplitude, V is injected [15,16]. Lastly, the

capacitance value can be measured as follows:
1
Cj=—c— {e(r)Vg,;(r).dr @)
ij rely

where Vj; is the potential difference between i and j

electrodes and T;

electrode ij. The configuration of ECT sensor can be seen
in Fig. 1.

is an area of the total capacitance for

Medium \1 Acrylic pipe

T RaE
Fig. 1: ECT sensor configuration

3. Image Reconstruction

Practically, image reconstruction of ECT involves two
main steps which are forward problem (capacitance
determination from permittivity distribution) and the
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inverse problem (permittivity distribution calculation
from capacitance measurements). Capacitance can be
linearized to permittivity distribution in matrix form as
follows:

where J is the sensitivity matrix of M xN, Ag is the
permittivity distribution of nx1 and n is the pixel
number such as 64 X 64 grid produces 4096 pixels of a
square sensor. The normalized and discrete form of
equation (5) relevant for solving the forward problem can
be expressed as below:;

C=SG (6)
where C is the normalized capacitance vector, S is the
normalized sensitivity matrix and G is the normalized
permittivity vector [13, 16].

Linear Back Projection

The simple and famous algorithm for solving inverse
problem for image reconstruction on ECT is linear back
projection (LBP). This method was first implemented by
Xie et al. (1989) [18] via simulation on 8 electrode ECT.
The approximation solution for equation (6) by LBP
algorithm is as below:

G=S'C @)
where ST is the matrix transpose of sensitivity map
distributions. This method is typically fast in calculating

without any iteration needed and widely used in any ECT
system although the accuracy is low.

Landweber

Landweber is the most famous iterative algorithm used in
image reconstruction for ECT because of its accuracy,
cost-effective, stability and fast convergence capability
[19]. This algorithm also known as the Richardson
Iteration, is a variation of steepest descent direction
method for quadratic function [11], [20]. The iteration
procedure follows this equation.

G =G* +a8T|c—SG¥] @®)
where « is the step size which is fixed for each iteration.
Basically, the value of « is greater than 0 and less than 1.
As an approximation, equation (9) is used to calculate the
step size.

) “sT (C- sek)uz o
o =
“ssT (C- SGk)“z

The normalized capacitance for specific electrode pair in
this research is measured by applying Parallel model as
below:

L
Ci= Ci ~Cij 10
ij = H L (10)

where cirj” is the measured capacitance value for electrode

pair ij, cijL and ciJH is the capacitance measurement for

electrode pair ij when the sensor is filled with low and
high permittivity material respectively.
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Generalized Vector Sampled Pattern Matching Method
(GVSPM)

This method is commonly used to avoid dependency on
the empirical value in iteration procedure. Moreover, the
normalization procedure is done by dividing the
capacitance measurement and sensitivity —matrix
calculation by their norms. This method is a bit different
from other algorithms in terms of the normalization of
capacitance and sensitivity matrix. The equation is as
follows:

. C
C =ﬁ’ |C|:\/sz +Cf3 +"'+C§|*1,N (11)
S':i,|8|:\/812+82+ +SZ ., n=n.xn, (12)

|

where [C| indicates the norm of capacitance

measurements, [S| is the norm of sensitivity matrix and
n is the total number of the pixel generated for image
reconstruction of permittivity distributions. This research
used 64 grids for n, and n, contributes 4096 pixels of a

square Sensor.
equation.

The iteration procedure follows this

Gkl=gk-gT -C (13)

3.1 Evaluation of algorithms

Three algorithms were selected namely LBP, Landweber
and GVSPM. For evaluation purpose, two criteria were
used which are percentage error, IE and correlation
coefficient, CC.

Cg_Gk‘xloo

IE = (14)

>

cC= G X 5) (15)
)

\/Zn G -Gz 1(6‘5)Z

where G is true normalized permittivity distribution, G,
is the normalized reconstructed permittivity distribution,

G and G,
respectively.

are the mean value of G and Gy

4. Results and Discussions

To investigate the image reconstruction performance,
four permittivity distributions were chosen as shown in
Fig. 2. The sensor was designed the same as the actual
segmented ECT as depicted in Fig. 1 with the outer
diameter of the pipe was, D, = 110 mm and its thickness
was, Axpipe = 10 mm. The relative permittivity of the
acrylic pipe was set to, gpipe = 2.6 [-]. Phantom (a) was the
core flow with a diameter of the core, Deore = 30 mm,
composed by an acrylic rod with permittivity, ers= 2.6 [-]
and surrounded by air with relative permittivity,

gair = 1.0 [-]. Phantom (b) was the annular flow with the
thickness of Axanuar = 20 mm composed by an acrylic
while blue color at the pipe center is air. Phantom (c) the
stratified flow was set according to the half of the pipe
height which acrylic at the bottom as red color and air at
the top as blue color. Phantom (d) consist of two acrylic
rods with diameter, Doc = 20 mm as two circle phantom.
The color scale below the phantom on Fig. 2 is
normalized permittivity between air and acrylic mediums.
The simulation processes were implemented using
COMSOL Multiphysics and Matlab on a PC with
Pentium Core-i5 and 8 Ghytes of memory.

0.5
Fig. 2: Phantom conditions

Fig. 3 shows the normalized permittivity, G where
the values are in the range of 0 to 1, reconstructed by
LBP, Landweber and GVSPM algorithms and compared
to actual conditions for four cases. The number of
iteration was set to 500 for both iterative algorithms with
the step size of 0.13 for Landweber. The color scale at the
bottom is normalized permittivity between air and acrylic
mediums. As expected, Figure 3 shows that iterative
algorithms produce better images than non-iterative. The
black circle and line show the actual position and size of
the phantoms. LBP gives a moderate image for Phantom
(a) with more artifacts around the acrylic pipe, while
Landweber gives slightly fewer artifacts than GVSPM
method. Both methods are still acceptable. Phantom (b)
shows inaccurate results for all algorithms with more
artifacts on LBP and smaller size of annular for
Landweber and GVSPM compared to the actual phantom.
Phantom (c) shows that Landweber and GVSPM generate
nearly same results while LBP generates the same pattern
with iterative algorithms. Landweber shows fewer
artifacts with the two circles located in the best position
compared to GVSPM, while LBP produces more artifacts
around the two circles of phantom (d) compared to
GVSPM.

Table 1 shows the percentage error of reconstructed
image by LBP, Landweber and GVSPM relative to actual
simulation conditions. For all cases, Landweber algorithm
produces superior results based on the low percentage
error while LBP produces the highest and GVSPM
produces acceptable value. These results correspond to
the best images in Figure 3. Table 2 shows how similar
are the images generated by each algorithm using
correlation coefficient parameter. The highest value is the
best in terms of producing accurate image reconstruction.
With respect to the lowest percentage error in Table 1,
Landweber algorithms produce the highest value
especially for phantom (a) and (d) while the value is just
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enough for phantom (b) and (c). GVSPM algorithms
show tolerable value for correlation coefficient which is
quite close to Landweber while the moderate value is
gained from LBP algorithms. In order to compare the
speed of the algorithms in generating images, elapsed
time was recorded via Matlab function as shown in Table
3. LBP produces the fastest in generating images because
no iteration is involved while iterative algorithms need
more than 1 second for 500 iterations. There is no
significant difference between Landweber and GVSPM,
indicating that both algorithms is possible to be used for
the online application.

Fig. 3: Image reconstruction based on simulated data

Table 1: Percentage error (%)

@ (b) (© (d)
LBP 45.90 45.20 37.64 83.82
Landweber 24.31 29.85 23.08 35.68
GVSPM 30.00 31.99 30.59 58.52

Table 2: Correlation coefficient

@ (b) (©) (d)
LBP 0.74 0.36 0.66 0.45
Landweber 0.90 0.72 0.77 0.87
GVSPM 0.89 0.68 0.67 0.75

Table 3: Elapsed time, t(s)

@ (b) (© (d)
LBP 0.06 0.06 0.06 0.06
Landweber 0.99 0.99 1.01 1.02
GVSPM 1.19 1.15 1.25 1.11

Currently, 16 segmented ECT implemented LBP
algorithm to visualize multiphase flow in the piping
system. This research introduced iterative algorithms to
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enhance the accuracy of data measurement. Accurate
image reconstruction is a crucial part of ECT for
concentration analysis, flow pattern recognition and
velocity distributions. The main problem with iterative
algorithm implementation in ECT system is the time
required to perform each iteration. To overcome this
drawback, improvements in conditioning circuit is
required such as the application of FPGA [22-24].

The results obtained show that Landweber iteration is
superior than GVSPM and LBP methods. The limitation
of Landweber is the step size selection which is a vital
parameter in simulation process. With the low value
(close to zero), this method requires more iteration
number while big number (close to 1) will produce non-
convergent simulation. Liu [24] used updated step size
instead of remains constant to solve this issue and
improve the accuracy with less time consuming for
Landweber iteration method.

5. Conclusions

The non-iterative and iterative image reconstructions
have been applied to solve the ill-posed inverse problem
on electrical capacitance tomography for gas-solid two-
phase flow namely LBP, Landweber and GVSPM. 16
segmented ECT was applied successfully to four types of
phantom conditions which are core flow, annular flow,
stratified flow and two circles indicating the dispersion
concentration of material inside the pipe. Based on the
image analysis, Landweber algorithm shows the best
results compared to others in terms of image accuracy,
low percentage error and higher correlation coefficient
with acceptable elapsed time. These results are the
stepping stone to improve the current 16 segmented ECT
as a portable measurement device to produce more
accurate results in terms of visualization.
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