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Industrial process tomography (IPT) is a set of multi-dimensional sensor technologies and methods
that aim to provide unparalleled internal information on industrial processes used in many sectors.
The World Congress on Industrial Process Tomography (WCIPT) is the flagship conference of the
International Society for Industrial Process Tomography (ISIPT. https://www.isipt.org/), which is
held every two years. After successful previous events: UK (1999), Germany (2001), Canada (2003),
Japan (2005), Norway (2007), China (2010), Poland (2013), and Brazil (2016), WCIPT-2018 took place
in University of Bath, UK and WCIPT-2020 is planned to be hosted in Tianjin University in China.
The field of IPT is gathering momentum and several large scale international projects such as EU
Tomocon (https://www.tomocon.eu/) are well underway.

A selection of papers was invited for this Special Issue. Of the 22 extended papers submitted to
this Special Issue, 14 papers were accepted for publication. The authors in [1] introduce a new method
for one-shot multi-frequency electrical tomography (ET). Promising early stage experimental results
demonstrated that the method could indeed be useful in spectral imaging. In [2] the authors propose
a fully automated software and design workflow for 3D electrical capacitance tomography (ECT)
sensor, field modelling, and image reconstruction aided by 3D printers. Multilayer ECT sensors can be
fabricated and linked to their corresponding computational and experimental system. In [3] the authors
introduce a crowdsourcing approach with the example of highly complex silo flow imaging based
on the X-ray tomography method. This provides a major step in the direction of human computer
interfacing for IPT. In [4] a novel waste water metre is developed based on the ET method. The low cost
ET system was verified with several experimental data with potential applications in environmental
sustainable wastewater area. Authors in [5] show the use of electrical resistance tomography (ERT)
for monitoring silica nanoparticles for sand-pack flooding experiments for oil recovery. The new ERT
method has the potential to be used instead of X-ray CT or MRI for such an application offering a robust,
online, and low cost solution. In [6] the authors demonstrate a novel image reconstruction method
applied to magnetic induction tomography (MIT) for surface defect detection in metallic samples;
the high resolution achieved in this approach makes MIT a unique candidate for such an application.
The method was tested in lab-based experiments and was demonstrated for the first time using MIT
data from a high temperature environment in continues casting in real steel manufacturing process.

In [7] the author discusses the use of EIT for granular or solid materials. A correlation was
demonstrated between the absolute impedance data and moisture content, an important parameter in
many of these processes. Grouting ducts with steel strands are widely used to increase the structural
strengths of infrastructures. The determination of the steel strand’s integrity inside of the ducts and the
grouting quality are important for a strength evaluation of the structure. In [8], a capacitive sensing
technique was applied to identify the cross-sectional distribution of the steel strands.

Sensors 2019, 19, 3804; doi:10.3390/s19173804 www.mdpi.com/journal/sensors1
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In [9] the authors present a new method of using a simulated inductor to help with capacitive
coupled electrical impedance tomography (CCEIT). The new method of CCEIT offers great promise in
the contactless imaging of complex dielectric properties, in particular, electrical conductivity, and this
inductive compensation method is critical to enhancing the quality of the measured signals. In [10] a
conformal mapping approach was developed for converting the open EIT geometry to the traditional
circular EIT system. The method was verified using both simulated and real experimental data.
The results greatly enhance our understanding of open EIT and planar array EIT. Calderon’s method
has been successfully used for direct image reconstruction in ECT. In the method proposed in [11],
the truncation radius adopted in the numerical integral greatly influences the reconstruction results.
As our understanding of the complex value of ECT makes ECT a more versatile technology, the direct
method proposed by the authors in [11], which directly reconstructs the admittivity, will become more
important in near future. In [12], the authors introduce a new method to combine EIT and ultrasound
tomography (UT). A Lagrange-Newton Method to combine EIT and UT reflection imaging a great step
forward in realization of such a great multi-modality. In [13] the authors provide a comprehensive
comparison of different machine learning (ML) methods for ET data. Similar to other IPT modalities
the ET system are producing very large number of data in form of 2, 3, or 4D images. ML approaches
will gain more and more traction as these imaging methods make their way into real industrial process
applications. Wire-mesh sensors are used to determine the phase fraction of gas–liquid two-phase
flow in many industrial applications. In [14], the authors report the use of a sensor to study the flow
behaviour inside an offshore oil and gas industry device for subsea phase separation.
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Abstract: The investigation of quickly-evolving flow patterns in high-pressure and high-temperature
flow rigs requires the use of a high-speed and non-intrusive imaging technique. Electrical Impedance
Tomography (EIT) allows reconstructing the admittivity distribution characterizing a flow from
the knowledge of currents and voltages on its periphery. The need for images at high frame
rates leads to the strategy of simultaneous multi-frequency voltage excitations and simultaneous
current measurements, which are discriminated using fast Fourier transforms. The present study
introduces the theory for a 16-electrode simultaneous EIT system, which is then built based on a field
programmable gate array data acquisition system. An analysis of the propagation of uncertainties
through the measurement process is investigated, and experimental results with fifteen simultaneous
signals are presented. It is shown that the signals are successfully retrieved experimentally at a rate
of 1953 frames per second. The associated signal-to-noise ratio varies from 59.6–69.1 dB, depending
on the generated frequency. These preliminary results confirm the relevance and the feasibility
of simultaneous multi-frequency excitations and measurements in EIT as a means to significantly
increase the imaging rate.

Keywords: FPGA; high-speed EIT; frequency division multiplexing; ONE-SHOT; EIDORS

1. Introduction

In the context of high pressure and high temperature flow rigs, flow patterns are investigated.
Tomography is a suitable technique for its applicability and non-intrusiveness. This imaging technique
is used to reconstruct the volume of an object from measurements of penetrating waves or particles on
its external boundary. Tomography is based on measurements of the boundary conditions of a system,
where both the signal emitter and receiver have to be well known in space. Various tomography
techniques exist using electromagnetic, acoustic waves, or electron and muon particles. Among the
use of tomography in applications, the most well established is medical imaging using X-ray-based CT
scans or electromagnetic waves in magnetic resonance imaging. Nevertheless, these techniques are not
robust in this context, complex to implement, and expensive.

Electrical Impedance Tomography (EIT) [1–4] is another tomographic method that consists
of imposing (resp. measuring) an electrical current passing through a set of electrodes at the

Sensors 2019, 19, 3679; doi:10.3390/s19173679 www.mdpi.com/journal/sensors4
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surface of a body, while measuring (resp. imposing) the electrical potential over another set of
electrodes. This technique is preferred for its applicability at high pressure and temperature, robustness,
and relatively low cost. The standard approach of EIT is based on the concept of Time-Division
Multiplexing (TDM), where the excitation signal is routed to a single pair of electrodes at any given
time. The sequential selection of these pairs of electrodes with multiplexers or electronic switching [5]
creates an excitation strategy and builds an EIT data frame, which includes the measurement data
for all excitation pairs. The EIT data frame defines the Neumann and Dirichlet boundary conditions
to be used in the associated inverse problem of reconstructing the electrical conductivity field inside
the body.

EIT necessitates potentially a high data-frame acquisition rate, for instance in flow study involving
rapidly-evolving flow regimes [6,7]. The challenge is that increasing the number of frames per seconds
(fps) reduces the measurement time, while a large number of measurements is required to limit the
ill-posedness of the inverse problem. In addition, the sequential excitation of the electrodes in contact
with ionic solutions results in significant difficulties caused by transient voltages due to the presence
of capacitive components in the electrode–electrolyte interface [8]. Therefore, the TDM sequential
measurement procedure requires dead time, complex signal processing techniques, or hardware
improvement to limit the effects of contact impedance [9,10].

Several high-speed EIT systems of hundreds of fps have been proposed in the literature. In [11],
a multichannel architecture system was presented, containing a control module that manages and
synchronizes 64 channels capable of generating and measuring voltages and currents. The system was
able to collect 182 frames per seconds when acquiring 15 spatial patterns with a Signal-to-Noise Ratio
(SNR) from 65.5–96 dB when averaging the signal from 32 samples. Another EIT system proposed
in [12] allows capturing over 100 frames per seconds with an SNR greater than 90 dB when averaging
the signal. Concerning Electrical Capacitance Tomography (ECT), another soft field imaging technique,
several systems were also reported in [13–15] with high frame rate. Furthermore, an EIT system was
developed in our group [16] to reach the Data Acquisition (DAQ) rate of 833 fps when acquiring 120
spatial patterns with TDM. Nevertheless, in any case, high speed is reached at the price of a small
number of electrodes, a partial scanning strategy, or short measurement times.

Equivalent to TDM, in the early stages of X-ray tomography, a single source/detector pair was
rotated around a body to be imaged, resulting in a low acquisition rate. The improvement of X-ray
tomography systems led to multiple emitter/receiver pairs that do not interact with each other as X-rays
pass straight through the body. The sources and receivers are activated simultaneously, improving
significantly the acquisition rate. By analogy with the evolution of X-ray tomography, a solution
for increasing the speed of EIT is to perform simultaneous measurements. However, the sensitivity
regions within the body depend on the conductivity of the material, which is a priori unknown since it
depends on the conductivity distribution inside the body, which is unknown. Therefore, simultaneous
electrical emissions and measurements through surface electrodes result in a superposition of the
signals in the measurement channels.

The ONe Excitation for Simultaneous High-speed Operation Tomography (ONE-SHOT) is an
innovative method developed by our group [17] to give a solution for the problem of the superposition
of signals for simultaneous excitation in EIT systems. Based on simultaneous multi-frequency
stimulations, the overlapping of signals is discriminated using Frequency-Division Multiplexing
(FDM) techniques. FDM, used in telecommunications, consists of dividing the total bandwidth
available into a series of non-overlapping frequency bands, each of which is used to carry a separate
signal. FDM is used in the context of EIT [18,19], and simultaneous excitations at different frequencies
can be discriminated by demodulation, resulting in simultaneous excitations and measurements.

The ONE-SHOT approach brings several novelties in the field of FDM EIT. Firstly, in the excitation
strategy of the previous systems, half of the electrodes are tagged with an excitation frequency, and
the other half is used for measurement: the electrodes are either used for excitation or measurement.
The ONE-SHOT method provides current measurement in the excitation circuit, and each electrode
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is simultaneously used for both excitation and measurement. Secondly, in the previous systems, the
current excitation electrodes are tagged with a single frequency. On the other hand, ONE-SHOT
introduces in this article an experiment where 15 excitation signals at 15 frequencies are imposed
on a single electrode. It aims at demonstrating the applicability of FDM in this situation. Thirdly,
a central argument in using FDM is the absence of transients at the electrode–electrolyte, interface
resulting in a high data frame rate and low noise. The association of continuous excitations with a
point-by-point synchronous Fourier transform is discussed to optimize the data acquisition speed.
In addition, an innovative hardware method leads to the implementation of every excitation and
measurement, including real-time fast Fourier transform on a single FPGA chip.

The present article proposes a practical implementation of the ONE-SHOT in a physical
experiment to prove the feasibility of the method. The method was introduced in [17] for four
electrodes; however, in practice, EIT systems usually contain eight electrodes or more for better
performances. After an overview of the mathematical aspect of EIT in Section 2, a first step is to
determine the adequate number of electrodes for satisfying performances and to adapt the theory of
ONE-SHOT consequently (Section 3). Secondly, the high frame rate generates a large amount of data
to process. In the past few years the development of electronics made it possible to handle systems
allowing large measurement data to transfer [20]. The estimation of the optimal data transfer rate and
online computation speed is needed to choose the adequate hardware components, an issue that is
discussed in Section 4. Thirdly, the error propagation through the FDM is estimated in this context
based on two quantitative numerical simulations (Section 5). Finally, the article presents preliminary
results of the demodulation of 15 simultaneous excitation frequencies in Section 6.

2. Electrical Impedance Tomography

EIT is a type of non-intrusive technique widely used in medical, geo-physical, and industrial
imaging. From the information of electrical current and potential on the boundary of an object, the
Calderón’s inverse problem aims at determining the conductivity distribution inside the object. This
section introduces the mathematical aspects of EIT as generally reported in the literature.

The system Ω ⊂ R
3 in which the image reconstruction is considered is cylindrical (Figure 1).

EIT is a technique to solve the inverse problem of determining the conductivity function
γ(x, ω) = σ(x) + iωε(x) within the interior of Ω [2–4]. Here, σ(x) is the isotropic electrical
conductivity field, ε(x) the permittivity, and ω the angular frequency. EIT operates at ω � 1 GHz, so
the imaginary part of γ can be neglected γ(x, ω) → σ(x). The closure of Ω is denoted as Ω̄, and its
boundary is ∂Ω.

Figure 1. (a) Scheme of the EIT sensor prototype of height 336 mm, external diameter 120 mm, and
inner diameter 80 mm containing 32 electrodes of length 150 mm and width 6 mm. In the current
experiment, one over two, 16 electrodes are connected to coaxial cables with the SubMiniature Version A
(SMA) connectors, also shown in the figure. (b) Representation of the 16 electrodes in the cross-section
of the EIT detector.
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In EIT, the conductivity function σ(x) is unknown and has to be determined from simultaneous
excitations and measurements of the voltage u(x) and the current j(x) = σ(x)∇u, on the boundary.
The Maxwell equations define j(x) to be divergence free. Thus, Ohm’s law gives the partial
differential equation:

∇ · j(x) = 0 for x ∈ Ω. (1)

The EIT detector contains a set of ne electrodes. On each electrode En ⊂ ∂Ω for 0 ≤ n ≤ ne (Figure 1b),
the potential Vn and the current In are either given or measured, defining the boundary conditions.
Equation (1) is taken with either the Dirichlet boundary conditions:

u(x) =

{
Vn(x) for x ∈ En,

0 for x ∈ ∂Ω and x /∈ En,
(2)

or the Neumann boundary conditions:

j · n(x) =

{
In(x) for x ∈ En,

0 for x ∈ ∂Ω and x /∈ En,
(3)

where n(x) is the unitary vector on the surface pointing outward at x ∈ ∂Ω. The Neumann boundary
conditions have the additional requirement that:

ne

∑
n=1

In(x) = 0, (4)

as required by Equation (1) for well-posedness. In addition, in the case of imposed potentials, the
Dirichlet boundary conditions are chosen with the average-free boundary voltage requirement:

ne

∑
n=1

Vn(x) = 0, (5)

in order to define the ground value.
The so-called Dirichlet-to-Neumann (DtN) map Λσ : u|∂Ω 	−→ σ(x)∇u · n|∂Ω is the operator

that links the imposed potential (i.e., Equation (2)) to the current on the boundary. Equivalently, the
Neumann-to-Dirichlet (NdD) map Rσ : σ∇u · n|∂Ω 	−→ u|∂Ω yields the voltage distribution from
any given current-density distribution on the boundary (i.e., Equation (3)). The DtN or NtD map
contains the information to determine σ(x) from the set of Vn(x) (or In(x)). The aim of EIT is to
reconstruct the conductivity distribution σ(x) while imposing either the Dirichlet or the Neumann
boundary conditions while measuring respectively the currents or the potentials over the electrodes
[21,22]. Finally, the measurements relative to different excitation patterns constitute the data frame,
which is used to solve the associated inverse problem to reconstruct σ(x).

3. Specifications of the Proposed EIT System

The ONE-SHOT method was introduced in [17], which contains motivating results that predict
the feasibility of the demodulation of simultaneous excitations with respect to their frequencies.
Nevertheless, the proof-of-principle experiment is based on a four-electrode EIT system. The number
of independent pairs of excitation for such systems is six, implying six simultaneous excitations at
six different frequencies. In practical EIT, the number of electrodes is an important parameter since it
allows more measurements and a better conditioning of the inverse problem. Usually, EIT systems
contain more than eight electrodes.

7
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The need for more simultaneous measurements is the motivation to evolve the ONE-SHOT
method with the increased number of electrodes and, consequently, the number of excitation
frequencies. This section discusses the choice of developing the ONE-SHOT excitation strategy
for 16 electrodes in Section 3.1. Secondly, the ONE-SHOT excitation strategy is generalized to any
number of electrodes in Section 3.2 and then adapted for 16 electrodes in Section 3.3. This process
increases significantly the number of independent pairs and the complexity of the corresponding
excitation patterns. Finally, choosing the frequencies is a challenging task. A choice is proposed in
Section 3.4 to ensure discriminability, a high rate, and adaptivity to high-speed hardware systems.

3.1. Adequate Number of Electrodes

A large number of measurements is required to well condition the inverse problem for an accurate
and stable solution. Consider an EIT device containing a set of ne electrodes. The maximum number
of measurements is:

M = N × ne, (6)

where N is the total number of independent excitation pairs, i.e.:

N =
ne (ne − 1)

2
. (7)

As M ∼ n3
e , the dataset size increases rapidly as the number of electrodes increases. One can

expect that larger values of the parameter ne lead to images of better quality.
To evaluate this, the open access code EIDORS (Electrical Impedance Tomography and Diffuse

Optical Tomography Reconstruction Software) [23] was used. The code provides software algorithms
for forward and inverse modeling for EIT and diffusion-based optical tomography, in medical and
industrial settings. Synthetic data of several flow patterns with EIT detectors containing ne = 8, 16,
and 32 electrodes are computed. The data are associated with an image based on the linear back
projection reconstruction algorithm. This non-iterative method projects the set of voltage variations
[δVn] between homogenous and an inhomogeneous conductivity data onto the maps of conductivity
change δσ(x) with a set of sensitivity coefficients S calculated with a linearized version of the inverse
problem [24].

In the simulations of Figure 2, the domain is filled with homogenous water of conductivity
0.5 S·m−1 with the addition of steam bubbles of conductivity 1 × 10−5 S·m−1. Three patterns are
represented in the figure. The number of measurements is M = 224 for ne = 8, M = 1 920 for
ne = 16, and M = 15 872 for ne = 32. For every pattern, increasing ne improves the image quality,
as expected. However, the situation ne = 32 does not give much more accuracy than ne = 16, even if
the number of measurements is multiplied by more than eight. This result is a known matter in the
field of EIT.

Any system with a high frame rate brings an important amount of data. The balance between
high image accuracy and low data size led us to develop an EIT system with a specific number of 16
electrodes. According to Equation (7), the full set of excitations for an EIT system of 16 electrodes is
N = 120.

8
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Figure 2. Image reconstruction using linear back projection from simulated data of bubbles in liquid
for EIT detectors containing 8, 16, and 32 electrodes, represented with the green circles. On the left, one
bubble of diameter 0.1 D, with D being the diameter of the pipe. In the middle, two bubbles of the
same diameter. On the right, stratified flow. The gas–liquid interface is shown with the purple line.

3.2. General Simultaneous Excitation Pattern for ne Electrodes

ONE-SHOT has to be adapted for a larger number of electrodes. As in Equation (7), the total
number of independent measurements N defines the number of frequencies that have to be generated
simultaneously to maximize the number of measurements for a given system. The excitation is a set of
voltages imposed on the electrodes and is generated from a basis of N sines. Moreover, as discussed in
Section 2 the excitation pattern ensures that the sum of boundary voltages is zero at any time.

One defines the signal Ψi as:
Ψi(t) = A sin(2π fit). (8)

Then, given an arbitrary number ne of electrodes, one defines the excitation voltage Vn(t) at an arbitrary
electrode n ∈ {1, . . . , ne} using the following recurrence relation:

Vn(t) = −
n−1

∑
j=1

[
Vj(t)

]
n−1 +

�max
n

∑
�=�min

n

Ψ�(t) (9)

where:

�min
n = (n − 1)ne − n(n − 1)

2
+ 1 and �max

n = n ne − (n + 1)n
2

(10)

and with
[
Vj(t)

]
n−1 designating the (n − 1)th element of the identity defining the voltage Vj(t), under

the convention that the terms Ψi are always ordered with increasing index i in such an identity.
Moreover, in (9), we adopt the convention that a sum is identically zero if the value of the starting
index is larger than that of the ending one.

9
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3.3. Simultaneous Excitation Pattern for 16 Electrodes

We are now interested in applying Equation (9) in the situation of ne = 16 electrodes. In this
situation, N = 120 and the set of excitation voltages [Vn(t)] is:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

V1(t) = +Ψ1 +Ψ2 +Ψ3 + ... +Ψ14 +Ψ15

V2(t) = −Ψ1 +Ψ16 +Ψ17 + ... +Ψ28 +Ψ29

V3(t) = −Ψ2 −Ψ16 +Ψ30 + ... +Ψ41 +Ψ42

V4(t) = −Ψ3 −Ψ17 −Ψ31 + ... +Ψ53 +Ψ54
...

V15(t) = −Ψ14 −Ψ28 −Ψ41 − ... −Ψ118 +Ψ120

V16(t) = −Ψ15 −Ψ29 −Ψ42 − ... −Ψ119 −Ψ120

(11)

where the frequency f120 is the Nth frequency for ne = 16. Finally, the verification of Equation (5)
from the excitation pattern of Equation (11) is straightforward.

3.4. Determination of the Excitation Frequencies Based on the Measurement Time Window

The main advantage in the use of a continuous multi-frequency excitation method is the absence
of transients between successive projections, resulting in a diminution of the measurement error
from the absence of the residual voltage in the electrode–electrolyte contact impedance. Concerning
ONE-SHOT, the values of the frequencies remain as free parameters. In this section, we suggest
suitable values based on the performances of the DAQ system.

The first observation is that in order to ensure continuous excitations and measurements in
parallel, the frequencies of the excitation signals have to be harmonics of a fundamental frequency
f0. A wise choice is to define f0 as the frequency of the Discrete Fourier Transform (DFT) of a P-point
measurement sequence {Vn(p)} and p the discrete time. The discretisation of the time is due to
the sampling rate of the DAQ system at the frequency fDAQ, with the discretisation time interval
Δp = 1/ fDAQ, implying:

f0 =
fDAQ

P
. (12)

The DFT of the real-valued sequence {Vn(p)} in the 1 ≤ n ≤ ne measurement channel is:

V̂n(k) =
1
P

P−1

∑
p=0

Vn(p)e−ikβp , k = 0, ..., P − 1, (13)

with βp = 2πp/P, and a synchronous sampling is assumed. The real and imaginary parts of V̂n(k):

Rn(k) =
1
P

P−1

∑
p=0

Vn(p) cos(kβp) (14)

and:

In(k) = − 1
P

P−1

∑
p=0

Vn(p) sin(kβp) (15)

define the module Mn(k) and the phase φn(k) of each frequency domain sample V̂n(k):

Mn(k) =
√

R2
n(k) + I2

n(k) (16)

and:

φn(k) = arctan
(

In(k)
Rn(k)

)
. (17)

10
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The adequate situation where the frequencies fi of the generated sines Ψi are multiples of f0 leads
to the following observation: To each k-coefficient is associated a frequency fk, which is linked to the
DFT computation frequency f0 by fk = k f0, for k = 0, ..., P − 1, and the following difference, which
defines the resolution in the Fourier space:

Δ fk = fk+1 − fk = f0. (18)

Choosing the generated frequencies as harmonics of f0 leads to a match between fi and fk such
that fi = fk, for i = k and i = 0, ..., P − 1.

This observation is particularly interesting as with a given magnitude Mn(k) is associated a
frequency fk, which corresponds to one and only one generated signal frequency fi on the electrode
n. Therefore, the set of [Mn(k)] for all n and k is one frame of the EIT data. The frame is acquired at
the frequency f0 and contains the full set of independent excitations and measurements to define the
Dirichlet or the Neumann boundary conditions.

A first remark is that the highest frequency fN is constrained below the Nyquist limit:
fN ≤ fDAQ/2. A second remark concerns the phase shift, which describes the difference in radians
when two or more alternating quantities reach their maximum or zero values. The phase shift of
an electric signal passing through a material depends on the frequency [16]. In ONE-SHOT, the
continuous generation of signals makes the phase shift independent of the Fourier magnitude. This
is true because of the choice of the generated signals that are harmonics of the Fourier computation
time window.

In standard EIT, the measurement associated with one excitation configuration corresponds to
a voltage or current input over one or several periods of an alternative excitation at a given fixed
frequency. The corresponding data are a set of tens of points per measurement, which multiplied
by M (Equation (6)) gives the total number of samples per frame. On the other hand, in the Fourier
space, the corresponding data for the same measurement becomes a single element Mn(k) with n and
k defined. Building a data frame with the Fourier elements reduces significantly the data size.

Finally, the determination of the frequencies for the application of a 16-electrode ONE-SHOT
excitation strategy strongly depends on the acquisition rate fDAQ of the DAQ system and the choice
for the number of measurement points P used to compute the DFT.

4. The Data Acquisition System

The concretization of an experiment to implement ONE-SHOT is based on the proposed hardware
system presented in Figure 3. It is composed of three elements: the EIT sensor that contains the
electrodes, the Printed Circuit Board (PCB) to distribute the signals, and the DAQ controller to manage
the excitations and measurements.

Section 4.1 contains a discussion on the requirements for each component that led to the choice
of this particular system. Then, in Section 4.2, the excitation and measurement strategy is applied to
this system.

4.1. Selection of the Hardware

The starting point in creating a physical experiment for simultaneous EIT excitations and
measurements is to establish the requirements on the DAQ system. The following details the issues
and solutions found for the conception of its different components.

4.1.1. The EIT Sensor

The EIT sensor is composed of a ring of electrodes in contact with the fluid and is non-intrusive.
The electrodes must be insulated from each other and made in a conductive and robust material. In
addition, the excitation and measurement signals at the electrodes are possibly of low amplitude.
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Figure 3. Layout of the DAQ system. On the left, details of the PCB that includes 16 independent
circuits for voltage measurements over 100 Ω resistors. On the right, the FPGA-based CRIO-9039
configuration containing four NI-9223 AI modules, three NI-9262 AO modules, and a Direct Memory
Access (DMA) buffer all controlled by the host, operated by Linux. In red, the excitation circuit. In
green, the measurement circuit.

The EIT sensor prototype used in our experiment is shown in Figure 1a. It was a 336 mm-long
cylinder PMMA prototype with an internal diameter of 80 mm containing a set of 32 electrodes. The
electrodes were chosen to be made of stainless steel. They were 150 mm long and 6 mm wide, and
their surface was tangential to the inner pipe surface and collinear to the axis of the cylinder. In the
experimental setting considered, only one over two, 16 electrodes were connected. The characteristics
of the detector were chosen for future tests on static and dynamic flow measurements at the Laboratory
of analytical Thermohydraulics and Hydromechanics of Core and Circuits (LTHC). More details on
the design of the EIT for flow measurement applications can be found in [25].

The signal was routed to the electrodes using shielded coaxial cables. The EIT sensor provided
Sub Miniature version A (SMA) adaptors to ensure the connection of the electrodes with the inner wire
of the coax and the insulation of the shielding.

4.1.2. The Printed Circuit Board

The main motivation in using the ONE-SHOT strategy is its high data acquisition rate. The natural
choice for the hardware is to provide a very high sampling rate for excitation and measurement. As in
Section 2, EIT relies on imposing or measuring either a voltage or a current on the boundary. However,
the sampling rate for generation and acquisition of current is usually much slower than for the voltage.

A one-layer PCB (Figure 3) was designed to manage the voltage excitations and, in parallel, the
current measurements. The currents passing through the electrodes (Neumann boundary conditions)
were reconstructed from voltage measurements over 16 sense resistors of 100 Ω in the 16-electrode
circuits on the PCB. This allowed current measurement using an analog voltage sampling at the DAQ
level for a high sampling rate. Moreover, the PCB provided coaxial connectors and ensured the signal
shielding with a ground connection.

4.1.3. The DAQ Controller

The DAQ controller was required to perform 16 voltage excitations and 16 voltage measurements
in parallel at high rate with great accuracy. The output configuration contained the generation of
120 sines at 120 different frequencies and a distribution onto the 16 electrodes under Equation (11).
The input configuration computed the DFT online for each electrode signal at a high rate, based on
the Fast Fourier Transform (FFT) algorithm. Finally, the DAQ controller was required to perform fast
data storage.
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Apart from the performance requirements, the DAQ controller must be robust and light weight for
transportation purposes in future prospects of experiments on several hydraulic loops. It also has to be
controllable at a distance for an application to high pressure and high temperature flow experiments.

The strict requirements of fast computations in both output and input for multiple channel
operations, including FFT, suggest the use of a Field Programmable Gate Array (FPGA). In recent
years, the number of logic blocks contained in an FPGA chip increased, and the generation of a large
number of arbitrary signals became feasible.

A suitable device for the DAQ controller in the ONE-SHOT hardware system is the
National Instruments CRIO-9039 (NI CRIO-9039: http://www.ni.com/pdf/manuals/375697d_02.pdf)
controller, which includes a 1.91-GHz Quad-Core CPU, 2 GB of DRAM, and the Xilinx’s FPGA Kintex-7
325T. The FPGA includes 326,080 logic cells, 840 digital signal processing slices, and 16,020 block RAM
elements. The main advantage of the FPGA is that it includes a large number of logic cells and large
block RAM, which are required in our experiment to perform the operations described in Section 3.
The adequate use of the FPGA allows fast DFT for a minimal data frame size, which allows efficient
data transfer and reduces storage.

The CRIO-9039 DAQ controller includes a Linux host computer that operates ONE-SHOT with
LabView 2017 Real-Time and FPGA. The monitoring of ONE-SHOT results in a large amount of data
over numerous channels. The fast data monitoring is based on Direct Memory Access (DMA), a buffer
to send the data to the host computer. In addition, the CRIO-9039 provides 8 slots in which Analog
Output (AO) and Analog Input (AI) modules are connected.

4.1.4. Output and Input Configuration

Regarding the necessity for fast and accurate operations, the AO was managed with the NI-9262
(NI-9262: http://www.ni.com/pdf/manuals/377139a_02.pdf) module to provide the voltage outputs.
The six-channel module had a typical output voltage range of ±10.742 V, including an internal
noise of 150 μV RMS per channel. In the system, three NI-9262 modules were connected to the
16-output excitations.

Concerning the AI, the NI-9223 (NI-9223: http://www.ni.com/pdf/manuals/374223a_02.pdf)
module is suitable to provide voltage inputs. The NI-9223 includes four channels with a typical input
voltage range of ±10.6 V with a noise of 229 μV RMS per channel. A total of four NI-9223 modules
were required to connect the 16 input measurements.

Finally, the digitalized data format for both AO and AI modules were (20,5) fixed points: 20 bits
allocated to the number including 5 precision digits. The data were operated at a sampling rate of
1 Mega Sample per second (MS/s) for both AO and AI, which is very competitive in terms of the
performance requirements.

4.2. Practical Excitation and Measurement Strategy

In Figure 3, the excitation circuit is detailed in red. The host computer controls the FPGA to
provide a fast generation of 120 sine signals. A second function inside the FPGA distributes the sines
to the electrodes as in Equation (11). The 16 signals are transformed from 1 MS/s digital to analog
signals using the NI-9262 modules and sent with coaxial cables to the electrodes through the resistors
of the PCB.

In parallel, the measurement circuit, shown in green in Figure 3, contains AI modules to digitalize
the voltages taken over the 16 resistances on the PCB. The FPGA-based DFT computation provides
the signal magnitude and phase for each Fourier coefficient at the high rate of 1 MS/s. The electrode
number n and Fourier coefficient k are associated with the magnitude value to provide its address:
the host computer uses the address as x and y coordinates for the magnitude to build the data matrix.
The FPGA sends the data with a Direct Memory Access (DMA) to ensure fast operations and reliability.

Considering the sampling rate of 1 MS/s of the DAQ system, one solution for the frequencies of
the generated signals (Equation (11)) in the situation of a 16-electrode EIT sensor consists of fi = i f0
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for 1 ≤ i ≤ N and N = 120, as in Equation (7). Furthermore, the DFT computation can be chosen to be
over P = 512 points and results in a data frame acquisition rate of 1 × 106/512 = 1953 fps. This choice
implies the lowest sine frequency f1 to be the same as the DFT computation frequency. The highest
frequency fN = f120 is 234.375 kHz, below the Nyquist limit of 500 kHz for the considered system.

5. Analysis of the Error Propagation in DFT

Besides the hardware configuration, the measurement performances strongly depend on the DFT
algorithm, which may have an influence on the uncertainty of the output data [26]. Consequently, there
is a great interest in evaluating the systematic uncertainty in the DFT reconstruction. Two simulations
are proposed, firstly in Section 5.1 without noise to assess the systematic uncertainty due to the
discretisation of the DFT into P = 512 points and, secondly, in Section 5.2, another simulation with a
noisy signal to assess the propagation of noise in the DFT by quantifying the magnitude change in the
Fourier space.

5.1. Noise-Free Sine Simulation

In the first step, the experiment focused on a limited number of frequencies. Let us impose
16 voltage excitation signals over the electrodes: 15 sines Vn of frequencies fi and amplitude A
such that:

Vn = A sin(2π fi p), for n = 1, ..., 15 and i = n (19)

over the electrodes En. In addition, the definition of the ground (Equation (5)) suggests a drain voltage:

VDrain = − A ∑
i

sin(2π fi p) (20)

imposed on the remaining electrode E16 (Figure 4).

Figure 4. The 15 Excitation signals Vn imposed on electrodes En of frequencies i f1 for 1 ≤ i ≤ 15, and
f1 = (512 μs)−1. The drain excitation signal is shown in black on the left plot.

The lowest frequency is defined such that it corresponds to the frequency of the DFT computation
time window (Section 3.4). The DAQ system described in Section 4 has a sampling frequency of
1 MS/s, resulting in f1 = (512 μs)−1 = 1953.125 Hz, which is also the resolution in the frequency
space. Furthermore, the frequencies fi are the harmonics of f1 such that fi = i f1. The amplitude A is
0.8 V, so the drain signal remains in the NI-9262 AO module range limit of ±10.742 V.

The reconstruction of the magnitudes is shown in Figure 5. The systematic uncertainty due to the
512 points discretisation of the DFT was of the order of O(1 × 10−15) V.
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Figure 5. Simulation of the magnitudes of the 15 frequencies plus the drain at the 16 channels. On the
right, rescaled zoom in the bottom part in the logarithmic scale of the DFT plot to show the tails of the
peaks due to the discretisation onto 512 points.

5.2. Noisy Sines Simulation

The second objective was to assess the magnitude of the distortion of the kth harmonic due to the
noise in the measured signal. In the time domain, the noisy signal Ṽn(p) in the circuit of electrode En

contained a true signal Vn and a Gaussian additive noise δ such that:

Ṽn(p) = Vn(p) + δ(p). (21)

Since the Fourier transform is linear, the addition of noisy signal gives the following magnitude
in the kth harmonic of the measurement on the nth electrode, as in Equations (13)–(16):

M̃n(k) =

⎡
⎣( 1

P

P−1

∑
p=0

(Vn(p) + δ(p)) cos(kβp)

)2

+

(
1
P

P−1

∑
p=0

(Vn(p) + δ(p)) sin(kβp)

)2
⎤
⎦

1/2

. (22)

A simulation was proposed to assess the effects of a noisy signal by quantifying the magnitude
change ΔMn(k) = M̃n(k)− Mn(k). The probability function, δ, of the Gaussian-distributed Gaussian
noise pattern reads:

δ(p) =
1

s
√

2π
e−

1
2 (

p
s )

2
. (23)

Several noise amplitudes with various standard deviation s were generated and added to the
signal Vn of Figure 4. The DFT coefficients of four different frequencies of low and high harmonic
range are shown in Figure 6. On the abscissa, the Root Mean Square (RMS) of the generated noise
δRMS is compared with the amplitude A of the generated sine as in Equation (8).

Due to signal filtering in the DFT computation, the error of the DFT magnitude for a given
coefficient remains small by comparison with the original signal. However, the above simulation is
based on white noise, which is well filtered by the DFT computation. Nevertheless, in the experimental
case, it is important to detect possible constructing interference patterns in the noise, which could
correspond to a generated frequency. The lengths of the cables in the DAQ system for instance have to
be taken into account to not generate electromagnetic noise at one of the generated frequencies.
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Figure 6. Propagation of the Gaussian white noise through DFT computation for four generated
frequencies. The Noise RMS was computed from 1000 Gaussian white noises and averaged out. The
four curves follow the same linear interpolation: y = 2.14 × 10−4 x + 1.81 × 10−4.

6. Preliminary Experimental Results with 15 Different Frequencies

As discussed in the Introduction, the imaging rate of the well-established X-ray tomography
suddenly increased when considering several pairs of emitters and receptors for simultaneous
measurements. The novel idea, which consists of applying simultaneous excitations and measurements
in EIT, brings new challenges due to the fundamental differences existing between such hard field
and soft field systems. Apart from the radical difference in solving the inverse problem (Section 2),
multifrequency excitations and measurements have to be considered with the association of TDM in
the ONE-SHOT strategy.

The discriminability of the raw data is discussed in Section 6.1 in two harmonic ranges.
In Section 6.2, the noise measurement is shown with a discussion of the SNR of the measured data.
Section 6.3 introduces the images reconstructed from a set of measurement data.

6.1. Raw Data

The ONE-SHOT excitation strategy has as its goal one single excitation for all independent pairs of
electrodes, resulting in the generation of 240 positive and negatives sines (Equation (11)) of 120 different
frequencies (Equation (7)) for 16 electrodes. Implementing ONE-SHOT is a challenging task as it
requires fast voltage excitations of arbitrary signals and FFT computation of current measurements,
all in parallel over numerous channels. Nevertheless, the simulation results in Section 5 are a great
incentive to build the experiment as described in Section 4.

The preliminary results in this experiment are presented to prove the feasibility of using TDM in
EIT, based on the simultaneous excitation of 30 positive and negative sines at 15 frequencies and the
experimental DFT reconstruction of the same voltage excitation pattern as in Figure 4. Two frequency
domains are investigated: the low harmonic range where the 15 positives sines are the 15 first
harmonics of the DFT frequency f0 (Section 3.4). Furthermore, the high harmonic range contains the
harmonics 106–120: as discussed above, these higher frequencies are planned to be generated in the
future development of a full simultaneous excitation set.

6.1.1. Experimental Results in the Low Harmonic Range

An experiment was set up to measure a homogenous field of conductivity 300 μS/cm. The results
in the low harmonic range (Figure 7) are the DFT magnitudes Mn(k)/R of the 16 experimental
measurement signals computed from P = 512 data points, at a frequency of 1953.125 Hz for a data
sampling of 1 MS/s. The results are shown as the current by including R = 100 Ω, the resistance in the
measurement channel on the PCB. The authors observed a good accordance with the simulations of
Section 5. The comparison of the experimental results (Figure 7) with the simulated DFT reconstruction
of pure sines (Figure 4) led to the following observations:
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• The readers familiar with EIT may expect the following phenomenon. In the experimental data,
at the bottom of Figures 7 and 8, non zero currents were measured over electrodes that were not
excited at the corresponding frequency. Let us consider an electrode En with 1 ≤ n ≤ 15 excited
by a single sine of frequency fi. In the Fourier space (Figures 7 and 8), the measured current
passing through an electrode gives non-zero values for other frequencies. The reason comes from
the electric potential difference that appears between the excited electrode En with an imposed
potential Vn with −A ≤ Vn ≤ +A and a non-excited electrode Em whose potential is Vm = 0
for a given frequency fi in the Fourier space (Figure 5). This effect is particularly large for the
current in the adjacent measurement of the drain electrode in E1 and E15. These data depend on
the electrical conductivity distribution inside the body and have to be considered as well.

• The magnitudes of the Fourier coefficients in the experimental results were lower for the
mid-range harmonics than f1 and f15: Considering the finite electrical conductivity inside the
system, the current resulting from the potential imposed between two neighboring electrodes
was larger than the current resulting from the same potential imposed between two opposite
electrodes in the circular shape of the EIT sensor [16].

Figure 7. Measured current, represented as the magnitude of the DFT of 16 voltages over resistances
in the excitation circuit of the 16 electrodes. This result corresponds to excitations in the low
harmonic domain.

Figure 8. Magnitudes of the DFT from excitations in the high harmonic domain.
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6.1.2. Experimental Results in the High Harmonic Range

The main prospect of the ONE-SHOT excitation strategy is to consider simultaneous excitations
at 120 different frequencies for the EIT sensor of 16 electrodes. As in Section 3.4, the frequencies
were chosen to be harmonics of the fundamental frequency f0. The 120th harmonic f120 was then
234.357 kHz. We investigated the performance of ONE-SHOT in this higher harmonic range.

The experimental measurement resulted in the high harmonic range from f106– f120 is shown in
Figure 8. The discrimination of the signals by frequency offered equivalent performances to the low
harmonic case. However, an important remark is that the signal amplitudes in the high harmonic
range were lower than previously due to the impedance of water, which depends on the excitation
frequency. The result was a weaker response in amplitude in the high harmonic range for the same
conductivity change in the system. Investigations are ongoing for calibrating the amplitude of the
generated sines to have a similar response in every harmonic for a future generation of a full set of
120 excitations.

6.2. Noise Measurement

A set of voltage magnitudes M0
n(k), defined as in Equation (16), was experimentally measured

without any excitation to identify the noise spectrum. The results in Figure 9 show localized peaks in
the noise amplitude beyond the high harmonic frequency domain.

Figure 9. Noise measured over the full spectrum available for the sampling rate of 1 MS/s. The results
show five of the 16 electrode channels. The low, high, and very high harmonic ranges are also shown.

The SNR of a signal measured at a given electrode n and tagged with a given frequency k is
defined as follows:

SNRn(k) = log10

[
∑λ[Mn(k)]λ/R

∑λ([Mn(k)]λ/R)2 + ∑λ([M0
n(k)]λ/R)2

]
(24)

where λ is the number of data taken for averaging. The noise in the low harmonic range resulted in
an SNR of the raw signal of 69.1 dB in the lowest frequency magnitude in the excitation electrode
channels when averaging the signal from λ = 20 samples. In a non-excited channel, the signal was
O(0.1) weaker, resulting in an SNR of about 60 dB depending on the signal magnitude. In the high
harmonic range, the SNR was 59.6 dB for the highest harmonic.

The very high frequencies 250 ≤ 500 kHz, bounded above by the Nyquist limit, could be
considered as excitation frequencies. However, a proper shielding of the DAQ system must be
investigated. A large part of the noise was caused by electrical noise in the PCB. For this reason, a new
PCB is being manufactured. Finally, the results showed that the noise completely covered the DFT
systematic uncertainty (Section 5.1), which is completely negligible.
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6.3. Image Reconstruction from 16 Datasets

The main objective of the present manuscript is the implementation of a method to obtain a very
fast EIT data frame acquisition rate. From such data, the user can then reconstruct an image with any
given reconstruction algorithm in post-processing, a step that we consider to be distinct from our main
goal. As an example, we are interested in the image reconstruction of the above data. However, the
datasets are incomplete by comparison with the ONE-SHOT excitation prospects of Equation (11).
A solution consists of reconstructing the full dataset in the post-processing.

The results described above contained a complete set of excitations for the drain electrode.
It is possible to consider another drain electrode and another frequency set to obtain another set of
measurements, independent of location and frequency.

The rotation of the drain over the 16 electrodes resulted in 16 × 15 = 240 pairs of excitations.
The symmetry suggested to consider only half of the data. The full dataset was deduced and contained
the decomposition of 240 signals from 120 excitation pairs, measured over the 16 resistances of the
PCB. Therefore, the full dataset included a total of 1920 elements. To sum up, the sequential excitations
with the drain located on each of the 16 electrodes resulted in a dataset equivalent to the one expected
by the full implementation of the ONE-SHOT method.

Several datasets were measured from the inclusion of non-conducting PMMA rods in the test
section of Figure 1 filled with tap water with a conductivity of σ = 635 μS·m−1. The one-step
least-squares iterative reconstruction method [27,28] was implemented, and the results are shown
in Figure 10.

Figure 10. Electrical conductivity indicator function. Two non-conductive rods of diameter 20 and
30 mm, shown with black circles, are inserted in the test section filled with salt water. (a) A 30-mm rod
at the center. (b) A 20-mm rod half way to the edge. (c) A 20-mm rod on the edge. (d) Two rods on
the edge.

The results showed similar image reconstruction performances as another EIT system [16] based
on TDM and using the same reconstruction algorithm. As usual in EIT, the sensitivity was much
higher close to the electrodes. This effect resulted in sharp gradients when imaging the inclusions
inserted at the edge.

Finally, the frame rate of the ONE-SHOT system can be changed by integrating the FFT over more
or less data points. For instance, choosing the FFT to be computed over 512 points as considered in
this article resulted in the frame rate of 1953 fps. In this case, the 120 frequencies can fill all the discrete
values from 1953 Hz to the Nyquist limit of 500 kHz with Δ f = 1/512 μs = 1953 Hz the minimal gap
between two neighboring values. The high frame rate was at the cost of a large frequency bandwidth.
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7. Conclusions

This article assessed the feasibility of simultaneous excitations and measurements using a
multi-frequency strategy for high-speed electrical impedance tomography, based on the ONE-SHOT
excitation method. The motivations for increasing the data frame rate for EIT measurement followed
by an overview of the mathematical aspect of EIT were presented in Sections 1 and 2, respectively.
The requirements for the hardware system based on the excitation strategy and measurement process,
as well as the motivations to determine the number of electrodes were discussed in Section 3. An
efficient hardware solution for implementing the simultaneous EIT excitation strategy was proposed
in Section 4 with an analysis of the error and noise propagation through the measurement process in
Section 5. Finally, experimental results were shown in Section 6 in the low and high harmonic ranges
of the excitation signals.

Table 1 compares the performances of ONE-SHOT with a number of existing high-rate EIT
systems. The description of the different hardware systems contains several characteristics that have
to be considered while comparing the data frame rates, including the Number of Measurements per
Seconds (NMS). Firstly, the AI sampling frequency directly impacted the data frame rate. Secondly, the
data size was an important factor to maximize for a good conditioning of the inverse problem. Thirdly,
the noise also directly impacted the image quality. The noise of the ONE-SHOT system was the value
currently measured in a partially-shielded DAQ prototype. Future tests, especially including the new
PCB, will result in better performances in terms of SNR.

Table 1. Comparison of the performances of the ONE-SHOT simultaneous excitation difference with
several high-rate EIT systems with single-frequency multiplexing strategies.

fDAQ
(MHz)

Data
Size

Data Frame Excitation
System ne NMS Acquisition Frequency SNR (dB)

Rate (fps) (kHz)

Phantom [11], 2008 1 64 15 × 63 172,652 182.7 1–10,000 65.5–98.6

Phantom [12], 2015 10 16 16 × 16 28,160 110 97.65 90

ProME-T[16], 2017 2 16 16 × 120 1,599,360 833 15 60

ONE-SHOT, 2019
(preliminary results) 1 16 16 × 15 468,744 1953.1 2–250 59.6–69.1
(prospects) 1 16 16 × 120 7,500,000 3906.3 4–469 -

The next experimental step is to measure a full scan by exciting all independent pairs of electrodes.
For a 16-electrode EIT device, the number of frequencies becomes 120, bringing several new challenges.
Mainly, the limit imposed by the Nyquist frequency of 500 kHz for the current system associated with
the resolution in the frequency space from the choice of the DFT computation time window results
in a maximum number of harmonics. Adding more frequencies may impose a longer time window,
directly impacting the data frame acquisition rate. However, considering frequencies in the very high
harmonic range may drastically affect the SNR due to higher resistivity and noise peaks. Furthermore,
the limited physical space in the FPGA restricts the number of sine generators. The prospects of the
performances of ONE-SHOT are also shown in Table 1. In these prospects, the DFT computed over
measurements of P = 256 points may increase the data acquisition rate, keeping f120 = 469 kHz, below
the Nyquist limit.
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Abbreviations

The following abbreviations are used in this manuscript:

AI Analog Input
AO Analog Output
DAQ Data Acquisition
DFT Discrete Fourier Transform
DMA Direct Memory Access
DtN Dirichlet-to-Neumann
ECT Electrical Capacitance Tomography
EIDORS Electrical Impedance Tomography and Diffuse Optical Tomography Reconstruction Software
EIT Electrical Impedance Tomography
FDM Frequency-Division Multiplexing
FFT Fast Fourier Transform
FPGA Field Programmable Gate Array
fps frames per seconds
LTHC Laboratory of analytical Thermohydraulics and Hydromechanics of Core and Circuits
MS/s Mega Samples per second
NtD Neumann-to-Dirichlet
NMS Number of Measurements per Seconds
ONE-SHOT ONe Excitation for Simultaneous High-speed Operation Tomography
PCB Printed Circuit Board
RMS Root Mean Square
SMA SubMiniature version A
SNR Signal-to-Noise Ratio
TDM Time-Division Multiplexing
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Abstract: Presently, Electrical Capacitance Tomography (ECT) is positioned as a relatively mature
and inexpensive tool for the diagnosis of non-conductive industrial processes. For most industrial
applications, a hand-made approach for an ECT sensor and its 3D extended structure fabrication
is used. Moreover, a hand-made procedure is often inaccurate, complicated, and time-consuming.
Another drawback is that a hand-made ECT sensor’s geometrical parameters, mounting base profile
thickness, and electrode array shape usually depends on the structure of industrial test objects,
tanks, and containers available on the market. Most of the traditionally fabricated capacitance
tomography sensors offer external measurements only with electrodes localized outside of the test
object. Although internal measurement is possible, it is often difficult to implement. This leads to
limited in-depth scanning abilities and poor sensitivity distribution of traditionally fabricated ECT
sensors. In this work we propose, demonstrate, and validate experimentally a new 3D ECT sensor
fabrication process. The proposed solution uses a computational workflow that incorporates both
3D computer modeling and 3D-printing techniques. Such a 3D-printed structure can be of any shape,
and the electrode layout can be easily fitted to a broad range of industrial applications. A developed
solution offers an internal measurement due to negligible thickness of sensor mount base profile.
This paper analyses and compares measurement capabilities of a traditionally fabricated 3D ECT
sensor with novel 3D-printed design. The authors compared two types of the 3D ECT sensors using
experimental capacitance measurements for a set of low-contrast and high-contrast permittivity
distribution phantoms. The comparison demonstrates advantages and benefits of using the new
3D-printed spatial capacitance sensor regarding the significant fabrication time reduction as well as
the improvement of overall measurement accuracy and stability.

Keywords: 3D; ECT; 3D-printing; sensors; modeling

1. Introduction

Electrical Capacitance Tomography (ECT) is a non-intrusive and non-invasive imaging modality
dedicated to monitoring industrial processes in pipelines and reactors, wherever non-conducting
dielectric materials’ mixtures are processed. Typical examples may be shown as follows: gas-oil
flows [1], solid particle flows [2] or reservoirs [1,3–5]. A typical ECT system measures mutual
capacitance changes between pairs of electrodes distributed around the circumference of an industrial
process container or pipe [6–9]. The amount of measurement data depends on used hardware
(typically 66–496) and its acquisition rate may vary from a few to hundreds of images per
second [6,9]. Thereafter, collected data can be processed by a high-performance PC system using
mathematical modeling [5,10] and specialized algorithms for reconstruction of images [5,11–13],
analyzing raw data [3,8,14,15] and finally making a right diagnostic decision for process control and
automation [16–18].

Industrial processes generally have a 3-dimensional nature. Hence, it is an obvious tendency to
sense and measure phenomena in real 3D space occupied by these industrial processes. Therefore ECT
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tomography is evolving from the z-axis averaged measurement recorded in the cross-sectional plane
to the 3D scanning of the entire volume [8,13,16,19–22]. Classical ECT measurement systems employ
a single-layer regular electrode layout for cross-sectional sensing. Image reconstruction processes
strongly rely on a quality of the measurement sensitivity analysis [5,16,23–25]. Sensitivity analysis
focuses on the modeling of an electric field inside the sensing space volume. Hence, it tends to minimize
the reconstruction approximation error for the given measurement data set. However, 3D ECT sensors
concepts extend the notion of the reconstruction from the plane cross-sectional imaging to the fully
volumetric reconstruction of the given material distribution in the entire sensor space as has been
reported in [2,23,24,26,27]. This work reveals the new concept of various ECT sensor 3D structure
arrangements. The main components of 3D ECT systems are illustrated in Figure 1.

Figure 1. 3D ECT system and its components.

This research work is devoted to a new type of 3D ECT sensor structure where its mounting
support is completely fabricated using 3D printing technology. A comparison of 3D-printed ECT
sensor and traditionally fabricated sensor will be performed in to investigate their detectability for
low- and high-contrast dielectric phantoms. The comparison demonstrates differences and similarities
of using the new 3D-printed spatial capacitance sensor over a traditionally fabricated device.

2. Theoretical Fundamentals of 3D ECT Sensor Modeling

3D capacitance tomography sensor modeling is typically named as a forward problem.
Forward problem-solving techniques employ simulation of output measurement data for a given set
of excitation values as well as permittivity values characterizing the dielectric material distribution.
The inverse problem can be considered to be an imaging result or a raw analysis for a given dataset of
measurement records. In 3D ECT tomography data workflow, the forward problem must be solved
before the inverse problem solution.

To solve a 3D ECT forward problem, two assumptions can be made. The first one is no wave
effect. The second one is a low-frequency approximation approach to Maxwell’s equation-solving.
Therefore in a simplified mathematical 3D ECT model, the following electrostatic approximation
(Equation (1)):

0 = ∇× E (1)

is made. This approach leads to neglecting the effect of wave propagation. Taking (Equation (2)):

E = −∇ϕ (2)

one can assume no internal charges. Hence, the following Equation (3) holds:

∇ε(x, y, z)∇ϕ = 0 (3)
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where: ϕ is a spatial distribution of electric potential inducted by electric field E, ε(x, y, z) is a spatial
dielectric permittivity distribution. The potential ϕ of each electrode can be derived from Equation (4):

ϕ = νk at eleck (4)

where: eleck is the kth electrode at the potential νk. To solve this equation, one can apply a variety of
numerical methods. In this work, the finite element method (FEM) method is employed to derive
(Equation (5)):

Y(ε)ϕ = F (5)

where: the matrix Y is the discrete representation of the operator ∇ε∇ including the Dirichlet-type
boundary conditions, the vector F is the Neumann type boundary condition term and ϕ is the
approximated electric potential solution. The total electric charge Q on the electrode ek is given
by Equation (6):

Qk =
∫

ek

ε
∂ϕ

∂n
dx2 (6)

where: n is the inward normal on the kth electrode.
The FEM is recognized as an efficient computational tool that can be applied for a 3D ECT sensor

design and modeling process to simulate an interior electric field dispersion [24]. It may significantly
help for the capacitance value estimation as well as sensitivity maps to optimize sensor geometry and
structure. The sensitivity maps, dependent on the sensor geometry, are essential characteristics of the
3D ECT systems [2]. One of the ECT sensing systems features an extremely small sensing ability in the
middle of the sensor, due to the incapitalization capacitance values can be very small for most distant
layers, typically in the range of 0.01–1 pF [13] and it differences with low and high-contrast media the
dimensions of the electrodes must be a trade-off between their heights and mutual capacitances. It is
necessary to achieve a measurement range comparable with measurement range of the used system
hardware. Homogeneous sensitivity distribution inside a sensing domain is also an electrical field
intensity uniformly inside an investigated volume [2,13,21,28].

The common 3D ECT sensor is an array of metal-plate electrodes arranged around the sensed
medium, typically on an outer boundary of a non-conducting pipe. External, grounded potential shield
keeps the electric field lines inside the sensor space. In some cases of conducting reactors, such as
metal pipes or containers, the electrodes are located on the inside surface of the reactor. Whenever
this is the case, the metal walls are then regarded as the electric shielded layer with the other external
coupling components such as the radial and guard electrodes, to improve the quality of measurements
and hence the reconstruction process.

3. 3D Modeling & Printing of ECT Capacitance Sensors

3D printing usually refers to the additive type of manufacturing 3D objects. This process is
conducted with use of 3D printers following detailed, computer-aided scripts generated from a digital
model prepared for fabrication processes. The resulting object is produced in an iterative process of
adding consecutive layers of melted substance on top of another. This work presents a design and
outcomes of a spatial capacitance sensor fabricated with the aid of the Fused Filament Fabrication
technique. To develop a new mechanical structure of precise 3D ECT sensor, its computational design
must be prepared first. The Blender modeling software suite was employed to prepare a complete
design of a 3D sensor structure. We used the stereolithography (STL) format output from the Blender
software. The mechanical design model for 3D printing was developed under several important
constraints, especially in accordance to the mesh structure design guidelines. The internal support
mesh structure was strictly validated for thin-wall issues, redundancy required for stiffness, layered
production compliance, etc.

The proposed design of the sensor was of substantial size exceeding standard equipment
maximum print height in vertical direction. Hence, it was decided to divide the sensor print into 2
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distinct elements. The maximum print height for Ultimaker 3, employed in this study, is 200 mm.
The final design was rearranged into 2 symmetrical parts, therefore some additional joint elements
(insets and holes were added at the contact edges) were required to connect both elements after the
printing. Additionally, walls separating electrode layouts at the outside external side were printed at
half thickness to ensure tight fit and uniformity of the 3D sensing structure.

The next step was to prepare the 3D printing configuration. In this study, the Ultimaker 3
printer with PLA (polylactic acid) filament and Ultimaker CURA 4.1 printing software were used
for the building and controlling of the printing process. It is possible to construct detailed spatial
ECT sensor arrangements of variable shapes and in a wide range of dimensions using 3D printing
equipment. The maximum resolution of the used 3D printer is 0.4 mm for xy-axes and 0.06 mm for
z-axis (print layer thickness) and can be extended by using extended-resolution extruders. A high XY
resolution was used to generate a very thin sensor wall for keeping the distance between electrodes
and scanned volume as low as possible. In the past it was very hard or even impossible to achieve
this in previous traditionally manufactured PMMA (or PVC)-based 3D ECT sensors. In this research,
the PLA filament has been used as a widely used popular 3D printing solution with its relative
permittivity value 3–5 at 1 MHz [29]. The PLA filament provides a good balance between durability,
flexibility, and ease to use. Its dielectric properties are well-fitted to the dielectric properties of
tested phantoms. For 3D ECT printed sensor, a PLA extruding temperature is worth raising by
5–10 ◦C to provide better Z-direction bonding. The one disadvantage is that PLA is characterized by
a relatively low temperature, in which it is losing its stiffness and durability (60 ◦C). This must be taken
into consideration when 3D ECT sensor industrial applications are developed. As a much stronger
alternative, a nylon filament can be used as a printing material, but its relative permittivity value is
slightly lower than PLA–2.5 at 1 MHz. A nylon 3D print offers even better durability and it is more
resistant to higher temperatures (>150 ◦C). However, ABS-based filaments are too breakable to be used
for 3D ECT sensor manufacturing, however their temperature resistance is relatively high (>180 ◦C).
True three-dimensional ECT sensor arrangement needs a specific design with additional walls that
separate electrodes working in an inter-measurement plane mode. As a result, a dual extruder mode
had to be used to build extra support. PVA water-dissolvable material was used to produce these
supplementary supports. PVA is a unique filament that works properly with PLA, nylon, and other
filaments with similar melting temperature. As was mentioned earlier, main electrode placements have
been optimized to be as thin as possible (0.2 mm) to strengthen electric field penetration abilities by
using a single layer of filament. However, more layers (2–3) can be applied as well to make a sensor pipe
stiffer and more durable. The increased number of filament layers with fixed thickness (1 mm) has been
used to build inter-plane separators for horizontal and vertical screening systems. Eletrical components
were added to the finished prefabricated structure in the form of wiring, electrodes, and shielding.
Figure 2 presents the workflow diagram for 3D printing of ECT sensor structures.

Figure 2. 3D printed ECT sensor building workflow.
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4. Experimental Setup

Experiments and measurement was conducted in Tom Dyakowski Process Tomography Lab
at Lodz University of Technology, Poland. Verification of the classical vs. proposed 3D printed
ECT sensor was based on two distinct testing concepts. The first strategy was to use the precise
Agilent E4980A impedance meter combined with 64-channel computer-controlled multiplexer for
low-contrast solid-gas mixtures (objects) in offline mode. The LCR meter-based system can precisely
detect signals that can be useful in capturing extremely small capacitance value changes in spatial
measurements for distant ECT sensor electrodes. In this paper, an LCR meter-based experimental
system was directly used for investigating low-permittivity contrast mixtures that can be challenging
objects in terms of accurate measurement of spatial low-amplitude (<1 pF) capacitance value changes.
For this approach, a single 496-measurement raw data frame was acquired three times: Step 1—for
low-permittivity distribution (empty sensor); Step 2—for high permittivity (a sensor was completely
fulfilled by PE granules) and Step 3—for the investigated object. The second approach was to use
a specialized charge–discharge principle-based 32-channel ECT measurement system (ET3) with
flexible two-way gain amplifier setup. ET3 measurement hardware was applied in online mode for
high-contrast dielectric liquid–gas mixtures. This strategy used the internal ET3 calibration procedure
and generated normalized capacitance data. For 32-channel, the ET3 system was able to acquire 11
frames per second. As with the LCR-based approach, three steps of data acquisition were performed
as well. By contrast, 50 frames at each step were taken and averaged to smooth a signal and reduce
a measurement noise. Both measurement systems used in this study are presented in Figure 3.

Figure 3. Experimental setup hardware: left—32-channel ET3 measurement hardware, right—Agilent
E4980A with 64-channel multiplexer device.

The 3D capacitance-measurement sensors used in this test was arranged of 32 electrodes grouped
in four cylindrical layers consisting of 8 electrodes in each one [12]—Figure 4.

Figure 4. Pictures of two experimental constructions of 3D ECT sensors under study.

Each of those sensors included two border planes (1st and 4th) and two inner planes (2nd and
3rd). Therefore, they have met major requirements of the spatial capacitance-measurement principle
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which need typically a significant number of 16–32 electrodes to capture an industrial process with
reasonable axial and spatial resolution. To obtain performance of studied ECT sensors, the intra-layer
and inter-layer electrode excitation strategy was used to provide m = 496 independent capacitance
data for nel = 32 excluding repeating mutual measurements (Equation (7)):

m =
nel(nel − 1)

2
(7)

The traditionally made 3D ECT sensor (we name it here as S1) has already been developed and
verified in the past [10,19]. Thus, in this study we positioned it as a baseline reference capacitance
sensor for all tests. S1 was designed and built with the aid of the classical, “hand-made” method. S1 is
built out of PMMA (polymethyl methacrylate) off-the-shelf pipe. S1 has the following dimensions:
external diameter of 158 mm, the total height of 304 mm and pipe thickness of 4 mm with slight
variations over the length (±2 mm) due to the inaccurate PMMA fabrication process. The sensor was
asymmetrical in terms of the electrode layers arrangement: outer electrode height equals 70 mm and
inner electrode only 30 mm. The electrode layers were placed on the outer surface of the sensor which
led to external type of measurement. Sensor shielding was composed of double 25 mm guard screens
located on the top and bottom parts of the structure plus extra, outer protective screens for external
electric interference.

A novel 3D printed sensor (we name it here as S2) had same dimensions as S1 and was developed
using a novel 3D modeler design and 3D-printing technology. PLA (transparent material) was
employed for building the internal mechanical support sensor structure. The mounting pipe thickness
of S2 was only 0.4 mm and constant over the pipe wall. It simultaneously provided the insulation
between the electrode’s active surface and industrial process and at the same time preserved deep
measurement penetration. Additionally, this arrangement can enhance sensitivity in the central area of
a sensor. The new concept of S1 included a copper internal radial screen between adjacent electrodes
in the same layer and between adjacent layers. This prevented the electric field uncontrolled leakage
for excited electrodes and kept the electric field distribution more uniform. This idea was an extension
to some previous research using guard electrodes in ECT [28]. Using a new 3D-printing approach,
it was easy to integrate such an advanced screening structure within electrodes—see Figure 5.

Figure 5. A concept of horizontal and vertical internal screening for 3D ECT sensor structure.

To investigate the low-contrast medium, a set of three cylindrical 3D printed phantoms (objects)
was developed (TestA, TestB, and TestC)—Figure 6. The test phantoms were constructed using the
3D-printing technique (PLA) and filled with 3 mm PE (polyethylene) granules in two ways—see
Table 1.
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Table 1. Configuration of PE granules filler low-contrast TestA, TestB, and TestC phantoms.

Config TestA TestB TestC

inside Phantom TestAin Phantom TestBin Phantom TestCin
outside Phantom TestAout Phantom TestBout Phantom TestCout

For capacitance characteristics and standard deviation evaluation, raw capacitance-measurement
data taken from the LCR meter were normalized using high Cf ull and low Cempty permittivity
distributions (PE granulate dielectric constant ≈3.2 at room temperature, with the air dielectric
constant = 1—as the background).

Figure 6. Arrangement of tested low-contrast objects according to Table 1—from the leftmost TestA,
TestB, TestC.

In this study, the normalization of experimental capacitance data Cn was computed according to
formula [4]:

Cn =
C − Cempty

Cf ull − Cempty
(8)

To evaluate performance of both sensors for high-contrast objects (gas–liquid mixtures) a set of
ten cylindrical-shaped 3D printed phantoms were developed—Figure 7. The test phantoms were
constructed using PLA filament and printed using the “spiral vase” option to avoid liquid leakages.
As a test liquid, the propylene glycol (dielectric constant ≈32 in room temperature) was used, while the
air acted as a background. All the high-contrast phantoms were designed as cylinders with various
diameters (10–40 mm). The shapes, diameters, and positions of these test objects were somehow
similar to the previous low-contrast set, but its roles were different. In this study, only the high-contrast
material “liquid inside a cylinder object” option was considered to investigate small (10 mm, 15 mm,
20 mm) and middle-size (2 × 40 mm) high-contrast cylinders. Small-diameter cylinders were located
in three positions (70 mm—geometrical sensor center, 35 mm from geometrical sensor center, 60 mm
from geometrical sensor center) on the path along the 3D ECT sensor radius. The middle-size diameter
object included two 40 mm cylinders and it was located symmetrically in two positions along the
sensor diameter at equal distance from the sensor center (35 mm). The arrangement of the specific
electrode area and height asymmetry relation for outer and inner layers was preserved for both sensors
to retain the distant measurement signal for the inter-plane electrodes (for instance, the electrode pair:
1–29) at a level possible to be sensed by the ECT measurement unit. The following measurement
workflow was applied. 15 V positive potential was excited on the sender electrode with the other
electrodes grounded. Then consecutively each electrode was switched to be the sender, one by one.
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Figure 7. A set of ten phantoms used during high-contrast media measurements tests. The mounting
stand had 5 holes. Three 10 mm of diameter holes were positioned along the sensor profile diameter
at given positions: “P1” at x = 70 mm, y = 70 mm; “P2” at x = 70 mm, y = 40 mm; “P3” at x = 70 mm,
y = 10 mm. Two additional 40 mm of diameter holes were positioned symmetrically at x1 = 110 mm
and x2 = 40 mm for y = 70 mm. All the rods were parallel to sensor walls.

5. Results and Discussion

5.1. Low-Contrast Objects Investigation

In this section, the comparison of detection capability for sensors S1 and S2 is discussed in six
experimental conditions of low-contrast (low permittivity distribution) solid-gas phantom objects.
To analyze and compare the measurement abilities of the tested sensors, four capacitance-measurement
inner-layer and inter-layer configurations for acquiring RCD (Raw Capacitance Data) have been
selected: 1–2 (Layer1–Layer2), 1–9 (Layer1–Layer2), 1–17 (Layer1–Layer3), and 1–25 (Layer1–Layer4)
for 6 various tested low-contrast objects—see Table 2.

Table 2. Results of capacitance measurement (in pF) for selected electrode pairs and all testing phantoms.

RCD TestAout TestAin TestBout TestBin TestCout TestCin

S1-1-2 7.446 7.291 7.460 7.278 7.408 7.336
S1-1-9 6.604 6.536 6.614 6.531 6.616 6.541
S1-1-17 3.926 3.914 3.928 3.911 3.918 3.930
S1-1-25 3.919 3.917 3.921 3.917 3.917 3.928
S2-1-2 4.909 4.626 4.922 4.617 4.827 4.673
S2-1-9 4.577 4.414 4.591 4.410 4.568 4.427
S2-1-17 3.920 3.912 3.921 3.911 3.913 3.916
S2-1-25 3.922 3.920 3.922 3.920 3.919 3.922

A capacitance measurement has been conducted using precise LCR impedance analyzer and
multiplexer hardware and a set of 6 capacitance characteristics for full 496 measurements cycle
has been captured and normalized using low (for the air) and high (for PE granules) reference
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measurements. A standard deviation value of all normalized capacitance characteristics was calculated
as a “signal stability” indicator for evaluating the performance of the S1 and S2 sensor.

For most tests sensor S2 with configuration S2-1-17 achieved similar capacitance-measurement
value to S2 for both close-to-wall and central area. For most distant configurations 1–25 an advantage
S2 over S1 could be observed. S1-1-2 and S2-1-2 configurations resulted in the maximum value of
capacitance measurement as it connects adjacent electrodes from layer 1—those electrodes had the
biggest active surface. In this case, S1 seemingly offered much higher value of capacitance measurement
than S2 for the whole set of testing phantoms. A similar tendency existed when configurations S1-1-9
and S2-1-9 were taken into consideration. It was a consequence of high electric field intensity peak
value between two adjacent electrodes in S1, which were not separated by vertical radial screens.
Vertical radial screens in S2 significantly reduced the electric field intensity value and kept a signal
at a lower level. The same trend could be observed for configurations S1-1-9 and S2-1-9, where two
adjacent electrodes from two adjacent sensor layers were connected. When we analyzed more distant
electrode pairs, a real advantage of sensor S2 over S1 could now be observed.

Figures 8–13 presented selected 1st electrode measurement cycle extracted from the full
capacitance data set for sensor S1—blue graph and S2—red graph. These normalized capacitance
characteristics have been computed for all phantom TestA-TestC configurations using the 3D ECT
calibration procedure. The most representative TestB phantom was investigated here to check the
ability of both sensors to detect low-contrast permittivity distribution with an approximate equal
distance from electrodes and from sensor center along axis z. The mean value of the normalized
capacitance records dataset for S1-TestBout was 1.196, and the standard deviation was 0.181. The mean
value of the normalized capacitance dataset for S2-TestBout was 1.098 and the standard deviation was
0.115. Therefore, this study proved that S2 outperformed S1.

The S2 capacitance-measurement signal fitted better than the calibration limits and was more
stable than S1. The Figure 10 presented 1st electrode measurement cycle graph extracted from full
capacitance data set for sensor S1—blue graph and S2—red graph, obtained for phantom TestBin.
This phantom demonstrated that both sensors are capable of detecting permittivity distribution in the
center of the sensing area. For this test, the mean value of normalized capacitance dataset for S1 was
0.686 and the standard deviation was 0.396. The mean value of the normalized capacitance dataset for
S2 was 0.721 and the standard deviation was 0.394. A capacitance-measurement data from S2 better fit
the calibration limits and suffered from rapid changes of capacitances from specific electrode pairs.
This test confirmed again an advantage of S2 over S1. The same trend could be observed during the
remaining experimental tests for other low-contrast phantoms TestA and TestC.

Figure 8. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32)for TestAin and S1—blue line,
S2—red line. Cyan and magenta lines indicate calibration limits (0;1).
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Figure 9. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for TestAout and S1—blue line,
S2—red line. Cyan and magenta lines indicate calibration limits (0;1).

Figure 10. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for TestBin and S1—blue line,
S2—red line. Cyan and magenta lines indicate calibration limits (0;1).

Figure 11. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for TestBout and S1—blue
line, S2—red line. Cyan and magenta lines indicate calibration limits (0;1).
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Figure 12. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for TestCin and S1—blue line,
S2—red line. Cyan and magenta lines indicate calibration limits (0;1).

Figure 13. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for TestCout and S1—blue
line, S2—red line. Cyan and magenta lines indicate calibration limits (0;1).

5.2. High-Contrast Objects Investigation

High-contrast (high permittivity distribution) gas–liquid object tests were focused on axial and
spatial resolution abilities of both investigated 3D ECT sensors. The sizes of phantom diameters were
selected to observe a point of object detectability, especially in the central region of devices where
an electric field power is degraded significantly. Due to the static nature of tested objects, a temporal
resolution was not taken into consideration in this study. As with the previous low-contrast evaluation,
a standard deviation value of normalized capacitance characteristics was considered to be a “signal
stability” indicator for evaluating the performance of S1 and S2 sensor. Additionally, a mean value
of normalized capacitance characteristics was computed to determine a relative level of calibrated
signal response to a background permittivity distribution in the presence of high-permittivity objects.
The higher mean value would lead to a better detectability of smaller objects in various 3D ECT sensor
areas. Tables 3 and 4 present the results of a standard deviation and mean values obtained for the 1st
electrode measurement cycle (in turn with 2..32 electrodes) for both sensors S1 and S2 and all sets of
test objects. To compare values, a percentage difference was calculated.
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Table 3. The standard deviation indicators (std) calculated for the 1st electrode measurement cycle,
where electrodes: 2->32 were grounded. Where 10, 15, 20, 40 stands for object diameter and P1, P2,
P3 determine object positions along sensor radius, P1 = 70 mm, P2 = 35 mm, P3 = 10 mm respectively.

std 2 × 40 20P1 20P2 20P3 15P1 15P2 15P3 10P1 10P2 10P3

S1 0.0883 0.0132 0.0310 0.1403 0.0083 0.0201 0.0728 0.0038 0.0143 0.0349
S2 0.1296 0.0081 0.0223 0.1272 0.0057 0.0110 0.0717 0.0050 0.0097 0.0284
% −32% 63% 39% 10% 46% 83% 1.5% −24% 47% 23%

The standard deviation indicators (std) proved that sensor S2 is more stable (1.5–83%) and accurate
for the majority of conducted tests except 2 × 40 and 10P1 tests where standard values were higher for
S2 and the highest at all. These two situations only occurred for extreme cases: the largest high-contrast
inclusion and the smallest one located in the less-sensitive region of the sensor. It may happen when the
ET3 system range limits are achieved for a given setup of its channel amplifier gains. The optimization
of channel gains for signal borderlines could help to stabilize the signal for both sensors and improve
S2 3D ECT sensor overall performance.

Table 4. The mean value indicators (mean) calculated for the 1st electrode measurement cycle
(with 2..32). Where 10, 15, 20, 40 stands for object diameter and P1, P2, P3 determine object positions
along sensor radius, P1 = 70 mm, P2 = 35 mm, P3 = 10 mm respectively.

mean 2 × 40 20P1 20P2 20P3 15P1 15P2 15P3 10P1 10P2 10P3

S1 0.0330 0.0020 0.0099 0.0332 0.0011 0.0083 0.0299 −0.0024 0.0031 0.0097
S2 0.0632 0.0028 0.0091 0.0683 0.0027 0.0046 0.0363 0.0011 0.0067 0.0143
% 48% 29% −8% 51% 45% −80% −18% >100% >100% 68%

While analyzing the general mean value of the acquired normalized signals for the 1st electrode
measurement cycle, it was difficult to indicate the clear winner of this comparison except in very
important tests 10P1–10P3. All of them demonstrated better high-contrast object detection abilities of
S2 sensor. These particular objects represent the smallest high-contrast inclusion. Test 10P1 was only
passed by sensor S2. S2 generated output signals that could even be usable for image reconstruction
algorithms. For this specific test, S1 signal response was too low and too noisy to be distinguished
from lower-calibration limit (background). The remaining mean values for a given senor depended
on the specific test. For 20 mm objects, there was an advantage of S2 printed sensor over S1 while
this situation changed for all 15 mm objects. However, the percentage dominance for 15 mm object is
on the side of the S1 sensor, and the absolute mean value for 10 mm and 15 mm objects is very low
and may contain some amount of measurement noise. To look precisely at how each of the 3D ECT
senor signal responses looks like a set of normalized capacitance characteristics for all test objects was
computed, see Figures 14–23.

Most of these characteristics pointed out the advantage of S2 over S1. However, the signal profile
for position P1 was not easy to compare due to measurement noise (Figures 15, 18 and 21) the better
signal response of S2 was visible for object position P2—(Figures 16, 19 and 22) and clearly visible for
object position P3 (close to the sensor internal wall) as well—(Figures 17, 20 and 23).

The conducted experiments showed that new 3D printed ECT sensor noticeably outperforms the
traditionally fabricated sensor when low- and high-contrast small-sized objects (10–15 mm) located in
the central region of tomographic inspection were under test. For large-sized high-contrast objects
(20 mm and 2 × 20 mm) the performance improvement depended on its radial and axial position.
However, both sensors offered similar performance for all the tested objects in the neighborhood
of the electrodes where the electric field and sensitivity were strong enough to compensate wall
thickness differences.
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Figure 14. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test2x40 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 15. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test20P1 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 16. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test20P2 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.
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Figure 17. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test20P3 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 18. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test15P1 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 19. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test15P2 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.
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Figure 20. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test15P3 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 21. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test10P1 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

Figure 22. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test10P2 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.
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Figure 23. The 1st electrode measurement cycle (S1: 1->32 and S2: 1->32) for Test10P3 and S1—blue
line, S2—red line. Cyan line indicates lower calibration limit.

6. Conclusions and Directions for Further Work

In this paper, we demonstrated and validated a new approach for fabrication of ECT sensors.
This work comprises the complete workflow for design, modeling and development of the ECT sensors
dedicated to true 3D measurement. The experiments showed high precision and good performance of
the proposed 3D ECT sensor concept. The proposed method employs modern 3D printing technique
that offers efficient ways for the manufacture of capacitance sensors. The developed 3D printed
ECT sensor has taken the most valuable features and advantages from traditionally hand-made 3D
ECT constructions as well as features possible to gain from a 3D-printing technique. Output sensing
structures have thin-wall levels between the electrode arrays and testing volume as well as advanced
structure of internal vertical and horizontal screening system. The achieved high accuracy of the design
and structure results from high-resolution 3D-printing technology. Using the 3D-printing principle,
a majority of 3D ECT sensor structures can be easily designed and 3D-printed in one working day.
In this study, the novel 3D-printed 3D ECT sensor model has been compared to the representative
solution used widely in the past. For low-contrast and high-contrast objects, we achieved at least
similar or better 3D-printed sensor overall performance. Conducted experiments showed a noticeable
potential of 3D printing technology applied for the fabrication of capacitance sensors. The research
presented in this study is a step forward towards high-precision and high-resolution volumetric ECT
systems. The directions for future development derived from this work comprise testing sensors with
a larger number of electrodes, and developing novel shapes of electrode arrays coupled with novel
shielding systems. The interesting implications of the 3D-printing technique is the possibility to tailor
specific designs suited to specific applications such as batch crystallization or gas–liquid separation.
The ultimate challenge is to incorporate the proposed approach to measurement data problems that
are still under intensive research with no easy automatic way of processing such as crowd-sourcing
processing of imagery data as shown in [30] or for modern contextual data processing frameworks as
shown in [17,31].
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Institute of Applied Computer Science, Lodz University of Technology,
90924 Lodz, Stefanowskiego 18/22 str., Poland
* Correspondence: androm@kis.p.lodz.pl; Tel.: +48-426-312-750
† This paper is an extended version of our paper published in Ninth World Congress on Industrial Process

Tomography, 2–6 September Bath, U.K., 2018. Investigating X-ray Images for Studying Gravitational
Flow in Silos Using Crowdsourcing Annotations and Analysis.

Received: 3 June 2019; Accepted: 26 July 2019; Published: 28 July 2019

Abstract: This paper presents a novel method for tomographic measurement and data analysis
based on crowdsourcing. X-ray radiography imaging was initially applied to determine silo flow
parameters. We used traced particles immersed in the bulk to investigate gravitational silo flow. The
reconstructed images were not perfect, due to inhomogeneous silo filling and nonlinear attenuation
of the X-rays on the way to the detector. Automatic processing of such data is not feasible. Therefore,
we used crowdsourcing for human-driven annotation of the trace particles. As we aimed to extract
meaningful flow parameters, we developed a modified crowdsourcing annotation method, focusing
on selected important areas of the silo pictures only. We call this method “targeted crowdsourcing”,
and it enables more efficient crowd work, as it is focused on the most important areas of the image
that allow determination of the flow parameters. The results show that it is possible to analyze
volumetric material structure movement based on 2D radiography data showing the location and
movement of tiny metal trace particles. A quantitative description of the flow obtained from the
horizontal and vertical velocity components was derived for different parts of the model silo volume.
Targeting the attention of crowd workers towards either a specific zone or a particular particle speeds
up the pre-processing stage while preserving the same quality of the output, quantified by important
flow parameters.

Keywords: measurement data analysis; targeted crowdsourcing; flow investigation tool;
X-ray process tomography; radiography imaging

1. Introduction

Crowdsourcing is an emerging method for processing large amounts of data using
geographically-distributed heterogeneous workers. This method has proven suitable for resolving
computational problems that are difficult to solve automatically, as it is capable of coupling the
data processing capabilities of automated systems with human intelligence. Another advantage
of crowdsourcing is the reduced cost (in terms of money, resources, or time). Most of the tasks
submitted to widely-available crowdsourcing servers (www.mturk.com, www.crowdflower.com,
www.crowdmed.com) could conceivably be processed by computer systems. However, due to their
complexity or uniqueness, the difficulty of achieving sufficiently high accuracy, or simply economic
factors, different methods of processing such datasets are preferred, based on human orientation.
Examples of such tasks, including projects pertaining to image processing, have been reported in
the literature [1–3]. One interesting example is the distributed diagnosis carried out by the medical
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community around the world, based on medical records submitted by patients who wish to obtain a
second opinion. Another is the simultaneous translation or group editing of texts on-the-go, in which
human resources can compete with automatic systems [4].

Crowdsourcing facilitates the delegation of work, which usually requires the use of
Internet-connected computers [5]. An open call is made for people to contribute to online tasks
that do not require any special knowledge, competences, or specific training in the field. Here, the
crowd refers to an undefined, but large group of participants. It turns out that most mundane tasks
involved in analyzing large datasets, especially imaging data, can be broken down into chunks that
are able to be processed or annotated by an average person, without expertise in a particular domain
or knowledge of the experiment.

Generally, there are dedicated platforms for managing the work distributed among individual
workers. Entire jobs are divided into either smaller or sub-tasks in order to facilitate the process
and achieve greater efficiency. Classical categorization into macro- and micro- (or sub-) tasks is a
common part of crowdsourcing methods and is possible using most popular platforms [6,7]. However,
most studies focus on dividing a sequence of consecutive data elements (usually image frames) into a
smaller series of adjacent frames [8]. Each entire frame is then processed by an individual worker [9].
To the best knowledge of the authors, there have been no papers describing methods that target either
only selected, limited areas of individual frames or single elements within these frames (or single
elements visible on particular images); although, this is technically possible with the aid of existing
platforms [7].

Crowdsourcing systems coordinate the efforts of distributed workers and synthesize the results
to solve problems that a single individual could not achieve on the same scale, within the same
budget or time-frame. This approach makes it possible to complete problems at a level of complexity
beyond the capabilities of the research personnel available. Usually, a few minutes of online training
in the form of a video or illustrated manual is sufficient for a new worker to begin the task. This
is important from the point of view of this research, since neither machine learning algorithms nor
standard image processing methods can currently perform efficiently in the application presented
here, as reported in [10,11]. On the other hand, there is a number of limitations to the crowdsourcing
method, as reported especially in business contexts, but affecting research projects as well [12]. One
of the most important is the so-called sloppiness of the output [13]. This may result from a range of
causes, one of which is the mundane nature of the work [14].

Crowdsourcing tasks can be efficiently tailored to a range of problems relating to process
tomography sensing, especially for reconstructed images. There have been previous reports of the
successful application of the general method to annotate X-ray radiography data using non-expert
workers [11]. This paper takes a further step, using the output results for further analysis and
interpretation, in this case to obtain the vertical and horizontal components of flow velocity in silos.

The main contribution of this paper is to evaluate the approach on the basis of
industrial tomographic measurement data, which was impossible to process automatically using
currently-available approaches, in order to provide a meaningful quantitative description of the flow
in terms of parameters. An additional contribution of this paper is the proposed method of a targeted
crowdsourcing, in which each contributor is given a narrowed down task in comparison to the usual
full-frame work assignment. This involved identifying the position of a single marker or a set of
markers in a small, selected area of the images in a sequence of assigned frames. Such targeting of the
workers’ attention aims to reduce the effort required from any single participant, whilst providing
data of comparable or superior accuracy to datasets processed using classical crowdsourcing systems.

The rest of the paper is organized as follows. Sections 2–4 cover the background and details of the
interdisciplinary research. Section 2 discusses important related work in the field of gravitational flow
of bulk solids’ process measurements. Section 3 gives details of the experimental procedure for X-ray
measurements and data-processing issues. Section 4 presents the basic crowdsourcing method and
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data processing workflow employed in this work. The results and directions for future research are
discussed in Sections 5 and 6. A summary and conclusions are provided in Section 7.

2. Related Work

This section introduces the two key elements of the research background, namely industrial
tomography for process monitoring and the basics of the gravitational flow of bulk solids.

2.1. Industrial and Process Tomography for Understanding Process Behavior

In the context of industrial processes, tomography is closely associated with imaging, since images
provide rich information concerning the monitored process [15–17]. Optical systems are the most
common for the visualization of liquid flows. They provide an image of the process using CCD/CMOS
cameras. Electrical process tomography [18–22], gamma tomography [23,24], magnetic resonance
tomography [25], X-ray tomography [26], or ultrasonography [27] can also be applied for this purpose.
Since different types of imaging system are characterized by different modality properties (depending
on the kind of process to be monitored, the type of installation, and the laboratory or industrial
environment), different measurement setups will be applied. Electrical Capacitance Tomography
(ECT) is best suited for the visualization of highly-dynamic processes, in which direct contact with
the flowing medium is not possible, where the installation is opaque, or when the cross-section of the
installation is substantial in size. However, although sufficient for control purposes, ECT imaging
gives low spatial resolution. To investigate processes in the laboratory environment, using small-scale
installations, other tomographic systems may provide more valuable information. For instance, X-ray
tomography is a standard choice in the field of material science for investigating the structure of
materials. This kind of tomography enables the analysis of phenomena that occur at the nano- or
micro-scales. There are also reports in the literature on the development of X-ray systems for the
visualization of processes at much larger scales, based on the low absorption of X-ray photons by a
medium [28].

X-ray tomography provides much higher spatial resolution than electrical process tomography,
making it more convenient and reliable as a tool for investigating processes. However, detailed imaging
in 3D requires a substantial number of projections around the scanned body. Guillard et al. [29]
presents a different type of X-ray imaging, namely the use of stereo-radiography for velocity and fabric
fields’ determination for vertically plane-symmetric flow of granular media. In contrast, the study
presented in this paper shows a single X-ray radiography system in application to granular media. We
demonstrate that based on 2D images (radiographs), the behavior of the material during flow can be
followed by tracing the positions of the tracking particles in symmetric bulk flow.

2.2. Gravitational Flow of Solids

The gravitational flow of solid particles is relevant to a number of industrial processes, in which
bulk solids are stored in silos. Such granular material may be of natural provenance (e.g., sands and
gravels) or be generated in the process of extraction (e.g., stone breakage), as well as being deliberately
processed (e.g., plastic granules). The storage of bulk material, whilst seemingly very simple, is actually
a complex process requiring sophisticated analysis. The quality of material storage, as well as the ease,
efficiency, and safety of unloading strongly depend on the method by which the silo is filled [30]. The
initial packing density places pressure on the walls, while the grain size and diameter, as well as the
direction of deformation in the granulate particle systems affect changes in the concentration of bulk
material in various areas of the tank during unloading. An additional difficulty with analyzing flow is
the impact of many changeable external factors, including humidity and temperature. These factors
can affect the behavior of the material during the loading and unloading of silos.

Systems for measuring the process of handling granular materials and measuring the levels of
silos are well established. Since the early 1960s, studies focused mainly on predicting the type of
flow (i.e., mainly funnel or mass flow) and its changes [31], analyzing internal shear zones [32,33],
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determining fields and velocity of flow, as well as predicting the intensity of emptying silos [34].
Variable parameters include the container geometry (shape, structure), the properties of the material
(particle size and shape, packing density, coefficient of friction), and external conditions (temperature,
humidity). Combinations of these parameters result in different flow behaviors, especially causing
mass flow (i.e., the homogeneous downward flow of bulk with relatively similar velocity) or funnel
flow (i.e., forming a core funnel, with bulk flowing at the center and the rest of the bulk forming a
stagnant zone) [30,35]. Measuring changes in the concentrations and levels of materials in silos, which
affect both the accuracy with which the velocity and mass flow can be determined and hence the safety
of silo operation, is still a matter for continuing research.

2.3. Trace Particle Tracking Method for Flow Investigation

In recent years, Particle Tracking Velocimetry (PTV) and Particle Image Velocimetry (PIV) have
been used extensively to measure the translational velocity field of granular assemblies [36]. Various
reports on applications such as in vibrated beds [37], rotating drums [38], avalanche or debris flows [39],
or hoppers/silos [40] are available. There are recent interesting reports on using X-ray PTV methods
using stereography for fluidized beds with low-absorption medium as well [41]. In general, PTV and
PIV enable volumetric measurements within a fluid flow or visible surface planar measurements for
particle assemblies. For fluid flows, it is possible to capture the movement of tiny (micro-)suspended
particles. The actual calculation is conducted with the aid of image post-processing techniques and
algorithms responsible for image segmentation, particle identification, spatial mapping, and temporal
tracking throughout the image sequences. While PIV gives the movement of particle assemblies,
PTV traces individual particles, but gives better spatial resolution with the same or lower computing
effort. All of the above-mentioned studies concerned tracking spherical particles, except for one, which
applied non-spherical tracer particles [42].

3. Sensing Equipment and X-ray Imaging

In order to investigate the two types of silo flow using an industrial X-ray tomography setup, a
dedicated model of a silo was constructed. The rectangular silo model had 5 mm-thick walls made of
perspex sheets, 340 mm in height, with an inner size of 150 × 70 mm (width × depth, respectively).
The entire model consisted of an upper bin section and a lower hopper outlet section (photo on the
left in Figure 1). The angle of the hopper from vertical was 60 deg. The width of the rectangular
outlet along the silo depth was 5 mm, and the length was 70 mm (as it was fixed along the entire
depth of the model). Silo flow measurements were conducted at INSA-Lyon, MATEISCNRSlaboratory.
We used a flat silicon panel detector tomograph produced by the Phoenix X-ray company. It was
equipped with a Varian 2520V (PaxScanTM) detector made of a flat silicon panel, initially developed
for medical applications. It was composed of 1920 rows and 1500 lines of sensitive pixels, each of
which was 127 × 127 μm2. The detector can be used in a 1 × 1 or in a 2 × 2 binning mode. During the
measurements, the detector worked in the 2 × 2 binning mode (the pixel size was 254 × 254 μm2). The
X-ray source (a cone beam) was an open transmission nanofocus X-ray tube with radiation emission
parameters of 145 kV (voltage) and 180 μA (current intensity). The source-detector distance was 0.577
m; the source-object distance and object-detector distance were 0.384 m and 0.193 m, respectively;
and the magnification was 1.50. The geometric blurring magnitude was 2.01 μm. The exposure time
was 100 ms, and the frame rate was equal to 10 fps. The beam hardening effect was counteracted
using a thin copper plate (0.3 mm in thickness) mounted on an X-ray tube to filter the low energy
X-rays. The resulting radiography size was 960 × 768 pixels. The captured sets of X-radiographs
(for each experiment) were pre-processed, so as to extract and present information on changes in
the X-ray radiation absorption coefficient. The X-radiographic image provided information on the
X-ray attenuation within the object. Transmission radiography with a 2D flat panel detector was
then used to generate a 2D map of μ, the linear attenuation coefficient. Figure 2 shows the two types
of radiography images obtained. As we investigated two types of silo flow, the silo was filled on
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two separate occasions, which resulted in different measurement records and therefore significantly
different reconstructed pictures of the flat panel detector output.

Figure 1. X-ray tomography imaging system: (left) photo of the silo model taken during X-ray scanning;
panel detector on the far left, silo model on the left, X-ray tube on the lower right, and the corresponding
online visualization included as an inset on the upper right; (right) schematic overview of the X-ray
absorption model.

(a) (b)

Figure 2. Radiography images of funnel flow in the silo: (a) initially dense packing; (b) initially loose
packing. Contour lines indicate approximate flow funnel shape.

Trace particles (spherical metallic particles 2 mm in diameter) with relatively neutral buoyancy
were mixed with a granular material (sand) before the experiments [43]. Initially, the particles were
distributed randomly throughout the volume of the silo model. The intention was to observe their
changing positions during flow, in order to derive information on the overall flow conditions in the
container. By analyzing 2D radiographic images, it was possible to estimate the paths of particles
moving in 2D space. To investigate the 3D nature of the flow, it would have been necessary to
analyze a 3D tomography image. This paper focuses on 2D analysis only. The main reason for
choosing 2D radiography is its much higher temporal resolution, which enables the measurement of
dynamic processes, such as gravitational bulk flow. X-ray imaging in 3D would require many more
measurements per time unit, and therefore is not suitable in this case.

One notable drawback of the applied imaging technique, however, lies in the flatness of the
generated image. Some features of the observed process may have been concealed by objects closer to
the emitter. Due to this “shadowing” effect, some of the objects may be partially visible (i.e., their shape
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is distorted and the area of the object is smaller than in reality) or totally invisible in certain random
individual or consecutive frames. Such behavior must be taken into consideration in the subsequent
analysis, as it causes issues for automatic processing of trace particle images using both classical image
processing algorithms and modern approaches such as neural network-based methods [10].

3.1. X-ray Measurement Data Processing

Radiography images were taken of funnel flow in the cases of dense and loose initial packing
densities. The flow area in each case was different, since for initially dense packing, the funnel should
be narrower than in the case of loose packing. In addition, the contrast between the funnel zone and
the remainder of the material in the radiography images was much higher in the case of dense flow.
Figure 2 shows two radiography images for initially dense and loose packing densities. As may be
imagined, analyzing a series of such images could result in different rates of eyestrain and hence
different anticipated demands and cognitive workload. More details on the visualization of funnel
flow can be found in [44].

Figure 3 illustrates the difficulty of extracting the trace particles from the background noise. Due
to limitations in both the spatial and temporal resolutions of the collected flow data, the markers
were often distorted, smudged, or blurred to the point where they became undetectable by any
morphological or shape-metric approach. Therefore, detecting the particles by automatic means is
very problematic, and even for humans is extremely difficult.

(a) (b) (c)

Figure 3. Difficulty of distinguishing markers in radiography images: (a) frame with the investigated
area marked, (b) zoomed-in marker, and (c) the same marker on the next frame.

The combination of inherent graininess at such scales and the grainy nature of the observed
material itself probably makes extraction of the relevant features in the image an insurmountable task
for classical image processing methods. However, as previously shown [11] and observed again in
the course of this research, human operators can be taught to distinguish such markers in a relatively
short time. Furthermore, they can attempt to estimate the approximate position of the marker given
the previous or next frame. A human operator can also anticipate the existence of an object based on a
wider temporal sequence and locate it even if it is significantly occluded by the surrounding material
in one or more of the recorded frames. In this work, we investigated different approaches for using
crowdsourcing to annotate images. We developed a simple application with a front-end graphical
interface implemented in Python and Pyside2. With the aid of this tool, it was possible to rapidly
distribute the raw datasets and assign tasks to separate workers.

3.2. Experimental Methodology

Downward velocity was calculated based on the positions of particles provided by the
crowdsourcing system (details on the crowd workflow are given later in this paper). In order to
compare the velocity for different heights above the silo outlet, the area of the silo was divided into
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nine sections. This division was established based on expert knowledge of the gravitational flow
process, with each zone containing part of the funnel flow. Figure 4 shows an example zone grid,
predefined to determine the velocity components. The funnel flow area contained three central zones
(B, E, H) and six side segments (A, C, D, F, G, I). Analysis of the speed of the flow of loose material was
carried out based on the established trajectories of trace particles found in the zones. The analysis was
completed for both loose and dense initial packing densities.

Three crowdsourcing data processing methods were applied. The first method was an established
classical procedure (the “classical” method), according to which each worker processed all the particles
visible in the picture on each image in the assigned sequence. The second was a zone-particle tracking
method, whereby each worker focused on and processed a limited number of trace particles located
only within a single zone of each image in the assigned sequence. For this method (the “zone-targeted”
method), we used the same zone grid as for the comparison of flow velocity, as shown on the left
in Figure 4. Finally, a single-particle method (the “single-particle-targeted” method) was applied, in
which each worker processed only one, selected trace particle, tracking it through consecutive images
of the assigned sequence, ignoring all other particles. The picture on the right-hand side in Figure 4
illustrates the process of tracing a single particle in the single-particle targeted method.

Figure 4. Comparison of the zone-targeted mode and single-particle-targeted method of crowdsourcing:
(left) grid showing velocity calculation zones used as target zones in the zone-targeted tracking method;
(right) illustration of single-particle-targeted method for tracking an arbitrary trace particle.

The first, classical method was an implementation of the well-known crowdsourcing paradigm,
while the other two (i.e., targeted zone and single-particle methods) were novel and are evaluated
within this study. Both require an additional initialization step, which involved preparing (marking)
the first frame of the assigned image sequence in order to indicate the zone of interest (for the targeted
zone method) or either selecting the starting particle or giving instructions on how to select the particle
of interest (for the single-particle-targeted method).

4. Crowdsourcing as an Effective Image Processing Engine

4.1. Crowdsourcing System Workflow

The general workflow for processing the X-ray trace particle images is presented in Figure 5.
The solution employed neither a dedicated system, nor a high capacity big data framework, yet the
modular design supported easy extension [45,46]. First, radiography images captured by the X-ray
imaging device were transferred to a common database, as shown on the top row of the figure. A
measurement database (as represented at the center of the middle row, Figure 5) provided the source
of the data that could be used by the operator (either a human operator or automatic system) to make
decisions regarding further processing. The next possible steps were (#1) to employ an expert to
analyze the data visually (analysis module on the left-hand side of the middle row, Figure 5) or (#2) to
send them to the crowdsourcing system (right-hand side in the middle row, Figure 5) for distribution
and processing (bottom row, Figure 5).

47



Sensors 2019, 19, 3317

Figure 5. Complete workflow diagram of the data processing and analysis system for tracking particles
during bulk solid flow monitored by X-ray imaging.

Option (#1) was a typically mundane task. The volumetric parameters of the flow were the
required output. Suppose there were 1000+ images in sequence, showing up with 50 tracking particles.
At least those in the center (usually 20+ particles) needed to be analyzed in each picture. The analysis
consisted of tracing the movement of the particles in consecutive frames. Heterogeneous damping of
radiation resulted in non-uniform representation of the tracing particles on adjacent images, which
created difficulties for automatic image processing algorithms to detect them efficiently, as described
previously in Section 3.1. Due to the fact that this was a highly repetitive procedure, a gradual drop in
the quality of the obtained parameters was to be expected [47].

Option (#2) involved uploading selected datasets to a crowdsourcing system for distribution
among workers. Different strategies for dividing, managing, and verifying the results are used in
commercial crowdsourcing systems. However, a simple approach was used in this work [12]. The
task of each worker was to process a sequence of frames (images), always showing a fixed, predefined
fragment of the full experimental sequence (for example, workers may process sequences of several
tens of frames, up to 100 frames). Since each frame needed to be annotated in such a way as to
mark all the trace particles that can be distinguished by a human on a single image, each complete
annotation may consist of multiple sub-annotations, carried out by different volunteers on partially-
or fully-overlapping areas of the frame. The positions of the markings (the central coordinates of the
sphere) were recorded for each particle and each frame. Usually, many workers process the same
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frame frame sequence fragments. Hence, these fragments may overlap. However, these overlapping
fragments did not have to be the same frame fragments, nor did the frame sequence lengths processed
by different workers have to be equal, as the start and end points of the sequence fragments may vary
(as illustrated in Figure 6). The proposed targeted crowd sourcing approach introduced the additional
condition of processing only a confined, limited part of each frame. Yet, this did not interfere with
the described procedure, and different areas of focus within the frames may be assigned to different
workers. We applied both methods (full-frame and partial processing) in this work, and a comparison
of the results is presented later in the text.

Figure 6. Schematic algorithm for task replication and dispatching in the crowdsourcing system.

When the worker finished with a single frame, the marked particles were saved and the markings
transferred to the next picture in the sequence. In the next picture, the worker could adjust the
positions of the markings indicating the particles, since generally there were only slight shifts between
the particles on consecutive images as the bulk flow proceeded. The markings from the previous
frames were reported to be helpful, as the trace particles may not be equally exposed on consecutive
images [48]. Workers could remove the markings that no longer belong to any trace particle on the
current picture in the sequence. Once the fragments were processed, the results (the coordinates of
the annotated particles) were aggregated, as illustrated in the bottom row of Figure 5. The average
coordinates were calculated, based on superposition of the trace particles marked by different workers.
Some of these results (especially for the first frames) were transferred back to the management database
until all the scheduled tasks had been completed. In the final step, as illustrated in Figure 5, the output
of the crowdsourcing was fed into the interpretation stage. This was where it was analyzed by the
domain expert or, ideally, treated as an input for an automatic support system used by the expert. In the
latter case, it could be further processed based on the numerical data received from the crowdsourcing
system. Otherwise, it was possible for the expert to analyze the images previously annotated by the
crowd workers directly.

We used three different approaches (full-frame, zone targeted, and single-particle targeted),
as described in Section 3.2. However, none of those different methods affected the overall
crowdsourcing data workflow. Only minor changes to the initial training given to the workers before
starting the task were necessary in order to instruct them on how to proceed in each particular mode.

4.2. Crowdsourcing System Output

The output of the crowdsourcing system was two-fold. Firstly, it exported images with the tracked
particles marked (annotated) on each frame. The aggregated trajectories of the particles may also
be marked. Secondly, numerical data conveying the exact positions of each particle in each frame
were exported from the system. Figure 7 presents the results of the crowdsourced annotation of a
sample frame. It is worth noting that whilst each user was generally capable of placing the label on the
trace particle, there was some discrepancy between the exact locations of the markers. Hence, these
labels needed to be aggregated in order to obtain their final positions. This aggregation can be carried
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out either using statistical methods or, should the required end result be only visual, through simple
morphological operations.

Figure 7. Example of the annotated X-ray image with noticeable discrepancies between the labels
positioned by different workers. (Left) Full image view. (Right) Zoom-in showing slight shifts between
the centers of markers set by different workers.

There are different approaches to the process of annotating the images. The usual way is to mark
the region of interest with a circle of a specific, highly-contrasting color, or to place a marker at the
approximate center of the region [11]. Some other designs of the user interface utilize a range of colors
that convey additional information, such as the marking already processed in the current or previous
frames, shifts from previous positions, etc. [48].

5. Results and Discussion

5.1. Flow Velocity Determination

The first goal of this work was to test crowdsourcing as a valid method for analyzing experimental
radiography data, supporting the determination of meaningful process parameters. Therefore,
a quantitative scenario for calculating the velocity of each marked particle based on the position
extracted from the system output was designed. A pilot study was conducted with two domain
experts and up to n = 22 distributed participants processing the assigned fragments as crowd workers.
The workers were presented with a series of chunks taken from experimental datasets showing silo
flows. The lengths of the chunks ranged from 10–140 frames, but typically contained at least 40 frames.
For calculations, we used the superimposed positions of between seven and 19 individual trace
particles, overlapping on separate frames. In order to compare flow for different conditions (dense,
loose) and for different heights, particles located at the center of the silo were chosen. This approach
reduced the displacement of particles from the main path of the flowing particle. The following four
tables present calculated velocity results for each silo zone for initially dense (Tables 1 and 2), as well
as loose (Tables 3 and 4) packing density conditions. Tables 1 and 3 give an overview of the obtained
numbers in pixels per frame, while Tables 2 and 4 give the actual calculated velocity in mm per s.
Intermediate state results are shown in pixels in order to give the reader a deeper understanding of the
consecutive steps in the algorithmic procedure of using crowdsourcing for velocity determination and
to demonstrate its consistency.

Table 1, which presents initially dense packing conditions, shows the four components of velocity:
Vx: horizontal Velocity (upper left corner), Vy: vertical Velocity (upper right corner), Vt: total Velocity
(bottom left corner), Vp: pointer index Velocity (bottom right corner); while Table 2 gives a simplified
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view of Vx and Vy only, but given in mm/s. Tables 3 and 4 give similar results for initially loose
packing conditions, accordingly.

Table 1. Velocity components for dense initial packing density presented for nine zones, from A–I. Each
quadrant presents Vx (V, velocity), Vy, Vt (t, total), or Vp (p, pointer), clockwise from the upper-left
corner. Vx, Vy, and Vt are given in pxpf (pixels per frame).

0.8213 4.9124 0.1602 6.8481 −0.7188 4.7917
A B C

4.9806 16.49% 6.8500 2.34% 4.8453 −14.83%
0.8131 5.0736 −0.1438 8.3339 −0.6240 6.7173

D E F
5.1383 15.82% 8.3352 −1.73% 6.7462 −9.25%
1.1250 4.7500 −0.3187 12.5440 −1.09651 5.2293

G H I
4.8814 23.05% 12.5480 −2.54% 5.3430 −20.52%

Table 2. Velocity components for dense initial packing density presented for nine zones, from A–I.
Each quadrant presents horizontal (Vx on the left) and vertical (Vy on the right) components only. Vx
and Vy values are given in mm/s.

1.3901 8.3142 0.2711 11.5905 −1.2165 8.1099
A B C

1.3762 8.5871 −0.2434 14.1052 −1.0562 11.3690
D E F

1.9041 8.0394 −0.5394 21.2306 −1.8558 8.8506
G H I

Table 3. Velocity components for loose initial packing density presented for seven zones, from A-F and
H (Zones G and I show no results for the loose condition since they were outside the funnel). Each
quadrant presents Vx, Vy, Vt, or Vp, clockwise from the upper-left corner. Vx, Vy, and Vt are given in
pxpf (pixels per frame).

0.5263 2.3509 0.1062 6.1258 −0.4750 1.5750
A B C

2.4091 21.85% 6.1267 1.73% 1.6451 −28.87%
0.5415 3.4333 0.2735 7.6415 −0.5631 2.2733

D E F
3.4758 15.58% 7.6464 3.58% 2.3420 −24.04%

1.6844 18.5511
G H I

18.6274 9.04%

Table 4. Velocity components for loose initial packing density presented for nine zones from A–I
(zeros for G and I). Each quadrant presents horizontal (Vx on the left) and vertical (Vy on the right)
components only. Vx and Vy values are given in mm/s.

0.9808 3.9789 0.1797 10.3679 −0.8039 2.6657
A B C

0.9165 5.8109 0.4629 12.9332 −0.9530 3.8475
D E F

0.0000 0.0000 2.8509 31.3978 0.0000 0.0000
G H I

As anticipated, the higher overall velocity was observed in the center zones of each row (B, E, H)
than in the side zones (A, D, G, C, F, I). The highest velocity was observed at the bottom of the hopper
component of the silo: Zone H [34,49]. The comparison of dense and initially loose packing density
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flow, based on velocity component analysis (Tables 2 and 4), produced a significant difference in Zone
H, up to 50% in the overall velocity values. While the central zones for both conditions were similar
(Zones E, B), the side zones (Zones D, F, A, C) differed (by more than 65% for Zones C and F), since
the character and shape of the funnel varied. The increasing differences between the initially dense
and initially loose packing conditions may be explained primarily by the varying size of the flow area
(funnel area; see Figure 2). The wider the funnel, especially in the upper part of the silo (Zones A, B, C),
the greater the difference (assuming the silo outlet is the same size). These differences were also visible
in the values of horizontal component velocity, where in the case of initially loose packing density, the
absolute values inside of side zones were generally higher than for initially dense packing density
(Zones A, C, D, F). Figure 8 shows a velocity distribution map derived on the basis of the results
obtained. Groups of similar velocity vectors were arranged in circles. It can be noted that similar
results were obtained for the three main vertical Zones, A, D, and G (left of the funnel), C, F, and I
(right of the funnel), and finally, B and E (upper center of the funnel). These results were consistent
regardless of the condition, i.e., they were similarly situated on the velocity map for both loose and
dense initial packing densities. The only exception was the velocity for H, which was the lowest
funnel zone, just above the outlet where the particles gained the highest velocity. Therefore, given that
the results for Hd (dense) and Hl (loose) were still within a moderate range of values conforming to
theoretical expectations, the efficacy of the method was proven.

Figure 8. Trace particle-based silo flow velocity distribution map. Small circles show velocity values
for distinct silo zones (from A–H), as indicated on a schema drawn in the upper part of the picture.
Large circles show groups of similar results. The lower index d indicates the initially dense packing
condition, while index l indicates the initially loose packing condition.

The results presented here were for the single-particle method, but the accuracy and precision
calculated for all three methods were satisfactory and did not differ significantly. First of all, we
considered accuracy compared to the ground truth baseline prepared by two experts. All the methods
achieved comparable results, with variations of no more than 2%. Precision taken as the repeatability of
results also reached 98%. Next, we examined the duration, i.e., the length of time required to complete
the task by workers using different methods.

Table 5 shows aggregated times taken by workers to complete the tasks. The columns show the
results for classical, zone, and single-particle methods, respectively. The rows show average results
for processing a single frame, 10 consecutive frames, or 100 frames (from top to bottom, respectively).
SD indicates the Standard Deviation. The single-particle targeted method was the fastest, as was to
some extent expected. However, it should be noted that it consumed approximately 10-times less time

52



Sensors 2019, 19, 3317

than the classical method and almost four-times less time than the zone particle method. These factors
were greater than anticipated, since there were no cases in which there were 10 trace particles; the
average maximum number oscillated around four or five for most of the populated zones. The zone
particle method was more than twice as fast as the classical method in all cases. Given the ability of
crowdsourcing to parallelize jobs, it may be possible to speed up the entire process significantly. It is
also worth noting that the SD was significant, since some frames or frame sequences were much more
difficult to process (or simply required more time to process).

Table 5. Comparison of annotation time for different crowd work strategies. Time values are averaged
and rounded to two decimal places and given in s.

Classical Zone Targeted Single-Particle Targeted

Time (avg) SD Time SD Time SD

1 frame 58.47 36.26 18.57 15.13 5.94 4.20

10 frames 584.69 262.51 185.70 121.65 59.41 12.30

100 frames 5800.53 1952.39 1845.58 978.37 591.57 68.43

Table 6 shows average processing times for different zones. The most important zones were the
central funnel flow zones, i.e., B, E, and H. However, no significant differences were visible, since both
the processing time and SD remained close to the average values.

Table 6. Comparison of annotation timed for different zones. Average times rounded to two decimal
places and given in s.

Zone Time SD

A 9.60 2.70
B 13.33 3.67
C 47.07 18.24
D 9.11 3.62
E 19.04 6.38
F 8.56 5.18
G 12.80 4.62
H 15.66 4.92
I 31.98 15.78

By quantitative analysis of radiographic images with the aid of the crowdsourcing system, it is
possible to obtain a profile of the granular material velocity during the silo discharging process. The
results provided additional knowledge about granular flows, making detailed comparative analysis
of flow dynamics possible. Such analysis can be conducted on the basis of the calculated velocity
profile derived from X-ray imaging data. The results obtained in our study are in agreement with
previously-reported data [34,49].

The proposed crowdsourcing system enabled the distribution of the imaging data (image
sequences) for different flow fragments (see Figure 6 for the task allocation algorithm). The results
showed better quality particle detection for frames pre-marked based on previous images in the
sequence. More details on the development of the crowdsourcing method and system were given
in [11,48]. In contrast, workers reported decreasing efficiency due to rising fatigue related to physical
and cognitive workload demands over time when they worked with longer fragments of image
sequences. Therefore, in the future, it would be interesting to investigate whether it would be
beneficial to work with the system at random times chosen by the workers, of limited durations,
possibly adjusted to the specific needs of the workers. Further development of the system itself, as
well as of the crowdsourcing methodology for tomographic imaging analysis will be continued in the
next stages of this research.
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5.2. Qualitative Assessment: NASA TLX

In order to assess the workload of the participants, we performed NASA Task Load Index (TLX)
tests. The participants completed a self-assessment rubric, in which they evaluated six main factors
related to the given tasks, namely mental, physical, and temporal demand, how they perceived their
performance in terms of quality and effort, and finally, the level of frustration induced by the task.
These factors approximated to some extent the measurement of task complexity, the user experience,
and the usability of the proposed approach, all in relation to the background of individual workers.

Diagrams of the TLX results are presented in Figure 9, separately for the two conditions for
the processed X-ray measurement results, i.e., dense silo filling (on the left-hand side) and loose silo
filling (on the right-hand side). The colored bars for each TLX category represent results obtained
using the three methods. The blue bar (always on the left in each group) shows the performance of
the baseline crowdsourcing method, i.e., results achieved by crowd workers annotating all the trace
particles in each frame. The orange bar (always in the middle) illustrates the performance of the zone
tracking method, i.e., results achieved by crowd workers annotating trace particles bounded by a
single area, as depicted in Figure 4. The green bar (always on the right) illustrates the performance of
the single-particle tracking method, i.e., results achieved by crowd workers annotating only a single
particle of their choice, taken from a particular, indicated area.

Figure 9. NASA Task Load Index (TLX) plot for the classical method (blue bar, left-hand side in each
triple post), zone-targeted crowdsourcing method (orange bar, middle position in each triple post) and
the single-particle focused crowdsourcing method (green bar, right-hand side in each triple post) for
two initial silo filling conditions, i.e., dense (left) and loose (right) initial packing density.

The NASA TLX index tests showed a significant decrease in mental and temporal demand, as
well as a drop in job frustration for both conditions (dense and loose silo filling), for both proposed
methods compared to the classical crowdsourcing method. The results were better (a larger drop) for
the single-particle tracking method than for the zone-tracking targeted method. However, the decrease
in physical demand was slightly more prominent for the single-particle method and was significant
for both methods only in the case of the loose filling condition. A different effect can be observed
in the category of effort. Effort was reported to decrease significantly, mainly for the single-particle
method (a drop of more than 50%) compared to the classical baseline method. Performance went up
significantly, by more than 10%, but only for the single-particle method. Interestingly, performance
increased by more than 10% only for the single-particle method. Performance was not perceived to be
significantly different for the zone-tracking method, no matter the condition, yet it was perceived to be
worse than the classical method in the case of dense filling.

54



Sensors 2019, 19, 3317

5.3. Discussion Summary

The methodology presented here provides a practical way to analyze reconstructed images, when
automatic methods for feature extraction using classical computer vision algorithms are not efficient.
The proposed method based on crowdsourcing was verified using real measurement data, and the
results were in agreement with those obtained by other research methods. Specifically, the velocity
vectors calculated using the crowdsource-annotated data were verified. The positions of trace particles
were annotated in sequences of radiography data over time and were used to determine velocity
vectors in three different parts of a silo container during bulk solid flow. In this paper, we showed a
method for how to determine the flow velocity based on horizontal and vertical velocity components
of trace particles.

In our comparison of three approaches to crowdsourcing the processing of image sequences, the
proposed zone-targeted and single-particle targeted methods performed well, giving task completion
time benefits. Further investigation is needed to prove the usefulness of the methodology for
other applications.

6. Future Work

Our results showed definite potential for further applications of the targeted crowdsourcing
methods. Methods that decrease overall workload are needed to reduce common limitations of
crowdsourcing, such as sloppiness and the low percentage of quality results [13,14]. More research
is required on how to apply these targeted methods to different tomography sensing problems,
which are difficult to process and interpret automatically. Future work could also attempt to couple
these methods with novel Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR)
visualization technologies [50], in order to design novel interfaces for future-of-work and Industry 4.0
mash-ups of human operators working in AI-driven automated industrial process installations [51,52].
It is worth emphasizing that the output of the crowdsourcing methods is a labeled dataset that could
later be used as input data for the further training of machine learning algorithms. Given a large
enough dataset, it is anticipated that the process could be automated, at least to some extent, for classes
of similar images.

7. Conclusions

In this work, we presented a method for extracting process parameters using crowdsourcing. The
proposed data processing workflow was applied to study gravitational silo flow, measured by X-ray
radiography, and proved to be a reliable and useful way to process tomography data. Crowdsourcing
proved to be efficient for pre-processing raw images captured by an industrial standard 2D X-ray
radiography sensor. The aggregated average output from the crowdsourcing system can be taken as
the input for further, automatic or semi-automatic calculations, as demonstrated here in the case of
calculations of the axial velocity of trace particles moving along a silo during unloading. An additional
benefit of the proposed targeted crowdsourcing method is that it minimizes the cognitive workload,
enabling similar research tasks to be completed more efficiently.
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Abstract: Smart flow monitoring is critical for sewer system management. Obstructions and
restrictions to flow in discharge pipes are common and costly. We propose the use of electrical
resistance tomography modality for the task of smart wastewater metering. This paper presents
the electronics hardware design and bespoke signal processing to create an embedded sensor for
measuring flow rates and flow properties, such as constituent materials in sewage or grey water
discharge pipes of diameters larger than 250 mm. The dedicated analogue signal conditioning
module, zero-cross switching scheme, and real-time operating system enable the system to perform
low-cost serial measurements while still providing the capability of real-time capturing. The system
performance was evaluated via both stationary and dynamic experiments. A data acquisition speed
of 14 frames per second (fps) was achieved with an overall signal to noise ratio of at least 59.54 dB.
The smallest sample size reported was 0.04% of the domain size in stationary tests, illustrating good
resolution. Movements have been successfully captured in dynamic tests, with a clear definition being
achieved of objects in each reconstructed image, as well as a fine overall visualization of movement.

Keywords: electrical resistance tomography; smart water meter; wastewater management

1. Introduction

Process tomography provides measurements of concentration distribution and flow profile within
a process instrument by collecting data via remote sensors. Electrical tomography is one of the
most extensive tomographic modalities that can provide cross-sectional profiles of the distribution of
materials or velocities in a process vessel or supply information about transient phenomena in the
process. The advantages of such technology, such as high temporal resolution, low cost, no radiation
hazard and non-intrusive/non-invasive, have made electrical tomography a promising technology in
monitoring and analyzing various industrial flows [1]. Electrical tomography can be further divided
into Electrical Capacitance Tomography (ECT) and Electrical Impedance Tomography (EIT), based
upon the dielectric properties of the continuous phase in the domain. EIT measurements provide
information on the real and imaginary parts of the impedance, as well as the phase angle. However, in
the process industries, applications commonly rely on the conductivity difference between two phases
to obtain the concentration profiles. Therefore, Electrical Resistance Tomography (ERT) are dominantly
employed in imaging conductive flow measurements [2].

Urban wastewater is defined as the mixture of domestic wastewater from kitchens, bathrooms and
toilets; other sources of wastewater are industries discharging into sewers and rainwater run-off from
roads and other impermeable surfaces such as roofs, pavements and roads draining to sewers [3]. In
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the UK, the underground sewer system, with a total length of 347,000 km, carries over 11 billion liters
of wastewater every day [4]. However, the operational conditions of sewer systems can change over
time due to blockages caused by sediment and fats in the untreated wastewater, and structural changes
associated with ageing; hence, it is vital to gather sufficient information on the current condition of a
sewer system to proactively prevent the service failures. Water companies are now looking for new
ways of reducing blockages, and thus the chances of flooding, through means such as modelling to
identify hot-spots, monitoring for progressive operational deterioration, and intervening proactively [5].
It has been concluded through statistical analysis that the majority of blockages occur in pipes of
diameter 225 mm or less and mostly upstream of a junction [6]. Moreover, the flow velocities can affect
the risk of blockages, vice versa. Therefore, flow monitoring at the locations with high likelihood of
blockages is essential for continuously inspecting the sewer and identifying the intermittent sewer
blockages. Currently, conventional non-tomographic technologies that are only capable of providing
flowrate measurements, such as ultrasonic Doppler velocity profilers, electromagnetic meters, Coriolis
mass meters, and Venturi meters, are commercially available. However, the wastewater flow behaviour
comprises more than one phase due to the complexity of its compositions, which cannot be differentiated
by traditional flow meters. Process tomographic scanners, as a result, can be good alternatives by
providing real-time cross-sectional images on the phase distribution.

The Environment Agency Monitoring Certification Scheme (MCERTS) regulates the minimum
rated operating conditions for fluid conductivity shall be 50 μS cm−1 to 1200 μS cm−1 [7], which
makes ERT a good candidate for playing an important role in monitoring wastewater flow. One
of the major concerns in sewers is blockages caused by built-up grease, sanitary products, food
scraps, etc. ERT can distinguish between different concentrations by their conductivities; further
identification of transitions between homogeneous and heterogeneous flow regime can be implemented
by direct/indirect interpretation of measurements. Since obstacles in pipeline systems can disturb
the dynamic flow behavior [8], blockages can change the flow within the sensing area. Therefore, by
properly characterizing wastewater flow regimes, early detection of sewer blockages can be achieved.

ERT has been heavily applied in multiphase flow studies by the means of estimating the phase
fraction through the mixture’s dielectric properties of fluid [9,10] without distorting the flow field,
including identifying the flow regimes [11–13], visualizing multiphase flow [14,15], mass flow rate
measurement [16]. Additionally, ERT sensors can estimate the velocity profiles by cross-correlation
between two identical sensors [17,18] The operation principle of ERT is injecting current or applying
voltage to electrodes mounted on the boundary of the domain and measuring the voltage or current
from the rest of the electrodes. Various ERT hardware systems have been developed as research
tools for process engineering studies [10,14,15,19–22]; a few electrical tomographic systems have
also been commercially developed, for instance, MPFM4R&D ECT system from Tech4Imaging [23],
SONARtrac ECT flow meter from CiDRA [24], Rocsole ECT pipe sensor from Rocsole [25] and the
FLOW-ITOMETER ECT/ERT sensors from itoms [26].

In this paper, an ERT hardware system will be developed, dedicated to wastewater applications. A
top-down view of the proposed design will be presented and explained, and each module included in
the design will be described in detail. Lab-scaled stationary and dynamic experiments were conducted
to verify the accuracy of the measurements. Image reconstructions, including a quantitative image
quality analysis, as well as numerical analysis, namely Signal to Noise Ratio (SNR) and cross-correlation,
will be presented to evaluate the system performances.

2. System Overview

An overview of a 16-channel ERT hardware system is presented in Figure 1. The system
incorporates: (1) A sensor array equally spaced around the domain periphery; (2) An effective data
acquisition system (DAQ) device; (3) A personal computer that interacts with the DAQ, exacting and
processing information.
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The proposed DAQ system is a 16-channel serial ERT device, as shown in Figure 2, operating at
50 kHz using the adjacent driving and measuring protocol. It features the user configurable current
injection at 50 kHz over the range of 6 mA to 18 mA, as well as the load-adaptive capability. The DAQ
system is designed in a modular manner, and may be broken down into four modules:

• An excitation source;
• An electrode switching module;
• A reception module;
• A central control unit functioned by an STM32 microcontroller

These four modules are prototyped on three separate boards, i.e., excitation and reception board
(top layer), switching board (middle layer) and microcontroller board (bottom layer). The advantages
of this architecture are easy assembly, high mobility, and compactness.

Figure 1. System overview.

 

Figure 2. 16 channel ERT device.

3. Design and Methods

3.1. Excitation Source

Current, as opposed to voltage, is chosen as an excitation signal to the periphery of the conducting
medium on the premise that a current source has a high output impedance, so that the effects of electrode
contact impedance will be negligible. The current source presented in this paper is composed of a
signal generator, a band-pass filter, a variable gain amplifier and a voltage controlled current converter.
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Excitation signals in alternative waveforms have great advantages in reducing the effect of
electrode polarization and isolating the direct current offset potential. Sinusoidal waveforms further
provide access to full electrical impedance demodulation, and hence, the capability of spectroscopic
measurements. Low-cost monolithic devices which can generate accurate waveforms via direct digital
synthesis have recently become commercially available. Hence, in the reported design, a Direct Digital
Synthesizer (DDS) is selected to produce a sinusoidal signal. A DDS can benefit the system with its
fine resolutions at low frequencies (up to 200 kHz), inherent stability, and compactness. However,
an unfiltered DDS output signal is biased and rich in spurious content introduced by a Digital to
Analogue Converter (DAC). Thus, a fast settling Sixth-order Butterworth Bessel band-pass filter with a
passband of 20 kHz centred at 50 kHz follows the DDS.

A variable gain amplifier (VGA) is used to allow for a flexible current excitation within the range
of 6 mA to 18 mA. The VGA is essentially a non-inverting amplifier incorporating with a programmable
digital potentiometer (DigiPot) and fixed value resistors. The value of DigiPot determines the gain of
the VGA and is set via user commands at the beginning of collections referring to a look-up table.

One of the difficulties in designing an ERT system for process applications is the wide range of
conductivities, varying from several μS cm−1 to a few hundred mS cm−1. Hence, a current source that
is able to provide a constant current supplying over a wide range of load impedances is a necessity.
A dual op-amp voltage controlled current source developed by [27], which is capable of preserving
high output impedance over a wide range of operating frequencies, is built around commercially
available current feedback amplifiers in our system. The output current is a result of input voltage, Vin

and the sensing resistor Rsense, following the equation:

Iout = Vin/Rsense (1)

3.2. Electrode Switching Module

In this system, a serial collection protocol is employed; furthermore, it is critical to have a fast
switching mechanism to achieve an overall data acquisition speed. Due to the non-idealities of
multiplexers, including the non-zero on-resistance, charge injection, various settling time and retained
charge, an appropriately designed switching circuit is essential to not only fulfil fast signal transients
but also give the least chance of distorting receiving signals.

A multiplexer with the lowest possible on-resistance is desirable to maintain good linearity.
However, the low on-resistance also means a large charge injection, which will result in a voltage
glitch occurring at the multiplexer input when switching channels. To compensate for this, the source
impedance of a multiplexer should be kept as low as possible. Therefore, a buffer amplifier with a high
input impedance and an extremely low output impedance should be placed at each multiplexer input
to settle a full-scale step.

A total of four 16:1 multiplexers are exploited, of which two are for the selection source and sink
ports and the remaining two for selecting differential voltage ports. Four quadruple low-cost precision
Junction gate Field-Effect Transistor (JFET) input operational amplifiers are introduced for buffering
the received signal from the electrodes.

3.3. Reception Module

3.3.1. Signal Conditioning

Common-mode errors have been considered as being among the most significant sources of
measurement errors. As described previously, the proposed design uses a single-end current source
topology, the impedance between the grounded side of the current source and the amplifiers in
the reception module is the main factor that introduces common-mode signal [28]. To eliminate
common-mode errors, two techniques are implemented: (1) an instrumentation (INS) amplifier with
a high common-mode rejection ratio (CMRR) at the desired frequency (i.e., 50 kHz) is selected to
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determine the differential voltage between two voltage signals; (2) fast high pass filters at the inputs of
the instrumentation amplifier are used to remove the Direct Current (DC) component of the incoming
voltage signals without compromising the acquisition speed.

An Eighth-order Butterworth bandpass filter (BPF) follows the INS amplifier to filter out any
distortion that is introduced by the INS amplifier. The BPF is centered at 50 kHz with a 40 kHz passband
(−3 dB) and 200 kHz stopband (−40 dB), which results in an approx. 100 μs step response time.

The voltage responses to the current injection can vary over a wide dynamic range from a few
millivolts to several volts, depending on the size of the vessel as well as the medium/inclusion in the
vessel. To accommodate for diverse applications of the system, another VGA of the same topology as
the one employed in the excitation source is incorporated after the BPF, so that the measurements can
fall within the acceptable range of the Analog to Digital Converter. This is achieved by a calibration
process which happens both at the startup of the system operation and along the whole acquisition
process, so that the system can adapt to any unpredictable changes.

3.3.2. Peak Detection

In an ERT system, only the in-phase component is required for reconstructing the conductivity
distribution. An analogue precision peak detection circuit is implemented to obtain the amplitude
of the differential voltage, as displayed in Figure 3. The maximum value of the incoming signal is
captured by charging up a capacitor, C1. Specifically, when the input signal is rising, C1 is charged to a
new peak level; whereas D1 and D2 prevent C1 to be discharged when the signal is falling. It is also
vital to have a reset switch, Q1, coupling the capacitor, which is performed by an N-channel enhanced
Metal Oxide Semiconductor Field-Effect Transistor, so that the capacitor can be discharged and ready
for the next series of signals. The active-high reset signal comes from the microcontroller and will be
further discussed in Section 3.4.

The proposed peak detection technique is capable of generating high precision measurements
with a high signal to noise ratio. The simplicity, and hence, the cost efficiency of the system, are
achieved by replacing the complex phase shift demodulation technique with such peak detection
circuit when compared with the conventional ERT device.

Figure 3. Peak detection circuit.

3.3.3. Analogue to Digital Converter (ADC)

The general dynamic range of collected signals is from 1:10 to 1:40 [29]; hence, with a minimum
1% accuracy, a 12-bit analogue to digital conversion is necessary. The built-in 12-bit ADC is used to
continuously read voltage measurements using Direct Memory Access (DMA) mechanism, which
allows for an automatic data transfer from ADC to memory without the usage of the Central Processing
Unit (CPU). A total of 35 ADC readings are taken and 5 extrema are eliminated so that each voltage
measurement is a result of an average over 30 ADC readings. The averaging technique benefits the
system with a better signal to noise ratio by the factor of

√
N (N is the number of times of averaging).
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3.4. Central Control Unit

An STM32F4 microcontroller handles the commands to programmable integrated circuits (ICs),
data exchange between a host PC and the device, and data processing. The sequence of operation
follows the flowchart in Figure 4a below. After the system initialization, based on the choice of injection
current level from the user command, a VGA gain on the injection side (VGAi) is set for current. At
the same time, an initial gain is also set for the reception side VGA (VGAr), which is normally the
smallest value in the look-up table. A calibration process is then performed after a whole frame of
data is collected and a corresponding gain for VGAr is calculated. Following that, a startup operation
that allows for 5 frames (each frame contains 208 switches) of switching is carried out before the data
transmission happens. This startup operation enables the system to settle; hence, a better quality of
data will be obtained in the later collection procedure. The authentic measurements then start on
the command received at the end of the startup stage. A re-calibration check takes place each time a
whole frame of readings is fed into the ADC. If any readings in this frame have reached 4095, then the
calibration process will happen again to set a new VGAr gain accordingly.

The sequence of one measurement follows that shown in Figure 4b. The timing is essentially
governed by a series of pulses of the stimulation frequency, i.e., 50 kHz, which is generated by the zero
crossing detection of the input signal. The multiplexer switches at every 17 cycles of pulses and leaves
the system operating at 14 fps. The peak detection reset signal occurs after 9 cycles from the switching
instance to give signals sufficient settling time. Subsequently, the ADC conversion happens at cycle 11;
the reading and averaging of measurements finishes in 4 cycles.

Communication between the host PC and the ERT device is accomplished via Universal Serial Bus
(USB) micro-AB at full speed (12 Mbps). On the host terminal, data could be received and stored either
by REALTERM terminal emulator software or MATLAB. It’s worth noting that only after a whole
frame of 208 measurements all taken, this one frame of data is transmitted to the host PC at once, as
indicated in Figure 4c.

Figure 4. (a) Operation procedure of the microcontroller command (b) Timing simulation between two
switching instances (c) Timing simulation between two frames of collection.
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4. Experiments

To evaluate the performance of the proposed system, multiple experiments were carried out
in a cylindrical phantom of 25 cm diameter with 16 electrodes attached evenly on the periphery, as
indicated in Figure 5. In all tests, saline is used as a background medium, and is prepared with the
solution of NaCl and tap water.

 

Figure 5. The EIT system for experiments.

Image reconstructions aiming at recovering conductivity distributions from boundary
measurements were performed by field electrical modelling for forward model and inversion algorithm.
The electrical conductive field model is governed by the derivation of Maxwell’s equation:

∇·(σ∇u)= 0, (2)

where σ is the conductivity, u is the electric potential distribution, and ∇ is the divergence operator. For
the appropriate formulation of the system, the complete electrode model (CEM) is used to constrain
the boundary conditions described by:

Uk= u + Zkσ
∂u
∂n̂

on ek; k = 1, 2, . . . , K, (3)

where u is the potential field, Zk is the contact impedance of the kth electrode, n̂ is the outward unit
normal vector and ek denotes the part of boundary that corresponds to the kth electrode. The finite
element method (FEM) is a numerical discretizing method commonly used in EIT, and it discretizes the
domain of interest into small elements to turn a continuous problem into a discrete problem, and hence
solves the forward model. For stable image reconstruction, a linear inverse problem is solved using the
Jacobian Matrix J and a Laplacian regularization function leading to matrix R used with regularization
parameter γ2 which is empirically selected. An image of change in electrical conductivity Δσ can be
obtained from differential voltage measurements Δu = ui − ub, where ui and ub are the measurements
with and without inclusions respectively, following Equation (4):

Δσ = (J T
J + γ2 R)−1

JTΔu (4)

4.1. Background Test

To help understand the quality of measurements collected from the proposed 16 channel ERT
system, a uniform background test is firstly conducted under the lowest possible current injection,
6 mA, and the voltage measurements ub are captured in Figure 6a. Signal-to-Noise Ratio (SNR)
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evaluates the precision of measurements by indicating the ability to produce the same results under
the unchanged conditions [30]; it can be calculated by:

SNR = 10 log
[v]i

SD[v]i
(5)

where SD[v]i is the standard deviation of measurements and [v]i is the mean value of total measurements.
For one projection from the first excitation using electrodes 1 and 2, the SNR of the corresponding
13 measurements is displayed in the bar chart in Figure 6b. As expected, a higher SNR occurs at
adjacent electrode measurements that have a larger trans-impedance, while a lower SNR occurs at
opposite-electrode measurements that have a smaller trans-impedance. The overall average SNR over
208 measurements is 59.54 dB, demonstrating the good reliability of the device.

 

(a) (b) 

Figure 6. (a) Background dataset plot (b) SNR plot of 13 measurements in background test.

4.2. Stationary Tests

4.2.1. Single Sample Tests

Four sets of experimental tests using plastic (Teflon) rods in the sizes of 2 cm (small), 3 cm
(medium) and 4 cm (large) diameter, and a plastic ballpoint pen in the size of 5 mm (Xsmall) are
reported in this section. In the large and medium sample cases, 6 mA current was injected; whereas 16
mA current was used to stimulate the system in the small and Xsmall sample tests. This is because the
signal changes induced by small inclusions are not as significant as those by larger inclusions and are
more vulnerable to the background noise. Each object was placed at various locations within the tank,
and results are displayed and compared with the real distributions in Tables 1–3.

As indicated from Tables 1–4, the reconstructed images are well defined within the view region,
and can reflect the location variations when compared with the real distributions. However, notable
image distortion can be observed as objects move further away from the boundary of the domain.
This is caused by the inherent ill-posed nature of ERT that it has a high sensitivity to the changes
occurring near the boundary. This poses a more significant effect when the targets are rather small
and the changes in impedance by objects could be more severely contaminated by noises occurring
at the boundary. Hence, even with a stronger excitation, images still struggle to preserve the shape
and size of the real images in the small sample test (Table 3) and the Xsmall sample test (Table 4). It
is worth noting that even the extra small object, whose size is only 0.04% of the area of the tank, is
still detectable by the system. This is benefited from the high SNR of the ERT system and gives the
system the confidence of capturing small obstacles and hence potential blockages at an early stage in
the field applications.
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Table 1. Large sample tests.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

      

Table 2. Medium sample tests.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

       

Table 3. Small sample tests.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

       

Table 4. Extra small (Xsmall) sample tests.

Location1 Location2 Location3 Location4 Location5 Location6 Location7
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Quantitative image quality analysis is reported to further compare the reconstructed images
with the real distribution. Two evaluation parameters are employed here, i.e., Position Error (PE)
and Shape Deformation (SD) from [30], and are plotted against locations. Each image is made up
of 200 × 200 pixels and can be represented by a column vector x̂; a threshold of one-fourth of the
maximum amplitude is applied for the detections of the most visually significant effects:

[
x̂q

]
i
=

⎧⎪⎪⎨⎪⎪⎩1,
[
x̂q

]
i
≥ 1

4 max(x̂)

0, otherwise
. (6)

1. Position Error

Position error describes the mismatch between the centre of mass of the real distribution Po and
the reconstructed image Pq:

PE =
∣∣∣Po − Pq

∣∣∣ (7)

Hence, PE is preferably as small as possible so that it could provide reliable information on the
location of blockages in the smart-metering applications. The PE of the four objects are plotted in
Figure 7a. Position errors in all tests are managed to be kept below 1 cm, which indicates good tracking
of potential blockages.

  
(a) (b) 

Figure 7. Reconstruction accuracy plots (a) Position Error; (b) Shape Deformation.

2. Shape Deformation

Shape deformation measures the fraction of the reconstructed one-fourth amplitude that fails to
fit within a circle of the area equivalent to the real image:

SD =
∑
k�C

[
x̂q

]
k
/
∑

k

[
x̂q

]
k

(8)

where C is a circle centered at Pq with an area equal to Aq. SD should also be low and uniform as
large SD may result in incorrect interpretation of inclusions. The SD plots of four samples at various
locations are presented in Figure 7b. The ability to preserve the shape and size of objects declines as
the objects get smaller, as expected. Moreover, the variation of SD becomes larger as the size of objects
increases. The SD performance could be further improved by applying an advanced reconstruction
algorithm in offline post-process or applying a size orientated threshold technique.

4.2.2. Multiple Sample Tests

Another set of tests with more than two samples in the tank are also performed in Table 5. The
results give a good insight of the distinguishability of the system. When the objects are placed equally
close to the boundary, all of them can reveal themselves in the recovered images; however, smaller
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objects tend to have lower amplitude responses. Difficulties arise when any of the objects were placed
in the center of the view region, and objects are effectively merged into one in the reconstructed images
(i.e., Location3 and Location6 in Table 5).

Table 5. Multiple sample tests.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

       

4.3. Dynamic Tests

In order to study the feasibility of flow monitoring with the framerate offered by the proposed
ERT hardware system, dynamic tests were carried out by continuously moving an object in this
section. For the purpose of simplification, 2-dimensional flow simulation, which is accomplished using
measurements obtained from one electrode plane, is considered.

Experiments were conducted using the same phantom setup as single stationary tests in 0
employing the large sample (4 cm diameter plastic rod). Two types of movement are studied: the
circular movement where the sample moves along the inner wall of the tank clockwise (Figure 8a);
the cross movement where the sample moves across the region along the diameter from one side to
another (Figure 8b,c).

   
(a) (b) (c) 

Figure 8. Movement indications of (a) circular (b) vertical cross (c) horizontal cross.

4.3.1. Circular Movement

The circular movement provides a good insight into employing ERT into monitoring dynamics
within process equipment such as impeller-based mixers, hydro-cyclones and centrifugal separators [31].
Several reconstructed images along the movement path are presented in Table 6. The sample is well
defined, even under the continuous movement, and this illustrates that the data capture speed is
sufficiently high compared to the rate of movements.

To demonstrate the sample movement over the given time margin, a 3D volume model is
introduced in Figure 9. In Figure 9a, the top view of the sample motion describes the circular movement
within the phantom and a helical 3D volume model in Figure 9b provides the time taken for such
movement to complete. The 3D modelling helps not only visualize the movement of targets but
obtain volume information given the angular speed derived from the system framerate (will be further
discussed in Section 5.1).
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Table 6. Large sample circular movement test reconstructed images.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

 

(a) (b) 

Figure 9. Circular motion 3D volume model (a) top view (b) helical 3D view with time axis.

4.3.2. Along Diameter Movements

The 2D cross movements can be extended into 3D processes where two electrode planes can
be implemented; flow patterns in horizontal slurry transport pipelines [32] can then be investigated.
Again, seven critical slices of images of each type of cross movements are displayed in Tables 7 and 8.
The results prove that the movements are successfully monitored.

Table 7. Large sample vertical cross movement test reconstructed images.

Location1 Location2 Location3 Location4 Location5 Location6 Location7

       

Table 8. Large sample horizontal cross movement test reconstructed images.

Location1 Location2 Location3 Location4 Location5 Location6 Location7
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5. Cross-Correlation

The resulting ERT images displayed in Section 4.3 provide good insights into the phase distribution
as well as transients in two phase flow. Subsequently, a velocity field can be inferred by computing
correlations between images of different time instants based on a sequence of reconstructed tomographic
images as illustrated in Figure 10a. In a system with one ring of electrodes, the cross-sectional plane
of interest is divided into finite elements, which is defined as the pixel correlation method [32], as
shown in Figure 10b. Each reconstructed image is composed of these pixels, with each unit having
a value indicative of the resistivity of the region it occupies. Then, the profile of individual pixels
(i.e., the characteristic vector) can be obtained from the variations of its resistivity measurements over
time. By discretely cross-correlating between two targeting pixels’ profiles (Equation (8)), the resulting
cross-correlation RAB(τ) peaks at the time representing the delay between signals VA and VB, i.e.,
τ [31].

RAB(τ) =
1
N

N∑
n=1

VA(n Δ t)VB(n Δ t + τ), (9)

where signal VA and VB are the characteristic vectors of pixels A and B that the cross-correlation is
applied to; N is the length of vector, and Δt is the time-step.

 
(a) (b) 

Figure 10. (a) examples of signals from pixel A and B; (b) indication of pixel units division within the
view region.

5.1. Circular Movement

The circular movement starts from pixel 23 and completes one lap in 366 frames. Therefore, pixel
23 is set as a reference whose characteristic vector against frame number is plotted in Figure 11. The
pixel profile plots provide information of the time instances when the sample enters and leaves the
corresponding pixels. In the example of pixel 23, as described in Figure 11, the sample was placed
at pixel 23 before the beginning of capturing and started moving out of the pixel after frame 10 until
frame 57 when the object was completely out of this pixel; the object appeared back in pixel 23 from
frame 324. The circular movement finishes one lap within 366 frames, which can be calculated as
26.14 s given that the data capture speed is 14 fps. This is comparable to the actual time spent on
completing one lap, which is measured by a timer, i.e., 26.38 s.

Six pixels along the circular path are chosen to correlate with the reference pixel and results are
displayed in the time-shifting manner in Table 9. Transit time can then be referred to the frame number
of the peak in each cross-correlation plot. The time-step of adjacent frames, which is the reverse of the
framerate of DAQ device is given, and the speed calculation is hence attainable.
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Figure 11. Characteristic value vector plot of pixel 23.

Table 9. Pixel characteristic vector plots and cross-correlation plots of circular movement.
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The frame numbers of the peaks in the cross-correlation plots in Table 9 are 72, 107, 147, 181, 225
and 269 in the displayed order. The increase in the peak frame numbers in the cross-correlation plots
indicates the time shifting.
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The angular speed can be performed by:

ω =
θ

τ× vDAQ
, (10)

where θ is the angular distance between two pixels in radius, τ is the transit time in frames and vDAQ

is the data acquisition speed which is 0.072 s per frame. For simplification, a quarter of one lap, which
is from pixel 23 to pixel 15, is considered. The cross-correlated transit time, τ, is 107 frames; hence,
the angular speed can be calculated as 0.207 rad/s. The accuracy of the speed calculation can be
analyzed in comparison with the measured angular speed. The measured time taken for the object to
travel over the angular distance of π/2 is 7.81 s, which yields an average angular speed of 0.201 rad/s.
Therefore, the relative error of using the cross-correlation method is 2.98% when compared with the
measured speed; this is acceptable and proves that the strategy of using cross-correlation to obtain the
speed measurements is feasible. The error is partially contributed by the imaging algorithm as the
cross-correlation is essentially accomplished from a sequence of reconstructed images and the image
quality can play an important role in the success of cross-correlation results. Also, the random error of
timing the instance when the object arrives at 90-degree location can result in the difference between
the measured time and the cross-correlated time, thereby giving the corresponding speeds.

5.2. Along Diameter Movements

Tests were also conducted by moving the object across the domain in vertical and horizontal
directions, as mentioned previously. In these tests, it started at pixel 23 in the vertical direction and
arrived at the opposite side of the tank, i.e., pixel 3, within 121 frames; started at pixel 11 in the
horizontal direction and arrived at pixel 15 in 121 frames of time. Thus, pixel 23 and 11 are set as
reference and their characteristic vectors are plotted in Figure 12a,b respectively.

 
(a) (b) 

Figure 12. Characteristic value vector plot of (a) pixel 23; (b) pixel 11.

Three pixels along the moving path in each case are chosen to cross-correlate against the reference
pixels. Similar to the circular movement, the cross-correlation plots peak at the frame numbers that
represent the travel time spent on moving from the reference pixels to the corresponding pixels. Results
are shown in Tables 10 and 11.

The frame numbers of the peaks of pixel 18, 13 and 8 cross-correlating to the reference pixel are 9, 51
and 82 respectively in the vertical movements; the frame numbers of the peaks in the cross-correlation
plots of pixel 12, 13 and pixel 14 against pixel 11 are 41, 73 and 97.

The speed at which the sample travels along the path can be derived by the same principal as
Equation (9) but with the metric distance between two targeting pixels instead. To illustrate, the
cross-correlated average speed is calculated at which the sample travels from the reference pixel to the
centre (pixel 13) in both the vertical and horizontal directions. Again, the accuracy analysis is shown in
Table 12.
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Table 10. Pixel characteristic vector plots and cross-correlation plots of vertical cross movement.
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Table 11. Pixel characteristic vector plots and cross-correlation plots of horizontal cross movement.

Pixel 12 Pixel 13 Pixel 14
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Table 12. Speed results of cross movements.

Measured Speed (m/s) Cross-Correlated Speed (m/s) Relative Error (%)

Vertical 0.0265 0.0274 3.39
Horizontal 0.0186 0.0192 3.22

The relative errors of along diameter movements are slightly higher than those of circular
movements, yet can still provide the confidence of employing cross-correlation to measure speeds.
One of the reasons for to the larger relative errors is the image quality. As discussed, the image quality
is one of the most vital factors that determine the accuracy of the cross-correlated speeds. Circular
movements occur near the periphery of the tank whereas the cross movements involve the object
travelling across the whole domain. The inherent difficulties of recovering the objects placed away
from the center lower the accuracies.
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6. Conclusions

Monitoring water supplies is economically and environmentally important, however, it is also
costly. Blockages of pipes or flow restrictions are common; whether it is wet wipes in sewage networks,
or gravel and silt clogging in pipes, it is important to know where these blockages occur (or are likely
to occur), to facilitate maintenance and minimize disruptions to the networks. This work reports an
ERT system demonstrating the use of sensors to image pipes with different flow constituents including
solids and liquids. The impact of this work is an embedded sensor monitoring the quality and rate of
flow in water and sewage networks, feeding into water quality and availability improvements.

The device incorporates a serial measurement structure with a common mode error cancellation
method to allow for a cost-effective but fast data collection design. Furthermore, it features the
flexibility of injecting current from 6 mA to 18 mA whilst being able to respond to the wide dynamic
load range. A data collection rate of 14 fps, as well as an overall mean SNR of more than 59.54 dB,
has been achieved. The system performances in both the static and dynamic range were studied in
lab-scale experiments. With the smallest sample size reported being 0.04% of the phantom, the system
managed to locate inclusions with a position error of less than 1 cm. Also, successful motion tracking
was achieved by clear visualization of the movements, as well as numerical speed calculation with less
than 4% relative errors.
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Abstract: Silica nanoparticles have been shown to exhibit many characteristics that allow for additional
oil to be recovered during sand-pack flooding experiments. Additionally various imaging techniques
have been employed in the past to visually compare flooding procedures including x-ray computed
tomography and magnetic resonance imaging; however, these techniques require the sample to be
destroyed or sliced after the flooding experiment finishes. Electrical resistance tomography (ERT)
overcomes these limitations by offering a non-destructive visualization method allowing for online
images to be taken during the flooding process by the determination of spatial distribution of electrical
resistivity, thus making it suitable for sand-packs. During the scope of this research a new sand-pack
system and methodology was created which utilized ERT as a monitoring tool. Two concentrations,
0.5 wt% and 1.0 wt%, of SiO2 nanoparticles were compared with runs using only brine to compare
the recovery efficiency and explore the ability of ERT to monitor the flooding process. Electrical
resistance tomography was found to be an effective tool in monitoring local recovery efficiency
revealing 1.0 wt% SiO2 to be more effective than 0.5 wt% and brine only runs during the scope of this
research. A new method involving the slope function in excel was used to compare the effects of
nanofluids on resistivity trends also revealing information about the rate of recovery against time.
SiO2 nanofluid recovery mechanisms such interfacial tension reduction and viscosity enhancement
were then considered to explain why the nanofluids resulted in greater oil recovery.

Keywords: imaging techniques; multiphase flow; nanoparticles; enhanced oil recovery; tomography;
sand-pack flooding

1. Introduction

Both electrical conductivity and resistivity measurements have been conducted in the past to
characterize porous media flow, especially during soil infiltration measurements [1–3]. The resistivity
of a porous media is governed by the electrical resistivity of the constituent phases, saturation content,
fabric, and porosity. These resistivity measurements have been conducted to a lesser extent in regards
to flooding processes for oil recovery. Local resistivity distributions can provide information on phase
behavior and recovery efficiency during sand-pack flooding experiments for nanoparticle induced,
enhanced oil recovery. Typically x-ray computed tomography and magnetic resonance imaging are
used to obtain images of flow patterns during flooding experiments. Although these options provide
better spatial resolutions, electrical resistance tomography (ERT) also has many benefits including
excellent temporal resolutions, great practicability, and its ability to perform reconstructions in real time.
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Flooding experiments for enhanced oil recovery typically consists of a porous media that’s largely
saturated with oil, which is then flushed with brine until there is a plateau in oil recovery. Once all of
the movable oil is recovered, a fraction of bypassed oil will still be present within the pores in what is
termed residual oil. To reduce the residual oil saturation, different enhanced oil recovery techniques
must be applied including thermal, gas, and chemical injections. The scope of this research focuses on
a branch of chemical injection termed nano-EOR in which nanoparticles are introduced to increase oil
recovery after the water-flooding stage is deemed to be no longer efficient. Nanoparticles have many
desirable characteristics which allow for a reduction in residual oil saturation, including (i) their ability
to travel through the smallest of pore throats due to their minute size (1–100 nm) which allows them to
penetrate deep into reservoir rocks, (ii) their large specific surface area, resulting in an increased contact
area of nanoparticles with the oil phase, and better interaction between phases [4], (iii) their high
multi-functionality allowing them to be fabricated for a specific task, thus allowing for nanoparticle
characteristics such as particle coatings and morphology to be altered [5–7], and lastly, (iv) their ability
to change both multiphase and rock–fluid behaviors, allowing for the interfacial tension and wettability
of the system to be altered [8–11].

There are many experimental challenges associated with using ERT as a monitoring tool during
nano-EOR flooding experiments. Firstly, a sand-pack setup had to be constructed which incorporates
ERT around the perimeter of the vessel. Then the limitations of ERT itself had to be considered such
as the lack of spatial resolution (5% of vessel diameter) which meant the nanoparticles themselves
could not be detected during the measurements as the resolution in this case is on the millimeter
scale, and the nanoparticles on the nano-scale. Therefore, instead of considering the flow behavior
of the nanoparticles themselves, the change in flow behavior or oil recovery rate resulting from the
presence of nanoparticles will be considered and if large enough should be able to be detected by
ERT. A major limitation of ERT is the need for the medium to be conductive so an electrical continuity
exists between the sensors and the medium. Previously, researchers have considered conductive flows
through porous media such as water through soil. However performing such experiments with oil is
more challenging due to the electrically discontinuous nature of oil making acquiring a signal much
more difficult. The advent of new sensing methods, particularly the conductive ring and resistor
network arrangement, have increased the measurement range for ERT allowing for more accurate
measurements in highly intermittent environments such as oil saturated porous medias.

The aims here are to construct a sand-pack setup which incorporates traditional ERT sensors
around the sand-pack. Then ERT will be used to monitor oil recovery during nano-EOR flooding
experiments, and to validate the oil recovery results using the local resistivity plots and tomograms.
Additionally, ERT will also be used to reveal any differences in flow behavior and oil recovery brought
about by the presence of nanoparticles by observing changes in local resistivity trends and conductivity
profiles with time.

2. Materials and Methods

2.1. The System

A sand-pack flooding system was developed in order to utilize tomography as a visualization
tool to determine the effect of nanofluid on porous flow (Figure 1). In order to achieve this a column
made of perplex (5 cm diameter) was fitted with dual plane ERT sensors and filled with building sand
to represent the porous media. A vibrating electric oscillator (50 Hz), capable of variable amplitude
settings (max amplitude >0.15 mm) was situated underneath the column to provide a well compacted
sand-pack. A gravity feed system was developed in order to introduce the fluids at a constant pressure
head, and solenoid timer valves allowed for pulses of brine, with and without nanoparticles, to be
introduced. The solenoid valves were opened for periods of 5 min at a time, after a period of 1 h and
15 min, during which portions of about 10 mL of fluids were released from the medical drainage bags.
A collection table was situated beneath the table consisting of a number of beakers arranged on a
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collection tray, which was placed on top of a rotation motor. The rotation angle, time spent at each
angle, and number of times that the cycle is completed, could all be set by the user making it suitable
for different flooding scenarios.

The dual plane ERT sensors consisted of 16 electrodes (12.7 mm × 25.4 mm) made from stainless
steel which were connected to the data acquisition system via 36 pin connectors (IEE-488) on the
front of the system. The data acquisition system was the P2000 ERT system, a system designed
by Industrial Tomography Systems, based in Manchester, UK. For the scope of these experiments,
an injection current of 15 mA was used and a frame capture rate of 1 fps was adequate to capture the
flooding process over the range of 4.5 h. An adaptor cable was used to create a more homogenous
sensitivity distribution by mimicking the technology incorporated in resistor-network and conductive
ring sensing apparatuses [11]. This allowed for the measurement of more complex multiphase flows
with an electrical discontinuous phase such as the three phase oil-brine-nanofluid flows considered in
this setup.

Figure 1. Sand-pack setup for nano-EOR experiments, including a gravity feed and effluent collection
system. Where P1 and P2 represent the lower and upper sensor planes, respectively.

2.2. Gravity Feed System

In order for the system to work effectively, the flow rate must be near identical for both phases and
kept constant as a large change in flowrate could alter the conductivity distribution within the sensing
plane, thus making the results invalid. Conventionally, the use of an injection pump along with holding
vessels for each fluid is used in flooding setups to introduce various fluids. However, these setups are
relatively expensive and require the valves to be opened and closed manually when changing flooding
fluids. The use of a gravity feed system along with timer valves allows the fluids to be introduced
automatically at near constant flow rates, allowing for 5 min pulsations of each flooding fluid to be
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introduced without having to manually open and close the valves during every pulsation. The gravity
feed was simply constructed by connecting 2000 mL medical drainage bags (Beambridge Medical
Ltd., Guildford, UK) to 10 mm tubing which fed to the inlet chamber via timer valves. The pressure
drop was calculated by using measuring tape to quantify the hydraulic head in feet, and converted to
atmospheres using a conversion factor where 304.8 mm = 2989.1 Pa. The pressure drop for 3091 mm
was found to be 38,260 Pa, which was used for all the experimental runs.

A liquid or object that is free to move usually moves spontaneously from a state of higher potential
energy to a state of lower potential energy. The same applies for water in a porous medium, such that
a unit volume or mass of water will tend to migrate from an area of higher potential energy, such as
in Figure 2, highlighting the total heads at the inlet and outlet. The driving force equation is used to
explain the water flow from the drainage bags to the outlet, and quantify the force of displacement,
given by the total potential (HH) at two points (HHA, HHB) divided by the distance (LAB) between
the points:

df = −dHH
dx

=
dHHA − dHHB

LAB
(1)

Amending the above equation and solving for driving force gives:

df = −dHH
dx =

dTHTOP−dTHBOTTOM
LAB

df = 3231−450
400 = 6.95

(2)

Figure 2. A model to explain fluid flow from gravity drainage system through the sand-pack taking
into account the total heads at the top and bottom of the system. Where TH represents the total head
and is the summation of GH, the gravitational head and PH, the pressure head.

2.3. Vibrating Oscillator

The packing method is a crucial factor for EOR-flooding affecting the nature of the flow, porosity,
and permeability. Almost all reservoir rocks are composed of sedimentary rocks in the porosity range
of 10–40% in sandstones and 5–25% in carbonates, whilst permeability is found to vary much more
from a fraction of a millidarcy to several darcies. In order to provide a packing that is representative of
reservoir values, an eclectic oscillator was incorporated into the setup so that the compaction could
take place without the user having to hold the column over a vibrating mechanism, which is how a
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sand-pack is conventionally compacted. Also when the user is manually holding a sand-pack, there is a
higher possibility of error in packing as the user will change the position of the pack, making them less
uniform and prone to heterogeneities in different layers. The vibrating oscillator being incorporated
into the setup overcomes these limitations as the column is always fixed in the same position during
compaction and the compaction time can last for much longer as the user does not have to hold the
column. Therefore, compaction can last several hours and the user can return when the packing is
complete, which also ensures the packing is repeatable and uniform before each run. The vibrating
oscillator itself (model JT-51B) ran on a frequency of 50 Hz and was capable of variable amplitude
settings (max amplitude ≥15 mm). The maximum amplitude was used during the range of the
experiments and the compaction time was kept to 1.5 hours. The repeatability of the packing method
is shown in Figure 3 below which reveals the relationship between permeability and compaction time.
The packing method was found to be highly repeatable with a maximum error of 6% over three runs at
15 min compaction time, which lowers as the compaction time increases to eventually less than 2%
error after 90 min of compaction.

 

Figure 3. The compaction time against permeability tested in 15 min intervals for 3 runs at each
compaction time, revealing the high repeatability of the packing method especially after 1 h of packing.

2.4. Effluent Collection System

One of the main challenges faced when constructing this particular sand-pack column was how to
quantify the recovered oil. Traditional effluent collection methods include graduated pipettes, fraction
collectors, mass flow meters, and digital scales [12]. A new effluent collection system and methodology
was developed based on the concept of a fraction collector.

A rotating turntable, purchased from Comxim Ltd., was the base of the effluent collection table
and acted as a rotating motor. A collection tray was then fitted on top of the rotating motor which
housed a number of collection beakers. The beakers were arranged in such a way so that no fluid
was lost when they changed position (Figure 4). The table’s rotational settings could be altered so
that the rotation angle, time spent at each angle, and number of times the cycle is completed could
all be set before the experiment. The exact quantity of oil was measured by pouring fluids from the
collection beakers into graduated cylinders after the experiment. A small amount of excess oil is left
on the sides of the beakers which is also accounted by simply subtracting the mass of an empty beaker
from the mass of the beaker with excess oil, and converting to volume since the density of oil is known.
The details of the rotating tunable are listed in Table 1.
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Figure 4. Effluent collection table with beakers arranged on the top capable of rotating automatically in
timed increments.

Table 1. The parameters for the effluent collection table.

Effluent Collection Table Parameters

Product
Model

Diameter
(mm)

Height
(mm)

Transmission
Gear Material

Control
Method

Speed
Range

(Sec/Rev)

Net
Weight

(Kg)

Handling
Load (Kg)

MT370L20 370.8 8 POM +Metal Infrared +
Bluetooth 15–31.5 5.5 20

2.5. Sand-Pack Flooding Preparations

Electrical Resistance Tomography (ERT) works by obtaining a conductivity/resistivity distribution
in the domain of interest by using electrodes that induce currents or voltages, and electrodes that
measure the resultant currents or voltages. Therefore, in order to effectively visualize the effect of
nanofluids on oil recovery, the conductivities of both the brine phase and nanofluid phase must be
near identical so any changes in conductivity distribution are a function of oil recovery and not the
conductivity contrast between the two flooding fluids. To achieve this, small quantities of NaCl
solution were added to each phase to ensure their conductivities matched. The tracer dilution method
was used to quantify how much NaCl solution is needed to be added to the tap water and nanofluid
phases, given by:

Δt (C0 qv + C1 q1) = Δt (C2(qv + q1)) (3)

where Δt is the change in time, C0 is the initial conductivity of DI water, C1 is the conductivity of the
NaCl solution to be added to the DI water, C2 is the post mixing conductivity of the brine, qv is the
volumetric flow before mixing, and q1 is the volumetric flow after mixing.

Since, qv = volume
time , the equation above can be rewritten in terms of volume:

C0Vv + C1V1 = C2 (Vv + V1) (4)

where Vv is the total volume of DI water before mixing and V1 is the volume of NaCl solution to be
added to DI water.

The conductivities of both the brine and nanofluid phases were matched using Equation (4), and
a Eutech CyberSca PC 6500 bench conductivity meter was used to validate the results. The findings are
revealed in Table 2.
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Table 2. The conductivities of flooding fluids both before and after the addition of tracer NaCl solution.

Fluid Type
Volume

(mL)
Pre-Mixing

Conductivity (mS/cm)
Mixing Brine Volume

and Conductivity
Post Mixing

Conductivity (mS/cm)

Tracer Probe

DI Water 2000 0.033 100 mL @ 0.6 mS/cm 0.061 0.059
0.5 wt% SiO2 1000 0.041 100 mL @ 0.025 mS/cm 0.060 0.058
1.0 wt% SiO2 1000 0.044 100 mL @ 0.22 mS/cm 0.060 0.061

Next, the sand was prepared by cleaning and drying it before saturating it with known volumes
of oil and water. This was achieved with prior knowledge of the average pore volume for a range
of sand-packs as a function of compaction time and intensity. The porosities of the sand-packs were
found to be in the range of 35–37% and the permeability between 5–6 Darcy’s (Table 3). Once the
average pore volume was obtained (found to be approximately 282.42 mL), the sand was mixed with
1/3 water and 2/3 oil to fill this pore volume and ensure the sand was fully saturated. If the sand is not
fully saturated, the presence of air bubbles could show as areas of low conductivity on the tomograms
and could be mistaken for oil. The compaction process was then initiated by switching on the electric
oscillator and leaving it for 1.5 h. Lastly, before the fluids were introduced, the parameters were set for
the ITS P2000 system, solenoid timer valves, and the rotating collection table.

Table 3. The parameters used to calculate the pressure drop and permeability.

Sand-Pack Parameters

Pressure in (psi) 19.9
Pressure out (psi) 14.9

Distance (cm) 40
Area (cm2) 667.59

Discharge (mL/min) 2
Viscosity (Pa·s) 0.89

Permeability (mD) 5225

2.6. Sand-Pack Flooding Procedure

The flooding procedure differs slightly from the conventional method as the sand-pack is already
saturated with known volumes of oil and water prior to packing. Since the initial water and oil
saturations were already known, the traditional drainage process was skipped, where oil is injected
into the sand-pack, and instead flooding began at the first forced imbibition process in which brine was
injected at a constant rate of 2 mL/min for 0.8 pore volumes (PVs) to displace the oil phase. Next the
nanofluid pulsations were introduced at the same flow rate by setting the timer of valves to allow for
5 min intervals of nanofluid and brine for 1.3 PVs. The accumulated oil was then collected in a number
of beakers housed on a collection tray which rotated automatically in timed intervals. This allowed for
the cumulative oil recovery to be accounted automatically without having to observe the recovery in
timed increments over the duration of 4.5 h. This coupled with the gravity feed system to introduce
the fluids meant that the whole flooding process could be run automatically, with the fluids being
introduced as well as the collected in timed increments without the user having to be present. When
the flooding was complete, the recovered oil was then accounted for in each beaker by pouring their
contents into a graduated cylinder as described in Section 2.4.

2.7. Materials

De-ionized water was used as the base fluid for dispersing the nanoparticles, as well as
the formation liquid for all the experiments. Laboratory grade sodium chloride purchased from
Sigma Aldrich was used to make the brine solutions. The density of the brine was measured at
1000 ± 0.01 g/cm3, pH 6.46 ± 0.3, and the dynamic viscosity 0.87 ± 0.01 mPa·s at 25 ◦C. The oil phase
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was a light mineral oil from Fisher Scientific with a density of 0.84 g/cm3 and a dynamic viscosity
of 39.95 mPa ± 0.11 mPa·s at 25 ◦C. Silica nanoparticles with a diameter of 80 nm were purchased
from get nanomaterials and were used for all experiments. The sand used was a fine building sand
purchased from Wickes with an average grain size between 2–4 mm.

3. Results and Discussion

3.1. Flow Imaging

Relative changes of conductivity as a function of time were used to visualize the flow behavior
of oil, water, and nanofluid phases as flooding progresses to provide information on local recovery
efficiency. The tomograms shown in Figure 5 began with a relatively high concentration of oil phase
(in blue color), which was shown to be displaced by the aqueous phase (in red color) over time. During
both runs the concentration of oil was initially seen to deplete from the center of the column, leaving
behind zones of bypassed oil towards the outer perimeter as time progressed. The conductivity
scale was selected between 0.98 mS/cm and 1.14 mS/cm to ensure there was an adequate contrast to
differentiate between the low conductivity phase (oil) and the high conductivity phases (brine and
nanofluids). To the left of the tomograms are 15 min time stamps highlighting relative changes in
conductivity as time progressed.

Figure 5. The dual plane tomograms for the flooding runs no. 1 involving (a) no NF (b) 0.5 wt% SiO2

and (c) 1 wt% SiO2 revealing the effect of 10 nanofluid pulsations after 1 h and 15 min of water-flooding.

The objective of the study was to ultize the ERT to qualitatively compare the recovery efficiency
during different flooding scenarios. Figure 5 above reveals the tomograms for brine-only, 0.5 wt% SiO2,
and 1.0 wt% SiO2. All three of the tomogram sets show zones of bypassed oil after the initial water
flood, leaving a good opportunity to observe the effects of silica nanofluid injection. The run using only
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brine clearly shows a much lower recovery efficiency along the measuring planes, when compared
with both runs using silica nanofluid. For the brine only run, after 1 h and 15 min, the local oil recovery
becomes almost stagnant in both planes and does not show large variations in flow behavior and
flooding efficiency. When this run is compared with the silica nanofluid runs, a different picture is
painted revealing the ability of nanofluids to open new flow pathways and alter the rate of recovery.
The nanofluids were introduced after 1 h and 15 min during both nanofluid runs. When considering
the 1.0 wt% run, it is apparent that the nanofluid injection displaced some residual oil below the sensors
which then accumulated in oil pockets at the 4 o’clock position. The tomograms for 0.5 wt% SiO2 show
two zones of residual oil at the 1 o’clock and 11 o’clock positions, which are both gradually stripped
away, until only a very faint pocket of oil can be seen at the 1 o’clock position. The run using 1 wt%
SiO2 reveals the nanofluids to be more effective in removing local oil residue than both the brine only
and 0.5 wt% nanofluids, as confirmed by the resistivity plots (Section 3.2).

The tomograms are validated by the resistivity and slope function plots. There is a sudden change
in recovery efficiency between 3 h 15 min and 3 h 30 min, in which the flow channels begin to open and
spread laterally. This rapid change is believed to be the result of nanoparticles altering the flow pattern
and allowing flooding fluids to infiltrate pore channels which were previously bypassed. However,
other recovery mechanisms could explain the differences in flow structure (Section 3.5). These quick
changes in the tomograms are also related to the plots for resistivity and cumulative oil recovery, with
the resistivity plot showing quick variations at the same time and the plot cumulative oil recovery
plot showing additional recovered oil between 1.2–1.5 pore volumes (PVs) (between 180–210 min) for
the 1.0 wt% SiO2 and between 1.2–1.6 PVs (between 200–240 min) with regards to the 0.5 wt% SiO2.
This behavior can be attributed to a number of recovery mechanisms such as interfacial tension (IFT)
reduction, viscosity enhancement, or the presence of nanoparticles altering the pore network and flow
structure of the sand-pack. A recovery analysis was conducted later in the paper to determine the
influence of some of these mechanisms. The conductivity profiles are also displayed in Figures 6–8 and
reveal the changes to flow dynamics with time across the central region of the tomograms. The effects
of nanofluids on oil recovery are highlighted by revealing larger increases in conductivity trends after
the introduction of nanofluids which were not present during the runs without nanofluids. The trends
show conductivity to increase as the flooding progresses and oil is displaced, followed by a near
convergence of the trends as recovery efficiency begins to stagnate. The plots reveal the ability of ERT
to add to the physical understanding of the flow dynamics and oil displacement process with time.

 

Figure 6. The conductivity profiles for P1 during run no. 1 with no nanoparticles, taking the central
horizontal region of the tomograms into account.
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Figure 7. The conductivity profiles for P1 during run no. 1 with 0.5 wt.% SiO2, taking the central
horizontal region of the tomograms into account. The effects of nanofluid are highlighted with an arrow.

 

Figure 8. The conductivity profiles for P1 during run no. 1 with 1.0 wt.% SiO2, taking the central
horizontal region of the tomograms into account. The effects of nanofluid are highlighted with an arrow.

3.2. Resistivity vs. Time

The ability of ERT to monitor the local flooding efficiency of different fluids was assessed during the
scope of the experiments by considering resistivity plots as a function of time (Figure 9). The resistivities
were found to gradually decrease during all the runs as oil was displaced from the sensing planes and
replaced with brine. From the data it is evident that the local recovery efficiency was highest during
the 1 wt% SiO2 run, followed by the 0.5 wt% SiO2 run and, lastly, the brine only run. The effects of
nanofluids are clearly shown by the gradients of the plots, with both the 0.5 wt% and 1.0 wt% runs
revealing sudden downward trends after the introduction of nanofluids which were not present during
the brine runs. The plot also reveals 1 wt% SiO2 to have a quicker and slightly more profound effect
on oil recovery than the 0.5 wt% SiO2 run. For example, taking run no.1 into account, the sudden
downward trend during the 1 wt% SiO2 run occurs approximately 55 min after the introduction of
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nanofluids, whilst the downward gradient occurs approximately 115 min after nanofluid injection.
Additionally, since one pulsation of nanofluid is approximately 10 mL, the volume of flooding fluids
before a change in gradient could be approximated, which was found to be 5.5 pulsation cycles of
brine/nanofluids each (where every pulsation = 10 mL) for the case of 1 wt% SiO2 and 12 pulsation
cycles of brine/nanofluid for the 0.5 wt% SiO2 run. The quicker rate of recovery may be a combination
of IFT reduction, nanofluid viscosity enhancement, or temporary log-jamming. Another important
feature to note is the local resistivity curves correlate well with the oil recovery data. For the brine only
runs, the resistivity decreases until no more oil is produced after approximately 170 min of flooding.
Contrastingly, the runs with nanofluid are found to enhance oil recovery, consequently lowering the
resistivity below the runs with only brine. An anomaly can be observed in the resistivity data between
195–205 min for the 1 wt% SiO2 run, in which the resistivity is found to rise sharply and then decrease
back to the original trend. This is most likely the displacement of a large oil zone, revealing resistivity
to rise as the oil pocket begins to flow and then decrease as it leaves then sensing zone. This assumption
is also confirmed by the tomograms (Section 3.1) which reveal a large zone of oil being displaced at the
same time.

 

 

Figure 9. Plot of average resistivity vs oil recovered as function of time for runs no. 1 and 2 for brine
flooding and both 0.5 wt% and 1.0 wt% SiO2 nanofluid concentrations (see Table 4).

3.3. Oil Recovery Rate

The slope function in excel was utilized in order to compare local recovery rate for the various
runs. The charts reveal information on the rate of oil recovery since they describe changes in local
resistivity, and resistivity in this case is solely a function of oil present in the sensing zones. Since the
initial resistivities and oil saturations could not be fixed at exactly the same values, rather than
comparing the actual values of resistivity against time, the gradient of the trends in resistivity are
compared. Figures 10–13 to show the effects of nanofluids on the local recovery rate when compared
with brine-only runs. The slope was calculated between each data point (every 5 min) and presented in
the form of a bar chart so that both negative and positive fluctuations could be observed, thus allowing
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for oil entering and leaving the sensing zone to be accounted for. Figures 10 and 11 reveal the oil
recovery rate for both the brine-only runs to stagnate after approximately 170 min. On the contrary the
runs involving nanofluids reveal large fluctuations in gradients after 170 min highlighting the ability
of SiO2 nanofluids to release residual oil zones and prolong the recovery process.

 

Figure 10. The slope function method to reveal the trend in local resistivity during brine-only run no.1.

 

Figure 11. The slope function method to reveal the trend in local resistivity during brine-only run no. 2.

 

Figure 12. The slope function method to reveal the trend in local resistivity during the 0.5 wt% SiO2

run no.1.

 

Figure 13. The slope function method to reveal the trend in local resistivity during the 1.0 wt% SiO2

run no.1.
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3.4. Cumulative Oil Recovery

The oil recovery for each run is plotted in Figure 14 as a function of injected brine volume (with and
without nanoparticles) related to percentage of pore volumes. The results reveal the nanofluids to be
slightly more efficient than the other runs using only brine, with the 0.5 wt% SiO2 nanofluid resulting in
an additional 2.4% (4.6 mL) oil recovery, and the 1.0 wt% run allowing for an additional 4.3% enhanced
recovery (8.3 mL) (Table 4). The nanofluid pulsations were introduced after approximately 0.8 PV
of brine flooding, and the nano-EOR effect was observed after approximately 1.35 PV of nanofluid
pulsations in both cases. In contrast, the cumulative oil recovery during the brine-only runs were
seen to plateau after around 1.2 PV and became stagnant thereafter. Both the resistivity plots and
tomograms confirm the results observed in the cumulative oil recovery plot by revealing rapid changes
at the same period (180–240 min) and are related to enhanced oil recovery. Therefore, ERT was found to
be successful in relating changes in local resistivity to the overall oil recovery. The underlying reasons
for SiO2 nano-EOR effects are widely studied in literature and are believed to be a combination of
viscosity enhancement of the displacing phase, IFT reduction, and temporary log-jamming.

An uncertainty analysis was also conducted to account for the degree of uncertainty during the
experimental runs and to highlight the repeatability of the results for this novel setup. The vertical
error bars for cumulative oil recovery represent the standard deviation of the data set across three
experimental runs for each scenario and reveal the sand-pack system to yield very repeatable results
with errors of less than 2%. All the runs with no nanoparticles showed recovery to stagnate after
around 1.2 PV, which is in line with resistivity plots revealing the same stagnation. The horizontal
error bars account for the small change in pressure drop over time as the fluid leaves the drainage bags.
The fluid level was found to decrease by 7 cm which corresponded to a negligible change of 0.9 psi or
an error of 4% over the duration of the experiments. An error was also attributed to the oil residue
left behind in the tubing at the outlet of the sand-pack which was quantified by weighing the tubing
section before and after each run. The error was found to be negligible with an average of less than
0.5 g of oil residue left behind, corresponding to a negligible error of 0.06%.

 
Figure 14. Cumulative oil recovery as a function of injected brine volume (with and without
nanoparticles) related to pore volume percentage for the 3 flooding scenarios. The highlighted
section reveals the duration of the flood where the nano-EOR effects can be observed.
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Table 4. Summary of sand-pack experiments where the initial water and oil volumes are fixed at 93.2 mL
and the initial oil volume is 186.4 mL, respectively. Where %PV is the percentage of pore volume, OIIP
is the oil initially in place, WF1 is the water-flooding stage, and NF represents the nanofluid pulsations.

Fluid Type
Initial Oil

Saturation, % PV
Run

Oil Recovery,
% OIIP

Residual Oil
Saturation, % PV

Total Recovery,
% OIIP

WF1
NF

Pulsations
WF1

NF
Pulsations

Brine 66

1 42.6 - 37.8 - 42.6
2 40.9 - 39.0 - 40.9
3 42.0 - 38.3 - 42.0

Mean 41.8 - 38.4 - 41.8

0.5 wt% SiO2 66

1 41.0 2.8 38.9 37.0 43.8
2 42.0 2.0 38.3 36.9 44.0
3 42.8 2.3 37.8 36.2 45.1

Mean 41.9 2.4 38.3 36.7 44.3

1.0 wt% SiO2 66

1 40.7 4.1 39.1 36.4 44.8
2 40.8 3.8 39.1 36.5 43.0
3 41.2 5.2 38.9 35.4 45.4

Mean 41.4 4.3 39.0 36.1 44.7

3.5. Recovery Mechanisms

The effective viscosity was measured using an Anton Paar MCR 301 rheometer at 25 ◦C, and
the interfacial tensions were measured using a KSV CAM 200 optical tensiometer. An IFT analysis
was done in order to determine its influence as a recovery mechanism. The IFT was measured for
the brine-mineral oil system at room temperature with a base value of 41 mN/m. The presence of
SiO2 nanoparticles was found to reduce the interfacial tension between the oil and aqueous phases
with an increase in concentration resulting in a reduction in interfacial tension, a trend similar to
those found in literature. The sand-pack flooding results also reveal the recovery efficiency to increase
slightly with nanoparticle concentration as seen in Figure 14 and IFT reduction seems to be a good
candidate as the dominant recovery mechanism (Figure 15), although log-jamming may account for
some additional recovery. However, quantifying the extent of recovery from log-jamming is difficult as
the nanoparticles or pore throats are not visible by ERT, but the results would suggest log-jamming
played a part as the IFT was approximately the same when going from 0.5 wt.% to 1.0 wt.%, however
there was small trend in oil recovery observed showing 1.0 wt.% SiO2 to be slightly more effective.

The dynamic viscosities of brine and different SiO2 nanoparticle concentrations were considered
in Figure 16. As predicted, the concentration of nanoparticles had an ignorable effect on viscosity.
A slight increase in viscosity can be observed after the addition of nanoparticles to the brine solution
from 0.818 mPa·s to 1.08 mPa·s after the addition of 1 wt.% SiO2. However, such a small change cannot
be attributed to any substantial EOR effects.
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Figure 15. Interfacial tension of brine and various SiO2 nanofluid concentrations.

 

Figure 16. Viscosity against shear rate for brine and various SiO2 nanofluid concentrations.

4. Conclusions

A novel low-budget sand-pack setup and effluent collection system was developed during the
scope of this research and showed to yield similar results to those in literature. Tomography (ERT)
showed to be an effective tool in monitoring multiphase flow behavior during flooding experiments to
investigate oil recovery. The tomograms also crucially reveal the effect of SiO2 nanofluids on residual
oil zones and the dynamics of flow behavior. The oil recovery results reveal the presence of SiO2

nanoparticles to enhance recovery during all runs. The difference in recovery from the 0.5 wt% and
1.0 wt% concentrations was not substantial but there was a slight trend observed showing an increase
in concentration yielded approximately an extra 2% recovery. This suggests that log-jamming played a
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role in the recovery process as the concentration increased, because the IFT was almost the same when
comparing the 0.5 wt.% and 1.0 wt.% concentrations. However, quantifying the extent of recovery from
log-jamming is not possible due to limitations in ERT’s spatial resolution. The plots of local resistivity
reveal large differences between nanofluid and brine-only runs with the resistivity trends stagnating
during the brine-only runs after approximately 170 min. The slope function technique was introduced
as a method of comparing the effects of nanoparticles on local oil recovery rate since the observed
changes in resistivity during nanofluid runs were related to oil zones being released. Conductivity
profiles along the central x-axis against time to show the effects of nanoparticles and highlight the
physical understanding of the process. The changes in oil recovery by SiO2 nanofluids are highlighted
by the arrows to show the increases in conductivity along the central x-axis of the tomograms as oil
displacement efficiency increases, which weren’t present during the brine only runs. Furthermore, the
flow behaviour was slightly altered with more pronounced peaks in conductivity after the introduction
of nanofluids. A recovery analysis was also performed to determine the underlying reasons behind
the observed EOR-effects. Further research involves focusing on a comparative study using different
nanoparticles and introducing surfactant and polymer blends. Additionally, the ability of ERT as a
monitoring tool is being considered for use in a more realistic core-flooding scenario.
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Abstract: Magnetic Induction Tomography (MIT) is a non-invasive imaging technique that has been
widely applied for imaging materials with high electrical conductivity contrasts. Steel production is
among an increasing number of applications that require a contactless method for monitoring the
casting process due to the high temperature of hot steel. In this paper, an MIT technique is proposed
for detecting defects and deformations in the external surfaces of metal, which has the potential to be
used to monitor the external surface of hot steel during the continuous casting process. The Total
Variation (TV) reconstruction algorithm was developed to image the conductivity distributions.
Nonetheless, the reconstructed image of the deformed square metal obtained using the TV algorithm
directly does not yield resonable images of the surface deformation. However, differential images
obtained by subtracting the image of a perfect square metal with no deformations from the image
obtained for a deformed square metal does provide accurate and repeatable deformation information.
It is possible to obtain a more precise image of surface deformation by thresholding the differential
image. This TV-based threshold-differencing method has been analysed and verified from both
simulation and experimental tests. The simulation results reported that 0.92% of the image region
can be detected, and the experimental results indicated a 0.57% detectability. Use of the proposed
method was demonstareted in a MIT device which was used in continuous casting set up. The paper
shows results from computer simulation, lab based cold tests, and real life data from continoeus
cating demonstating the effectiveness of the proposed method.

Keywords: Magnetic Induction Tomography; imaging defects; imaging deformations; total variation
algorithms; threshold-differencing algorithms; continuous casting

1. Introduction

Magnetic Induction Tomography (MIT) is a non-invasive and contactless imaging technique that
is used to display the images describing passive electromagnetic properties (PEP), i.e., conductivity,
permeability and permittivity [1,2]. The fundamental principle of MIT can be explained by the
mutual inductance and eddy current theory: injecting an alternating current through excitation
coils to generate a primary magnetic field, which interact with a conductive sample to induce a
secondary magnetic field that can be detected by the sensor coil [3,4]. MIT has typically focused
on imaging conductivity distributions of materials with high electrical conductivity by modelling
the eddy currents in the forward model and then acquiring the conductivity distribution by solving
the inverse problem [5]. The inverse problem in MIT is a major challenge, but this has been solved
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conventionally by The Tikhonov [3] and Total Variation (TV) [6] regularization algorithms. However,
previous works have demonstrated that the Tikhonov regularization method may produce overly
smoothed reconstructed images with blurred boundaries between different materials. The quality of
the reconstructed images can be improved by an enhanced inverse solver, such as the Total Variation
regularization technique [7,8].

In recent years, MIT has been widely proposed as an appropriate imaging technique in
both industrial and medical applications, such as brain stroke detection [5], molten metal flow
monitoring [9–11], pipelines inspection [12,13], multi-phase flow imaging [14] and non-destructive
testing (NDT) for material characterization [15]. It’s well known that steel production has been
attracting an increasing level of interest for potential use in various applications that require a
contactless method for remotely monitoring the casting process. Many previous works [9–11] have
sought to monitor the molten steel flow by reconstructing the conductivity distributions of the internal
area of interest. However, MIT presents difficulties in detecting and imaging external surface defects
and deformations due to its low spatial resolution. The inspection of the outer surface of pipelines
using MIT was analyzed in [12] through a traditional MIT pixel-based reconstruction method (PBRM)
and a narrowband pass filtering method (NPFM). Metal samples in a cylindrical shape with different
types of damage at the outer surface have been investigated as defected pipelines using an 8-channel
MIT system, which demonstrated that PBRM can retrieve information with a detectability of 10%,
while NPFM can achieve a resolution of 2%.

This paper focuses on detecting the defects or deformations on the external surface of metallic
targets using a Total variation algorithm-based MIT. This novel algorithm is described in [16].
Here, several simulation and experimental tests were carried out to investigate the ability of the
novel algorithm to identify and image deformations and defects in metal. The proposed TV-based
threshold-differencing algorithm was compared to the TV reconstruction method, and significant
improvements were observed, which indicates that the novel algorithm for MIT may provide a suitable
and valuable method for monitoring surface defects, deformations and displacements in hot steel
continuous casting processes.

2. Methodology

The forward problem in MIT for surface defect application is based on the laws of induction and
the eddy currents which are induced in the magnetic field with an alternating current [3]. The governing
equation can be written as Equation (1):

∇× 1
μ
∇×A + jωσA = Js (1)

where μ is the permeability, ω is the angular frequency, A is the total magnetic vector potential as a
result of the current source Js and the effect of eddy current induced by the electrical conductivity σ.
The current density can be determined by the magnetic vector potential according to the Biot-Savart
Law. Equation (1) is solved by approximating the system as a combination of linear equations in small
elements with appropriate boundary conditions using the Galerkin’s approximation [4,7]:

∫
Ωall

(
∇×Ni· 1μ∇×A

)
dv +

∫
Ωall

( jωσNi·A)dv =

∫
Ωs

(∇×Ni·Ts)dv (2)

where Ni is the linear combination of edge shape functions, ΩS is the current source region (excitation
coil), Ωall is the entire region (current source region and eddy current region), Ts is the electric vector
potential, which is defined as:

Js = ∇× Ts (3)
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Then, after applying the volume integration equation, the induced voltage in the measuring coil
can be calculated:

Vmn = − jω
∫

Ωs

(A·J0)dv (4)

where J0 is the unit current density passing through the coil.
The Jacobian matrix J can be expressed by the relationship between the induced voltage in the

sensing coil and the conductivity:

J =
∂Vmn

∂σx
= −ω2

∫
Ωx

Am·Andv

I
(5)

where σx is the conductivity of pixel x, Ωx is the volume of the perturbation, Am is the forward solver
of excitation coil m excited by I and An is the forward solver of sensor coil excited by unit current.

The inverse problem in MIT is defined as the retrieval of the unknown conductivity distributions
σ of targets from the measured voltage Vmeasured, expressed by the linear equation:

Δv = JΔσ (6)

where Δσ = σ− σ0, Δv = Vmeasured − F(σ0), F is the forward operator, F(σ0) means the initial estimate
voltage obtained from forward problem, σ0 is the initial estimate conductivity, J is the Jacobian matrix
obtained from forward problem. The resolution of the reconstructed images can be improved by
increasing the size of Jacobian matrix.

The inverse problem can then be represented by solving the least-square problem:

σα = argminΔσ( ||JΔσ− Δv ||2) (7)

The theory and application of both the Tikhinov and TV inverse solvers have been investigated
and explained detailed in [7]. The total variation method can be defined by adding a penalty term to
Equation (7):

σα = argminΔσ( ||JΔσ− Δv ||2 + α ||∇ Δσ ||1) (8)

where α is the regularization parameter, ∇ is the gradient and ||· ||1 is the l1 − norm. The anisotropic
version of the discrete TV functional [6,8] is adopted in this paper:

α ||∇ Δσ ||1 = αx ||∇x Δσ ||1 + αy ||∇y Δσ ||1 + αz ||∇z Δσ ||1 (9)

It should be mentioned that in this study, αx = αy = αz = 0.1.
Then, the difficulty is to solve the constrained optimization problem:

xα = argminΔσα ||∇ Δσ ||1 such that ||JΔσ− Δv ||2 < ρ (10)

The above constrained optimization problem can be controlled by applying the Split Bregman
iteration, which is an iterative method based on Bregman distance [8]. Then, the problem may be
transferred to solve the Split Bregman equations [7]:

Δσk+1 = argminΔσ
1
2
||JΔσ− Δvk ||2 + β

2
||dk −∇Δσ− bk

d ||2 (11)

dk+1 = argmindα ||d ||1 +
β

2
||d−∇Δσk+1 − bk

d ||2 (12)

bk+1
d = bk

d + ∇Δσk+1 − dk+1 (13)

where k is the kth iteration and d is an auxiliary variable.
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Based on [16], the TV algorithm seeks to achieve the conductivity distribution of a perfect target
Δσre f which retains as reference data. Consequently, the conductivity distribution of the target
contain a deformation, Δσde f , which can be obtained using the TV method as well. Subtracting the
reference conductivity distribution from the target conductivity distribution gives the deformed target
conductivity as:

Δσdi f f = Δσde f − Δσre f (14)

The image of the deformed target conductivity distribution was expected to indicate the location
and the deformation information. And it’s obvious that the negative differential conductivity values
represent the depression deformation part, and that the positive differential conductivity values
represent the bulging. However, the reconstructed image of the deformed target is inadequate.
For instance, the differential reconstructed image for a metal square with a depression deformation
on one side may also show a bulging deformation on the opposite side due to the ill-posed nature
of the inverse problem. This mirror effect can be tackled by comparing the absolute value of the
maximum differential conductivity of deformed target |max{Δσde f }| to the absolute value of the
minimum differential conductivity |min{Δσde f }|, and then eliminating the minimum to obtain the
threshold-differential conductivity distribution, defined as [16]

Δσthres =

{
Δσde f when Δσde f > 0

0 when Δσde f ≤ 0

}
for

∣∣∣∣max
{
Δσde f

}∣∣∣∣ > ∣∣∣∣min
{
Δσde f

}∣∣∣∣{
Δσde f when Δσde f < 0

0 when Δσde f ≥ 0

}
for

∣∣∣∣max
{
Δσde f

}∣∣∣∣ < ∣∣∣∣min
{
Δσde f

}∣∣∣∣ (15)

In fact, the quality and accuracy of deformed image can be further improved by forcing values
below or above a certain threshold γ to zero, such that:

Δσthres =

⎧⎪⎪⎨⎪⎪⎩ Δσde f when Δσde f > γ.max
{
Δσde f

}
0 when Δσde f ≤ γ.max

{
Δσde f

} ⎫⎪⎪⎬⎪⎪⎭ for abs
(
max

{
Δσde f

})
> abs

(
min

{
Δσde f

})
⎧⎪⎪⎨⎪⎪⎩ Δσde f when Δσde f < γ.min

{
Δσde f

}
0 when Δσde f ≥ γ.min

{
Δσde f

} ⎫⎪⎪⎬⎪⎪⎭ for abs
(
max

{
Δσde f

})
< abs

(
min

{
Δσde f

}) (16)

where 0 ≤ γ ≤ 1. Introducing the γ will remove some amount of the noise data to make the results
more stable and precise. After applying different values of γ during the research, we discovered that
0.3 ≤ γ ≤ 0.5 gave the optimal reconstructed images for the scenarios considered here. Appropriate
values for γ give threshold-differential images that display the position of deformation individually.
The complete images with deformation of the target can be obtained simply by adding the reference
conductivity distribution to the threshold-differential conductivity distribution, such as:

Δσtot = Δσre f + Δσthres (17)

where Δσtot is the total conductivity distribution.

3. Simulation Results

In this section, we displayed the results in [16], which investigated the ability of the TV-based
threshold-differential reconstruction method by reconstructing a 74 × 74 mm2 square sample with
surface deformations using simulation data based on the laboratory prototype ( Figure 1A). The metal
square sample was located at the center of a 16 coil array MIT system, as illustrated in Figure 1B, with
an operational frequency of 130 Hz.

Figure 2 shows the conductivity distribution obtained for a perfect square metal without any
deformation using the TV reconstruction algorithm, which indicates that the algorithm can produce
reconstructed images representing the square metal with reasonable accuracy. Then, bulging and
depression deformation were considered.
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(A) (B) 

Figure 1. (A) An illustration of the laboratory prototype and (B) the simulation scenario.

 
(A) (B) 

Figure 2. (A) Simulation setting of a perfect metal sample without any deformation and (B)
Corresponding reconstructed image obtained by the simulation data.

Figure 3 illustrates the simulation scenarios and the corrosponding reconstructed conductivity
distribution images using TV algorithm for (A) a metal with a surface bulge on top, and (B) a metal with
a surface depression on top, where the black lines represent the location of perfect square, the red line
represents the boundaries of simulation setting of sample with bulging and the blue line represents the
boundaries of sample with depression. The two scenarios were deformed by 9.25 mm at the midsection
of one external surface. It’s obvious that although the bulge deformation in Figure 3A can be detected,
the image may also be interpreted to include a depression at the bottom, as shown in Figure 3B.

Figure 4 illustrates the image obtained for the deformed target conductivity from applying
Equation (14) for (A) the scenario with a bulge deformation on top, and (B) the scenario with a
depression deformation on top, which therefore show only the effects of the deformation. It is obvious
that a bulge (red) represented by positive numbers on the colorbar. A depression (blue) represented by
negative numbers on the colorbar in both images can also be observed. However, the maximum and
minimum values of Δσde f in the colorbar of the images shown in Figure 4 give a clue about the actual
deformation in the considered scenario. In Figure 4A, the absolute value of the maximum deformed
target conductivity, which represents a bulge, is greater than the absolute value of the minimum
deformed target conductivity that represents a depression. Similarly, Figure 4B shows that the the
absolute value of the minimum deformed target conductivity, which represents a depression, is greater
than the absolute value of the maximum deformed target conductivity that represents a bulge.
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(A) (B) 

Figure 3. The simulation scenarios and the corresponding reconstructed images for (A) the metal with a
surface bulge on top and (B) the metal with a surface depression on top, where the black line represents
the actual location of a perfect square metal.

 
(A) (B) 

Figure 4. The differential conductivity distribution images obtained for a metal with (A) a bulge on top
and (B) a depression on top.

 
(A) (B) 

Figure 5. The threshold-differential conductivity distribution images obtained for (A) the metal with a
bulge on top and (B) the metal with a depression on top.

The threshold-differential conductivity distribution can be plotted from Equation (15), obtained
for the scenarios with deformation to get a more accurate representation of the particular deformation.
Figure 5 shows the threshold-differential conductivity distribution obtained for (A) the metal with a
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bulge, and (B) the metal with a depression. Hence, a bulge represented by positive numbers on the
colorbar in Figure 5A and a depression represented by negative numbers on the colorbar in Figure 5B
can be observed, which indicates that we can obtain a better representation of the deformation in the
scenario from Δσthres than from Δσde f .

By applying an appropriate value of γ to the Equation (16), the threshold-differential
conductivity distribution images illustrate the location of the deformation alone. Figure 6 shows the
threshold-differential conductivity distribution images obtained for (A) the metal with a bulge, and
(B) the metal with a depression deformation when γ = 0.4. The threshold-differential conductivity
distribution images located the deformation more clearly by applying γ in Figure 6 than in Figure 5.

 
(A) (B) 

Figure 6. The threshold-differential conductivity distribution images obtained when γ = 0.4 for (A)
the metal with a bulge deformation on top and (B) the metal with a depression deformation on top.

The TV-based threshold-differential image reconstruction algorithm with reference sample was
analyzed for the outer shape reconstruction with surface deformations (bulging and surface depression
defects), showing potential. Therefore, further research was conducted based on this method to
analyze the image reconstruction of shapes with surface deformations. Supplementary simulation
data were produced and analyzed: bulging or depression with different depth of the defect; bulging
and depression at the same time on different surfaces and on the same surface.

Figure 7 shows the reconstructed image obtained for a square metal (74 × 74 mm2) without
any deformation using the TV reconstruction algorithm and larger Jacobian matrix (100× 100). The
resolution in this dissertation can be defined by a pixel resolution in pixel per mm. The size of the
square in the reconstructed image is 64× 64 pixels, which means that 1 pixel = 1.156 mm; the resolution
of this simulation scenario is 1/1.156 = 0.865 pixel/mm.

Figure 7. Reconstructed image for a square metal without any deformation.

Samples with a bulging or depression defect on the top surface with a length of 74 mm (i.e., in the
whole side) and with the 5 mm deformation depths were analyzed.
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Table 1 indicates the threshold differential reconstructed images and their contour images obtained
for the different forms of defects. The second column is the threshold differential image obtained for
the sample with a bulging deformation on top with different defect depths. The fourth column is the
threshold differential image obtained for the sample with depression deformation on top. The third
and fifth columns are the corresponding contour images of reconstructed images. The blue line is the
sample without any deformation, while the black lines are deformation parts. The threshold factor γ
was set to 0.5. The iteration number used for solving TV function equals 500, in reference to Equations
(7)–(9), which can provide reconstructed images with sharp boundaries.

Table 1. Threshold Differential reconstructed images for bulging and depression defects.

Defect Depth
(Simulated)

Threshold
Differential Image
Obtained for the

Square with a Bulge
Deformation on Top

Defect Depth
(Reconstructed)

Threshold Differential
Image Obtained for the

Square with a
Depression

Deformation on Top

Defect Depth
(Reconstructed)

5 mm
3.5 pixels = 4.046 mm 4 pixels = 4.624 mm

The deformation detectability can be defined as:

De f ormation detectability =
area o f the detectable de f ormation

area o f the no de f ormed sample
(18)

So, the deformation detectability of the proposed simulation system is 74 × 5/
(
2002

)
= 0.92%.

In order to evaluate the accuracy of the proposed method applied to detect the surface defect, the
normalized mean square error can be defined as [17]:

err =
||χestimated − χactual ||2

||χactual ||2 (19)

where χestimated is the reconstructed defect depth value and χactual is the actual one. For the case in
which bulging and depression deformations occur at the same time:

errB+D =
(
errBulge + errDepression

)
/2 (20)

By referring to these quantitative metrics and the above results, the conclusion can be drawn that the
value of the defect depth can be detected and acquired accurately with an error (errBulge de f ormation = 3.6%
and errDepression de f ormation = 0.57%) through the proposed method.

Table 2 illustrates the simulation scenario with two deformations at the same time (one bulging on
the top surface and one depression at the bottom surface of the sample, both with a depth of 9.25 mm),
as well as the differential reconstructed images.
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Table 2. Differential reconstructed images of two deformations at same time (Pixel = 100).

Scenarios Differential
Reconstructed Images

Contour Images Defect
Depth(Reconstructed)

Bulging (top):
7 pixels = 8.092 mm

errBulge = 1.6%
Depression (bottom):
7.1 pixels = 8.208 mm

errDepression = 1.3%

The results show that the TV-based differencing algorithm has the ability to detect two different
types of deformation at the same time. By referring to Equations (19) and (20), the quantitative metrics
err and the reconstructed defect depth can be acquired with an average error level of 1.45%.

Further simulation work was conducted on bulging and depressions at the same surface, which
was achieved by transferring the square sample (120× 120 mm2) to a rhomboid one. The rhomboid
samples can be defined by the parameter R =

Longest Diagonal length – Shortest Diagonal length
Shortest Diagonal length . Table 3 illustrates

the simulation scenario and the results of the rhomboid problem with R = 0.5% and R = 1.5%.

Table 3. Differential reconstructed images of two deformations at same surface (Pixel = 50).

Scenarios Differential Reconstructed Images Contour Images

The positive values on the color bar represent bulging as well as the negative value mean
depression. The conductivity values also give a clue of the amount of deformation. The results shows
that the TV-based differencing algorithm has the ability to detect two deformations on the same surface.

4. Experimental Tests

Regarding the inspection of pipelines, according to [12], simillar results can be obtained when
testing the same damaged cylinder samples using the proposed algorithms. In this section, three
sets of MIT machine experimental tests were conducted to investigate and display the ability of the
threshold-differential algorithm to utilise the Total Variation (TV) reconstruction method to image a
50 × 50 mm2 metal cube with surface deformations located at the center of an 8-coil array, as illustrated
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in Figure 8. The MIT system in this research consists of (i) a host computer (ii) an National Instrument
data acquisation system, and (iii) an equally-spaced eight x 50 turns coils with 40 mm diameter
circular-array forming a 110 mm diameter imaging-region. The working frequency is 180 kHz. One
metal cuboid represents the surface deformation. The demonstrated experiment system detectability is
6× 9/

(
π× 552

)
= 0.57%. In this case:

Δσde f = Δσcube+cuboid (21)

Δσre f = Δσcube (22)

 
(A) (B) 

Figure 8. (A) Real experimental scenario of a metal cube and metal cuboid located at the center;
(B) Illustration of the samples.

Then, Equation (14) turns out to be:

Δσdi f f = Δσcube+cuboid − Δσcube (23)

Table 4 indicates the differential and threshold differential reconstructed images obtained for the
sample with a bulging deformation at the center of different surfaces with different defect depths.
The metal cuboid was placed at different positions which were close enough to the center of the metal
cube surface. The two side lengths of the metal cuboid represent different defect depths (6 mm and
9 mm) according to different orientations. The threshold factor γwas set to 0.5. It can be determined
that 1 pixel = 2.08 mm, so the resolution of this experimental scenario is 1/2.08 = 0.48 pixel/mm.

The reconstructed images obtained by differential and threshold differential TV algorithms both
precisely indicate the position of the defect. The threshold differential reconstructed images and
the corresponding contour images shown in Column 3 and Column 4 demonstrate better image
performance than the differential images displayed in Column 2. When compared to the results of
Scenario 1 and 2, the threshold differential image shown in Row 2 has a longer reconstructed length of
the bulging defect than that of the image shown in Row 1, which is consistent with the real experimental
scenario. So, the results displayed above prove that the TV-based differencing algorithm has the ability
to locate and reconstruct the bulging defect.

A second stage threshold can be adopted to refine the accuracy of position locating and depth
detection by applying a larger number of γ to focus on the values around the maximum or minimum
values and force the other values to zero. γwas set at 0.8 in this scenario. The metal cuboid sample was
located at a different corner of the metal cube with a different orientation to achieve different positions
and variable defect depths (6 mm and 9 mm). Table 5 displays the second stage threshold differential
reconstructed images obtained for the sample with a bulging deformation in different corners with
variable defect depths.
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Table 4. Differential and Threshold Differential reconstructed images for a defect at the center of
different surfaces with different depths (Pixel = 50).

Scenarios Differential
Reconstructed Images

Threshold Differential
Reconstructed Images

Contour Images
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Table 5. Differential reconstructed images refined by A second stage threshold for defects at different
positions with different depths (Pixel = 50).

Scenarios(Actual
Depth)

Differential
Reconstructed Images

Reconstructed Images
Refined by A second

Stage Threshold

Contour
Images(Reconstructed

Depth)

 
err = 1.7%

err = 0.08%

err=0.9%

err=1.5%
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It’s obviously that the conductivity distribution images from the further threshold differential
algorithm shown in Column 3 can locate and image the bulge more accurately than those obtained
directly from the differential algorithm shown in Column 2. The defect depth can be acquired from the
contour images displayed in Column 4 with an acceptable degree of error (1.7%, 0.08%, 0.9% and 1.5%).

Based on the simulation scenario with two deformation defects at the same time displayed in
Table 2, the corresponding experimental tests were implemented by the displacement of the square
sample. In this case, Equation (14) turns out to be:

Δσdi f f = Δσcube moved le f t or up − Δσcube (24)

Table 6 indicates the differential reconstructed images obtained for the sample with bulging and
depression deformations at same time, which were achieved by moving the metal cube sample and
then applying the abstraction. The red color in the differential reconstructed images, formed by positive
numbers in the colorbar, and blue color parts, produced by negative numbers in the colorbar, represent
the bulging and depression defect, respectively.

Table 6. Differential reconstructed images for bulging and depression defects at same time (Pixel = 50).

Scenarios Differential
Reconstructed Images

Contour Images Reconstructed Defect
Depth

Bulging (left)
3.5 pixels = 7.292 mm

Depression (right)
4 pixels = 8.333 mm

errB+D =5.1%

Bulging (top)
3.2 pixels = 6.667 mm
Depression (bottom)
3.2 pixels = 6.667 mm

errB+D =11.1%

The differential reconstructed images in Column 2 prove that the TV-based differencing algorithm
can locate bulging and depression defects at the same time, as predicted from the simulation results
shown in Table 2. It can be seen from the colorbar that the bulging amount is approximately the same
as the depression amount, as it should be. Meanwhile, the reconstructed depth can be acquired by the
corresponding contour images shown in Column 3, with a low level of error (5.1% and 11.1%). Moreover,
the dispalcements of the sample can be detected by analyzing the differential resonstructed images.

Based on the simulation scenario of the rhomboid problem displayed in Table 3, the corresponding
experimental tests were implemented by rotating the square sample with 45◦. Table 7 indicates the
differential reconstructed images obtained for the sample with bulging and depression deformations
on the same surface, which were achieved by rotating the metal cube sample and then applying
the subtraction.
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Table 7. Differential reconstructed images for bulging and depression defects on the same surface
(Pixel = 50).

Scenarios Differential Reconstructed Images Contour Images

The red and blue color parts in differential reconstructed images represent the bulging and
depression defects respectively. The results indicates that the TV-based differencing algorithm has
the potential to reconstruct the two deformations at the same surface, but further research should be
conducted to obtain more accurate results.

5. Validation and Quantitative Evaluation of the Method

The TV-based threshold-differential algorithm in MIT was adopted into real factory hot test data
to track the movement of the strand during a continuous casting process. In this case:

Δσdi f f = ΔσTime_i − Δσre f erece (25)

where is Δσre f erece is the conductivity distribution of the strand at one fixed time and ΔσTime_i is any
random time selected during the casting process.

Figure 9 shows the test set up for the 16 channel MTI system in the secondary stage of continuous
casting. The system model is the same as coil geometry for Figure 1.

Figure 9. The MIT system in continuous casting set up.

Figure 10 illustrates the movement distance of the strand in X- and Y-directions with its
corrosponding differential reconstructed images. The positive number in the colorbar form the
red colour part of the diffrential conductivity distribution, which indicated bulging and also the moving
direction of the strand.
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Figure 10. The movement direction and distance of the strand and its corresponding differential
reconstructed images.

Moreover, two factors were defined to evaluate and validate the performance of the proposed
method for monitoring the movement of the strand during a continuous casting process:

pp =
Sum o f the di f f erential conductivity distribution

Sum o f the conductivity distribution o f re f erence Time
× 100 (%) (26)

dis =

√(
Pos_X(i) − Pos_Xre f erence

)2
+

(
Pos_Y(i) − Pos_Yre f erence

)2
(mm) (27)

Figure 11 displays the relationship between the sum value of bulging and depression with respect
to the reference, and the movement distance of the strand to the reference point.

Figure 11. The movement distance of the strand to the reference point versus the sum values of bulging
and depression with respect to the reference.

It is clear that the trend of these two plots is nearly the same, which indicates that the movement
pattern of the strand is related to the sum conductivity distribution values of the differential
reconstructed images. Therefore, the TV-based threshold-differential algorithm can be treated as a
suitable method for monitoring surface defects, deformations and displacements.
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6. Conclusions

A TV-based threshold-differential algorithm in MIT for surface defects and deformations is
presented and validated using simulation and lab experimental tests as well as hot test in real
continuous casting. The total conductivity distribution image obtained by simulations and experiments
shows that the threshold-differential algorithm gives much better representation of bulge or depression
deformation than that obtained from the TV method directly. The proposed simulation scenario
with a resolution of 0.865 pixel/mm can achieve a deformation detectability of 0.92%. The proposed
MIT experimental system can achieve a detectability of 0.57% with a resolution of 0.48 pixel/mm.
The displacements of the sample can also be detected and located using the proposed method.
The results presented in this paper confirm and prove the TV-based threshold-differencing method
applied in MIT as a viable tool for monitoring and detecting surface defects, deformation and
displacements in hot steel tests. The lab sample shown for the laboratory-based experiments conducted
in this paper are the combination of two samples several more lab based experiments are conducted
with success not included in here. The real process based data and results shows demonstartion of this
new imaging method and system for contneous casting application.
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Abstract: This paper presents a method for the online determination of the spatial distribution of
the moisture content in granular material. It might be essential for the monitoring and optimal
control of, for example, drying processes. The proposed method utilizes Electrical Impedance
Tomography (EIT). As an exemplary material for experimental research, the black chokeberry (Aronia
melanocarpa) was used. The relationship between the electrical impedance of the chokeberry and its
moisture content was determined for a wide range of frequencies (20 Hz–200 kHz). The EIT research
consisted of both simulation and experimental investigation. Experimental studies of the spatial
distribution of the moisture content were performed in a cylindrical vessel equipped with 8 electrodes
circumferentially arranged. The voltage signal from the electrodes was acquired simultaneously
using the data acquisition module. Due to the high impedance of the chokeberries, exceeding 109 Ω
for the dried matter, extraordinary instrumentation was necessary to be applied. On the other hand,
raw chokeberry was characterized by a several orders of magnitude lower impedance (103–104 Ω),
especially for high frequencies. The wide range of the observed impedance was able to be measured
owing to its use of the voltage stimulation instead of the current stimulation (which is most common
for EIT). The image reconstruction problem was solved using an iterative Gauss–Newton algorithm
and the EIDORS (Electrical Impedance Tomography and Diffuse Optical Tomography Reconstruction
Software) package. The obtained results showed a satisfactory ability to localize an insufficiently
dried part of the material. Prospective ways to improve the imaging quality are also discussed.

Keywords: drying process; Electrical Impedance Tomography; impedance spectroscopy;
chokeberry; EIDORS

1. Introduction

Measurement of moisture content in granular or solid materials is vital for a number of technological
processes (e.g., drying or storage in silo). This measurement might be also be an essential tool for
the monitoring the states of buildings or other works of construction. The inspection of dampness
in building foundations and the leakage of flood embankments are possible examples. This paper
presents research focused on the assessment of the spatial distribution of moisture content in granular
material during its drying. However, the results acquired in this study might also be adapted to other
applications that require similar measurements.

Drying processes (e.g., agricultural crops processing or fertilizers production) are known to be
one of the most energy consuming processes. Therefore, any improvement in such processes may lead
to significantly reduced energy consumption and, thus, ecologic as well as economic benefits. One of
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possibilities for optimizing the drying process is a proper process control strategy taking advantage of
modern measurement techniques and instrumentation. The main purpose of this paper is to study
the prospect of applying Electrical Impedance Tomography (EIT) is a non-intrusive measurement
technique that could allow the drying of granular materials to be monitored online. The use of such a
method would give better control to a process and may contribute in the improvement of the product’s
quality as well as reducing its energy consumption. As an exemplary material for experimental
research, the black chokeberry (Aronia melanocarpa) [1] was used, but it appears possible to use this
technique for a range of other agricultural crops (e.g., currants and cranberries) or other conductive
granular materials (e.g., fertilizers and biomass).

The term ‘tomography’ is common for all measurement and visualization methods that provide
information about the spatial distribution of certain material properties within an examined object,
using measurements performed at the border of the object [2,3]. The graphical representation of those
properties’ distributions can be achieved as a result of measurement. Originally, this technique was
used in medicine, but since the early 1990s, the first engineering applications of tomography appeared,
leading to the development of the modern measurement technique known as ‘process tomography’.
The interest in the utilization of electrical phenomena in tomography contributed to the origin of
electrical tomography, which was relatively inexpensive in application. A main advantage of all the
tomographic methods may also include non-intrusiveness. Depending on the electrical and magnetic
properties of the examined object, different measurement methods can be applied [4,5]:

• Electrical Impedance Tomography (EIT): The distribution of electrical conductivity is determined
within the examined object.

• Electrical Capacitance Tomography (ECT): ECT allows one to determine the permittivity
distribution in an area filled with dielectrics.

• Electromagnetic Tomography (EMT) or Magnetic Induction Tomography (MIT). These techniques
are used to determine the permeability distribution in the examined object.

Application of tomography for the assessment of moisture content in the material-of-interest is
not a new idea. However, the most common applications utilize ionizing radiation tomography [6]
or ultrasound tomography [7]. In the literature, one can find a few examples of the use of electrical
tomographic methods for monitoring of the drying processes [8,9], but they relate mainly to applications
in pharmacy and use capacitance tomography instead of EIT, as proposed in this paper. Application of
the Electrical Capacitance Tomography is suitable in the case of highly dielectric materials or processes
in which the contact between electrodes and materials is inadvisable (e.g., fluidized bed processes,
due to electrode erosion) [3,10]. Impedance tomography seems to be more adequate than ECT for
the considered purpose. This is due to the relatively high conductivity of the wet material, which is
typical for plant materials and many chemical substances [11], as well as a meaningful relationship
between a material’s conductivity and its moisture content. This feature was already implemented in
research on building wall dampness [12] and the monitoring of waste landfills [13]. So far, no studies
have been carried out to determine the moisture content of granular materials using EIT. On the other
hand, in the state of low moisture content, a significant reduction of material conductivity might be
expected. This results in the increased complexity of measurement appliance. In particular, utilizing
the current stimulation commonly used in EIT is, in this case, virtually impossible. Instead of this,
a voltage source should be used. The high impedance of the dry material shows the need to accurately
measure very low current (a few μA). Particular attention must be given to ensuring the best possible
contact between the material and the sensor electrodes. For future research, the use of multifrequency
impedance tomography or spectro-tomography [14–16] seems to be promising.

The program of the research presented in this work consisted of three stages. In the first stage,
the dependence between the complex impedance and the moisture content of the tested material was
experimentally determined for a wide frequency range. In a later part of the research, a series of
computer simulations were carried out. The aim of these simulation was analysing the imaging quality
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obtainable for the given measurement system and the selected algorithm for image reconstruction
(Gauss-Newton algorithm [2]). The last part of the research was the experimental verification of the
ability to identify the material with increased humidity in the sensor area. Experimental research was
carried out for three frequency values of the stimulating voltage.

The experimental investigation proved the significant dependence between the absolute impedance
of the chokeberry and its moisture content. This dependence showed a good potential to use it for
an EIT purpose. The simulation analysis showed that even if some limitations might be expected,
the 8-electrode EIT system with larger electrodes can provide a rewarding imaging quality, especially
for process control purposes. The validation of the imaging quality of the spatial distribution of
moisture content using the 8-electrode EIT system, conducted experimentally, confirmed the simulation
results. The artefacts that appeared in the reconstructed images tended to decrease with a raise
in frequency.

2. Materials and Methods

2.1. Impedance Spectrum of the Chokeberry and Its Dependence on Humidity—The Method of Examination

Impedance spectroscopy is the research method that allows one to obtain the complex impedance
of the investigated system as a function of frequency [11]. After the insertion of the conductive material
between two electrodes, such a system can be regarded as a combination of several passive elements,
such as resistors and capacitors. Depending on the adopted structure, the model will approximate
the experimental results with a certain level of accuracy. For the material originating from plants,
the first model, consisting of three elements, was proposed by Hayden at the turn of the 1960s and
1970s [17]. This model was then widely used by other researchers [18]. However, examples utilizing
more sophisticated models can be found. For instance, in [19], the authors proposed a model consisting
of five elements. According to the authors, this model better represents the electrical properties of the
plant cells. The model proposed by Zhang was subsequently used during the impedance spectroscopic
investigation of kiwi fruit [20]. In the present paper, the simplification of the Hayden model was
used. This system is modelled as a resistor and capacitor connected in parallel. The reason for such a
simplification is the relatively narrow frequency range in comparison to the above-mentioned research.

As mentioned, after the insertion of the conductive material (in this case, chokeberry) between
two electrodes, such a system can be regarded (as a simplification) as a parallel combination of a
resistor R and a capacitor C [11]. The reactance X of the capacitor shows the dependence of angular
frequency ω as shown in Equation (1):

X =
1
ωC

, (1)

Likewise, complex impedance of the circuit, Equation (2), is a function of angular frequency ω:

Z =
RX2

R2 + X2 + j
R2X

R2 + X2 , (2)

Complex impedance can be equivalently represented as in Equation (3), using the absolute
impedance |Z| and the phase angle ϕ:

Z = |Z| · e− jϕ, (3)

For a given measurement system, both the absolute impedance |Z| and the phase angle ϕ are
related to the condition of a material being investigated (temperature, humidity) and that relationship
might be obtained experimentally. On the other hand, knowledge about that relationship leads to the
conclusion of the state of the material by measuring the above-mentioned values.

According to the literature data [1], initial humidity of fresh harvested chokeberry is typically
71.2%–84.8%. The chokeberry frozen immediately after harvest was used for the experimental research.
The material contains whole fruits, without any mechanical processing and damages This is noteworthy,
since in the case of processed chokeberry (e.g., chopped or pressed), a peel of the fruit gets damaged.
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Thus, in such a situation, the results described below cannot be reliable [21]. After defrosting and
reaching room temperature, a thin layer of water on the surface of the peel still existed. This state of
berries was assumed to be the initial state. In a further step, the chokeberry was dried in the open air at
a temperature of 20 ◦C and relative air humidity of 35%–40%. The sample of material (approximately
0.75 dm3) was gathered periodically and the measurement of absolute impedance and phase angle
was taken using the procedure described below. Using the moisture analyser Radwag MAC 210,
the humidity of the chokeberry sample was designated afterward. A measurement was taken for the
chokeberry’s humidity range of 80.0%–12.6%. In the case of low water content (<20%), the impedance
exceeded the measuring range of the instrument reaching more than 109 Ω (for low frequency).

The study was conducted in the measurement vessel, as detailed in Section 2.3, at a fixed
temperature of 20 ◦C. For the purpose of verification, the procedure was repeated several times for
each sample of the chokeberry. This repetition involved both changing the measuring electrodes
and removing and re-inserting the material into the area of the sensor. Each time the observed
differences did not exceeded a few percent, and this is most likely the result of differences in the contact
impedance between the electrode and the berries, as well as between the berries themselves at different
arrangements of the material.

The impedance of the chokeberry was measured using a programmable LCR bridge
Rhode-Schwarz Hameg HM 8118. This device allows one to designate selected parameters of
the circuit (in this case absolute impedance and phase angle) for 69 frequency values in the range of
20 Hz–200 kHz. The frequency range as well as the number of measurement points were limited by the
LCR bridge specification. Since the LCR bridge is equipped with both RS232 and USB communication
interfaces, allowing one to control the device using a computer, it was possible to automate the
measurement procedure for the entire frequency range.

2.2. Simulation Analysis of Projected EIT Image Quality

Determination of the conductivity distribution in the cross-section of a sensor, based on the
measured voltage, requires a two-step process. The aim of the first stage is to solve the forward
problem, leading to a designation of the transformation matrix of the measurement system. This step
is based on the Laplace Equation (4), which defines the distribution of electrical potential V in the
studied area with the material of conductivity σ [2]:

∇·σ∇V = 0, (4)

The solution of Equation (4) for the given measurement system is usually carried out with the
Finite Elements Method. Introducing v as the vector of measured potentials at the border of the sensor
leads to the designation of the transformation matrix T, satisfying the Equation (5):

v = T · σ, (5)

Reconstruction of the conductivity image is the second stage of the analysis of acquired data.
The image is constructed by solving the inverse problem defined by Equation (6).

σ = T−1 · v (6)

However, the T matrix is not a square one, so it is not possible to use conventional methods for
determining the inverse matrix. This problem has resulted in a number of algorithms for image
reconstruction, approximating the solution of the inverse problem. Starting from linear methods
(e.g., Linear Back-Projection) through nonlinear and iterative methods (e.g., Gauss–Newton) [2,3,5],
the approach to the inverse problem has evolved into a dozen modern algorithms that utilize
so-called artificial intelligence methods. For instance, in [22], the authors reviewed almost 70 papers
describing novel methods for image reconstruction. Some of the modern, advanced algorithms,
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e.g., Sparse Bayesian Learning [23], are thought to offer a better resolution for imaging in comparison
to classical methods.

Due to the ill-conditioning of the inverse problem, the solution obtained may not correctly reflect
the distribution of the analysed properties in the area of the sensor. The feasibility of the correct
imaging and the projected image quality should by verified using simulation studies. For this reason,
the experimental studies were preceded by conducting a series of simulation analyses that gave an
overview of the predicted quality of imaging in a considered EIT system. The use of specialized
software, for example EIDORS (Electrical Impedance Tomography and Diffuse Optical Tomography
Reconstruction Software) [24,25], allows both the simulation test of impedance tomography system
and the reconstruction of images based on experimental data. Reconstruction of the image in the
software package is possible using a number of algorithms. A broad overview of the application of the
EIDORS software was presented by Holder [2]. Commercially available EIT systems usually come
with proprietary software, e.g., the ITS Reconstruction Toolsuite [26], which may be used alternatively.

The simulation research consisted of two main stages. In the first stage, the investigation was
focused on the possibility of identifying the region that is characterized by a different moisture content
than the rest of the material. In the scope of this research, the impact of the diameter of the area
with increased humidity, as well as its position inside the sensor area, on detection capability was
investigated. In this study, the circular EIT sensor with an internal diameter of 11 cm was used.
A simulation study was conducted for the situation in which an area of higher humidity exists inside
the sensor filled with the chokeberry. That area had a circular shape with a diameter 60 mm or 30 mm,
located in the centre of the sensor or near its border. Four cases were analysed:

• Area of diameter 30 mm located near the border of the sensor;
• Area of diameter 60 mm located near the border of the sensor;
• Area of diameter 30 mm located in the centre of the sensor;
• Area of diameter 60 mm located in the centre of the sensor.

The rest of the material had homogeneous moisture content. Using the EIDORS software together
with Netgen meshing software [27], the model of the measurement vessel, electrodes, and distribution
of material inside the vessel was created, and a finite element grid was generated. Each simulation was
performed both for the 8-electrode and 16-electrode EIT sensor. In the case of the 8-electrode sensor,
each electrode was 30 mm wide, while in the case of the 16-electrode sensor, each electrode width had
to be limited to 15 mm. In order to improve the accuracy of the calculation, the grid was thickened
near the electrodes. This model was subsequently used to solve the forward problem and determine
the potential distribution on the border of the area. As a consequence, a simulated measurement set
was obtained, which was used to attempt the image reconstruction afterwards. For the solution of the
inverse problem, the iterative Gauss–Newton algorithm was applied [2,28].

In the second part of the research, particular attention was given to an analysis of the
distinguishability of the two separate regions of material with a higher moisture content. For this
reason, a model of the sensor, with the shape as described above, was created. Subsequently, two
areas with a 30 mm diameter, characterized by higher moisture content, were defined inside the
sensor. During several simulations, the distance between those areas was gradually decreased until
they became one area in the reconstructed image. The simulation research was carried out for the
8-electrode and the 16-electrode systems. Additionally, the influence of grid density on the quality of
imaging the calculation for the grid of increased density was also investigated. The Gauss–Newton
algorithm was also used in this part of research.

2.3. The EIT Experimental Setup

The block diagram of the complete measurement system is shown in the graph (Figure 1).
The measurement vessel (the sensor of the tomograph) was constructed using a polycarbonate pipe
with an internal diameter of 11 cm and a height of 8 cm. Eight electrodes (sized 7.5 × 3.0 cm), made of
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copper foil, were circumferentially arranged on the internal side of the vessel. The applied size of the
electrodes, unusually large for EIT, results from the need to ensure similar contact impedance between
the material and all electrodes. Granular material contacts with the electrodes only on certain points.
Providing as many contact points as possible is important, therefore. This results in a drop of contact
impedance. Furthermore, an increase of the electrode area in the considered case may contribute to the
equalization of the contact impedance on all electrodes.

To allow the sequential switching of the stimulating electrodes, the switching circuit (MUX) was
designed and manufactured based on a semiconductor multiplexer and reed relays. This subsystem
was controlled by the digital outputs of data acquisition card. In most of the implementations of an
impedance tomography, an AC current stimulation (typically several milliamps) is used. This requires
the use of a voltage controlled current source (a so-called ‘current pump’), typically the Howland
circuit [2,29]. However, a current source is characterized by a significantly higher output impedance
than the stimulated load. Due to the very high impedance of the chokeberry (at a low moisture
content), it is virtually impossible to build a current source that would allow the generation of stimulus
signal in the required frequency range [29,30]. These circumstances caused the need to apply, in this
research, voltage stimulation and accurate current measurement systems [2,31]. As the voltage source
(SRC), the programmable signal generator Agilent 33500B was used. Since the current flowing through
the chokeberry reaches very low values (1–4 μA), it was necessary to develop a current-to-voltage
converter (TIA, transimpedance amplifier), characterized by a high amplification factor. For this
purpose, the feedback converter circuit, based on operational amplifier OPA2107, itself characterized
by the very low bias current, was built [11,29]. This, in turn, allowed the amplification factor to reach
1 V/μA, and the resolution of current measurement was better than 0.2 nA.

Figure 1. Block diagram of the EIT test stand; TIA: transimpedance amplifier, SRC: voltage source,
MUX: switching circuit, PC: computer, BUFF: buffering circuit, DAQ: data acquisition card.

The voltage on the electrodes was measured using the high-speed data acquisition card (DAQ),
National Instruments PCIe-6351. This is a 16-channel multifunction measurement card with an
accurate 16-bit analog-to-digital converter with a maximum sampling rate of 1.25 MHz. The instrument
measuring voltage is usually required to have the largest possible input impedance. Although the
DAQ card manufacturer reports [32] that the input resistance of the device is very large (>10 GΩ),
the significant input capacitance (100 pF) still results in a noteworthy decrease in the input impedance
when measuring high frequency voltage. Moreover, the connection cable is characterized by its own
capacitance, which is not negligible. In order to reduce the impact of this effect on the achievable
measurement accuracy, each input of the DAQ card was equipped with an additional buffering
circuit (BUFF) based on the low noise operational amplifier, OPA4228. This allowed for a decrease of
approximately 50 times in the input capacitance of the measurement system. The complete stimulus
switching and measurement system was controlled using a PC through an application written in
LabVIEW [33].
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3. Results

3.1. Impedance Spectrum of the Chokeberry and Its Dependence on Humidity—The Results

The results of the experimental research showed that the humidity of the chokeberry is significantly
dependent on its electrical properties. As could be expected, absolute impedance explicitly increases
by decreasing the moisture content in the chokeberry. This is due to a number of phenomena that
occur during the drying of the fruit. The key elements are reducing the number of free ions due to the
evaporation of the solvent, as well as reducing the contact surface caused by changes in the structure
of the peel [21]. Accordingly, the effect should be present for most of the agricultural crops being
dried. It is noteworthy that the results obtained for 12.8% moisture content might be partially charged
with higher uncertainty. This is caused by exceeding the LCR bridge measurement range (108 Ω) for
frequencies lower than 1 kHz. The obtained results are shown in the graph (Figure 2).

Figure 2. Impedance spectra of the chokeberry, with different moisture contents, at 20 ◦C.

The approximate trends of absolute impedance change with the moisture content in the chokeberry,
as visualized in the graph (Figure 3) for selected frequency (100 Hz, 1 kHz, 10 kHz). It could be also
stated that the absolute impedance decreases with an increase in frequency. For this reason, utilising a
higher frequency makes the measurement easier to conduct, even using low-cost appliances.

The phase angle dependence on humidity of the chokeberry does not show such a clear trend.
It is noteworthy that the chokeberry with a low moisture content shows characteristics similar to the
dielectric. In this case, particularly at a higher frequency (104–105 Hz), the relationship between the
phase angle and the moisture content of the material becomes meaningful. This gives the opportunity
to use, at a later stage of the research, both the resistive and capacitive properties of the system by
proposing a dual modality tomography [34] method or spectro-tomography [14–16]. Further research
should obviously include carrying out measurements at different temperatures because, a significant
impact on the results might be expected.
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Figure 3. Relationship between the absolute impedance of the chokeberry and its moisture content.

During the examination, the phenomenon, which is important in practice, was observed. After the
insertion of the chokeberry into the measurement vessel, a gradual decrease in the measured impedance
occurred. After approximately 15–50 min (depending on material humidity), the value of the impedance
became steady. This phenomenon was stronger the higher the moisture content in the material, and at
humidity lower than 30%, the change of impedance was already insignificant. Moreover, the settling
time appeared to be influenced by the frequency. For a lower frequency, the settling time reached
its minimum, while for higher frequency it increased. The practical importance of this phenomenon
should be additionally investigated in future research.

3.2. Results of the Simulation Analysis

As shown by the results achieved, described below in detail, identification of the area with the
higher humidity is mostly correct. However, even in the case of the simulation data, which is free
from noise, material distribution non-uniformity, or inaccuracies in the sensor design, the image
reconstruction is not perfect. Outside the area of higher moisture content, the image should be uniform.
However, mapping errors (artefacts) can be observed. This indicates a certain limitation of the image
reconstruction algorithm.

The results of the first stage of simulation research (Figures 4–7) indicate a good ability to locate
a material with higher humidity. Both positions, as well as areas, are obtained precisely enough for
the monitoring of the drying processes or control purposes. This confirms the possibility to use the
EIT sensor with adopted geometry, as well as the Gauss–Newton algorithm, to achieve the intended
purpose. The case where the area of diameter of 30 mm was located in the centre of the sensor
(Figure 6) was the exception. In this case, regardless of the sensor used, the designated area was
significantly overestimated. Interestingly, in the remaining cases, the results obtained using 8-electrode
and 16-electrode sensors did not differ significantly. Obviously, the images obtained with 16-electrode
sensor were characterized by a better ability to render the shape of the area. This was particularly
noticeable for cases in which the region-of-interest was localized near the border of the sensor (Figures 4
and 5). In the case of area of diameter 60 mm placed in the centre of the sensor (Figure 7), the differences
between images acquired using the 8-electrode and 16-electrode system appeared to be negligible.
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(a) 
 

(b) 
 

(c) 

Figure 4. Area of diameter 30 mm located near the border of the sensor—finite element grid (a) and
image reconstructed using simulated data for the 8-electrode (b) and 16-electrode (c) sensor.

(a) (b)
 

(c)

Figure 5. Area of diameter 60 mm located near the border of the sensor—finite element grid (a) and
image reconstructed using simulated data for the 8-electrode (b) and 16-electrode (c) sensor.

 
(a) 

 
(b) 

 
(c) 

Figure 6. Area of diameter 30 mm located in the centre of the sensor—finite element grid (a) and image
reconstructed using simulated data for the 8-electrode (b) and 16-electrode (c) sensor.
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(a) (b)
 

(c)

Figure 7. Area of diameter 30 mm located in the centre of the sensor—finite element grid (a) and image
reconstructed using simulated data for the 8-electrode (b) and 16-electrode (c) sensor.

The second stage of simulation research was aimed to estimate the ability of the EIT sensor
to identify two separate areas of material with higher moisture content placed inside the sensor.
The importance of this feature is related to the relatively low imaging resolution, which is typical
of impedance tomography. The results achieved (Figures 8 and 9) illustrate the minimum distance
between the areas for which the areas remain disjoint in the reconstructed image. The obtained
minimum limit between the borders of the areas (12 mm) was proven to be similar to the radius of
these areas. At this stage of the research, the results obtained for the 16-electrode sensor (Figure 8)
turned out to be significantly better than the image obtained using the 8-electrode sensor (Figure 7).
In each case, the implementation of the dense grid resulted in improved imaging quality. However,
the results obtained cannot justify the significant increase in the computation time needed for image
reconstruction. In the subsequent graph (Figures 10 and 11), the results of a similar simulation are
shown, but in this case, the distance between the borders of the areas was lower than the minimum
limit. In this example, there is no possibility to distinguish the areas. However, indentifying the
region-of-interest’s existence is possible. To control a drying process, this possibility would also
be useful.

(a) (b)
 

(c)

Figure 8. Distinguishability analysis: 8-electrode sensor—finite element grid (a) and image
reconstructed using simulated data for the normal grid (b) and dense grid (c).
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(a) (b) 
 

(c) 

Figure 9. Distinguishability analysis: 16-electrode sensor—finite element grid (a) and image
reconstructed using simulated data for the normal grid (b) and dense grid (c).

 
(a) 

 
(b) 

 
(c) 

Figure 10. Distinguishability analysis: 8-electrode sensor, regions too close—finite element grid (a) and
image reconstructed using simulated data for the normal grid (b) and dense grid (c).

 
(a) 

 
(b) 

 
(c) 

Figure 11. Distinguishability analysis: 16-electrode sensor, regions too close—finite element grid (a)
and image reconstructed using simulated data for the normal grid (b) and dense grid (c).

3.3. Imaging of the Spatial Distribution of Moisture Content in the Chokeberry—Image Reconstruction Based
on Experimental Data

Experimental verification of the simulation results was performed using the measurement system
described in Section 2.3. The chokeberry was arranged inside the sensor, as in one of the simulation
studies (Figure 5). Berries filling the majority of the volume of the sensor had moisture content as
follows:

• Case 1: 35.2%;
• Case 2: 54.2%.
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However, inside the ‘wet’ area, the moisture of the material was 65.0%. The large difference in
humidity between areas in ’case 1’ stems from the need to investigate obtainable imaging contrast.
Determining the achievable imaging resolution of the moisture distribution in the material and
attempting to improve it will be a further stage of this study.

In the experimental research, a sensing strategy called the ‘opposite electrode pair strategy’
was applied [31]. This strategy means that the voltage source was connected to an opposite pair of
electrodes, e.g. 1–5, 2–6, etc. (for the 8-electrode sensor), while the voltage was measured on every
electrode. After completion of the voltage measurement, the sourcing electrode pair was switched
to the next one. Current drawn from the source was measured simultaneously and maintained at
a constant level. Therefore, the complete measurement set is comprised 64 voltage measurements.
A measurement was taken for three values of stimulus voltage frequency: 100 Hz, 1 kHz, and 10 kHz.
Similar to the simulation study, an iterative Gauss-Newton algorithm was applied to solve the inverse
problem. The results of the image reconstruction for each frequency are shown in Figures 12 and 13.

(a) (b) 
 

(c) 

Figure 12. Case 1: Chokeberry with water content of 69.0%/35.2%. Reconstructed images for voltage
stimulation of 100 Hz (a), 1 kHz (b), 10 kHz (c).

(a) (b) 
 

(c) 

Figure 13. Case 2: Chokeberry with water content of 69.0%/54.2%. Reconstructed images for voltage
stimulation of 100 Hz (a), 1 kHz (b), 10 kHz (c).

As shown by the results obtained, irrespective of the frequency of the excitation voltage, the
location of areas of high humidity can be considered correct. However, it can be seen that all of the
reconstructed images are characterized by the artefacts of an intensity significantly greater than in
the simulation results. Moreover, the artefacts’ influence on image quality is explicitly dependent
on frequency. The quality of imaging clearly increases with a raise in the frequency of the stimulus
voltage. It might be a prerequisite to extend the frequency range during future research. In ‘case
2’, the moisture content difference between the areas was lower and led to an increased impact of
noise on the measured signals. This, in turn, resulted in an increased presence of artefacts (Figure 13).
Presumably, this result also indicates the need to introduce some modifications to the measurement
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system, especially an increase of the resolution of current measurement. Moreover, a reduction of the
noise impact should lead to sensitivity improvement for whole EIT system.

In this stage of the study, the experimental research was focused mainly on proving the feasibility
of humidity imaging with the applied method. For this reason, only one material arrangement was
tested. Any quantitative indicators of the quality of imaging were not introduced at this stage of
the research. Undoubtedly, in further research, such indicators should be introduced, giving a more
detailed comparison of the results. Since the method needs to be additionally validated, in the next
season of fruit harvest, the research will be continued. Further research should also be concerned
with improving measurement accuracy, as well as imaging resolution. Additional humidity ranges,
different positions, and sizes of the region of interest and multiple-region detection have been shown
to be particularly important for further investigation.

4. Discussion

The study showed a significant correlation between the absolute impedance of the chokeberry
and its moisture content in a wide frequency range. This indicates the possibility to use the impedance
measurement to assess moisture content. In practice, the condition for the correct interpretation of the
interdependence of impedance and humidity should take into account temperature compensation—in
this study, it was not analysed. Attention was drawn to the phenomenon of long-term stabilization of
the measurement result after insertion of the chokeberry into the sensor. That phenomenon limits,
but does not exclude, the application of the presented method to dryers characterized by periodic
mixing of the material. The high impedance of the chokeberry requires an unusual approach to design
the measurement system of the EIT. It was proven that the application of a voltage stimulation and
stimulus current measurement, together with additional buffering of the data acquisition card, made
the EIT imaging feasible.

An important issue is ensuring good contact between the tested material and the electrodes.
The fact that granulated materials contact with the electrodes only on a finite number of points may
lead to a difference between the contact impedance on each electrode. For this reason, it is useful to use
electrodes with a relatively large area. However, increasing the electrodes’ area limits the number of
electrodes able to be installed inside the sensor, which in turn limits its imaging resolution. On the
basis of the simulation results, the use of an 8-electrode sensor instead of a 16-electrode sensor might
be justified in the considered EIT system.

Identification of the insufficiently dried material can be regarded as satisfactory despite the
above-mentioned issues. However, the artefacts appearing in the images make interpretation of the
results difficult. However, these artefacts might be significantly reduced through minor modifications
of the measurement system. This was shown, in particular, by the comparison between the simulation
and experimental results. Since the quality of imaging clearly increases by raising the frequency of the
stimulus voltage, future research should be focused on a wider frequency range.

The accuracy achievable with other image reconstruction algorithms has not been studied in this
paper, but the results acquired using impedance spectroscopy suggest that it will be possible to improve
the imaging quality by taking into account both the real and imaginary parts of complex impedance.
Especially at a low moisture content in the material being dried, the measurement of the phase angle
seems to be purposeful. Nevertheless, the obtained results indicate the prospective usefulness of the
presented methods in the practical, non-intrusive monitoring and control of drying processes.
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Abstract: Grouting ducts (containing steel strands) are widely used to increase the structural
strengths of infrastructures. The determination of the steel strand’s integrity inside of ducts and the
grouting quality are important for a strength evaluation of the structure. In this study, a capacitive
sensing technique was applied to identify the cross-sectional distribution of the steel strands.
The distribution was expressed in polar coordinates in an external post-tensioned pre-stressed duct
model. An improved capacitive sensor structure was designed, which consisted of four electrodes,
and different electrode-pairs were used to determine various locations’ information of the steel
strands. Two rounds of measurements were conducted using the designed sensor to detect the angle
(θ) and center distance (r) of the steel strand in the duct. The simulated and experimental results are
presented and analyzed. In general, it is difficult to locate the angle of a steel strand directly from
first-round capacitance measurements by analyzing the experimental results. Our method based on
Q-factor analysis was presented for the position detection of a steel bar in an external post-tensioned
pre-stressed duct. The center distance of the steel bar could be identified by second-round capacitance
measurements. The processed results verified the effectiveness of the proposed capacitive sensor
structure. Thus, the capacitive sensing technique exhibited potential for steel strand cross-section
distribution detection in external post-tensioned pre-stressed ducts.

Keywords: grouting duct; capacitive sensor; cross section distribution detecting; measurement

1. Introduction

External post-tensioned pre-stressed technology has been extensively used in the construction
of bridges and tunnels. This technology introduces many advantages, including lower component
weights, reductions in the vertical shear forces and main tensile stresses of concrete beams, simple
structures, and component installation ease. Martin et al. briefly introduced the structures of
post-tensioned pre-stressed ducts [1]. In general, pre-stressed steel strands are placed in a HDPE
(high-density polyethylene) tube, and high-pressure cement is filled for grouting purposes to prevent
corrosion of the steel strand and increase the strength of the structure. The typical method of production
for external post-tensioned pre-stressed concrete is illustrated in Figure 1. In the grouting process,
an appropriate amount of water-reducing agent should be added to promote cement coagulation.
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However, in practical grouting operations, the proportion of the water-reducing agent and the grouting
methods may not be correct. As a result, the pre-stressed duct may not be densely filled and may
exhibit stratification. Consequently, the liquid exuded from the cement may promote corrosion of the
steel strand, and voids in the pre-stressed duct may lead to a reduction in the service performance and
durability of the structure. The safety risk increases significantly because of these types of damage and
fracture of pre-stressed ducts during service [2,3]. Therefore, there are two main aspects that must be
considered during duct service: The grouting quality of the pre-stressed duct and the state of the steel
strand in the duct.

  
(a) (b) 

 
 

(c)  

 

Figure 1. Method of production for external post-tensioned pre-stressed concrete. (a) Modeling concrete
component; (b) pulling steel bar; (c) anchoring and grouting.

The current research on pre-stressed ducts mainly focuses on the detection of the concrete filling,
such as the detection of voids in grouted tendon ducts by the impact-echo method [4,5], and evaluation
of the electromagnetic properties of an exuded cement product using capacitive sensors [6,7].

In our previous work on grouting quality evaluation, a proximity capacitive sensor was designed
and used to evaluate the grouting quality of the duct. Detection principle is derived from industrial
processing tomography (IPT) technique [8]. A new method based on the Q-factor was presented to
identify the boundary position of the three-phase layer [9]. Previous studies used simplified conditions,
and the presence of steel strands was not considered. However, state detection of steel strands is
another important factor for structure safety evaluation.

For the damage detection of steel bars, Moustafa et al. used fractal analysis of guided ultrasonic
waves to monitor the corrosion of post-tensioned concrete [10]. Sun et al. re-analyzed the principle
of the magnetic flux leakage (MFL) technique, and the ‘escape’ phenomenon was explained from
a physical point of view [11]. Tan et al. presented a fiber Bragg grating method to monitor rebar
corrosion, and the corrosion could be detected by observing the Bragg wavelength shift [12]. Deng et
al. analyzed the multi-source effect of a magnetization-based eddy current testing (MB-ECT) method
using an equivalent source method, and the influence of the magnetizing current and the probe lift-off
were investigated by finite element analysis (FEA). The experimental results revealed a multi-source
effect in the mechanism of the MB-ECT sensors and provided the basic theory for precision crack
evaluation [13]. Liu et al. designed a tunnel magnetoresistive-based MFL sensor array to detect the
flaws of steel wire rope. However, the cement layer was not considered properly [14]. Liu and Xiao et
al. designed a new type of sensor to measure the biased pulse magnetic response in a large-diameter
steel stay cable. A finite element simulation was conducted to optimize the implementation plan of the
new sensor, a prototype of the proposed sensor and a biased pulse current supply were developed, and
the experimental results suggested the effectiveness of the new sensor for the assessment of surface
and internal flaws [15]. The current research on steel bars in external post-tensioned pre-stressed
ducts mainly focuses on the cracks and corrosion of steel bars, and scholars worldwide have achieved
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valuable results [16–20]. However, the steel strand distribution is also important, and little research
has been conducted on this aspect.

The cross-sectional distribution of the steel bars is significant because it influences the load capacity
of the duct and the bearing capacities and crack resistance of the structural components. According to
the Chinese National Standard GB50204-2015, the positional deviation of pre-stressed tendons should
be less than ±5 mm for structural components smaller than 300 mm [21]. Furthermore, the Chinese
National Standard GB/T 30827-2014 requires that the steel strands should be as close to the center of the
duct as possible [22]. However, in the real construction of pre-stressed tendons, the steel bars are not
always placed in the designed positions. The buoyancy of the concrete during construction causes the
pre-stressed tendons to deviate from the original design position. This deviation causes the structural
components to be subjected to additional radial forces. Based on statistics of the bridges, where box
girder cracking occurs, the positioning deviation of the steel bars can reach 20 to 30 mm [23]. Under
the action of additional radial forces, when the steel bar floats by 20 mm, the maximum vertical stress
on the box girder cross-section reaches 1.0 MPa; when the steel bar floats by 30 mm, the maximum
vertical stress on the box girder cross-section reaches 1.3 MPa. Therefore, the positioning error of the
pre-stressed tendons will greatly increase the local vertical tensile stress of the box girder. Eventually,
this leads to cracking of the weak section of the box girder and endangers the safety of the bridge.

Locating the steel bars not only contributes to the assessment of the quality of the construction,
but it also helps to prevent bridge accidents during service. In this paper, a capacitive sensing
technique-based method is proposed to locate the cross-sectional distribution of a steel bar and provide
useful information for follow-up work on the damaged locations of the steel bars. In Section 2, the
working principle of the capacitive sensing technology and the detection methodology are briefly
introduced and explained. Models with different positions of the steel strands in external post-tensioned
pre-stressed ducts were constructed. Simulations and experiments are presented in Section 3, and
the results are compared and analyzed simultaneously. A new method is proposed to improve the
detection results of the experiment stage. The conclusions are given in Section 4.

2. Working Principle and Methodology

2.1. Working Principle of Capacitive Sensor

A typical capacitive sensor is made of two traces: The exciting electrode and the receiving electrode.
The working principle of the coplanar capacitive sensor is called the fringe effect of capacitance [24].
The electric field is formed between the two traces with an AC (Alternating current) excitation. When
an unknown substance is placed inside the sensing area, the electric field and the permittivity between
the two electrodes will change according to the material characteristics of the substance. By measuring
the capacitance of the sensor, the existence and properties of the substance can be identified [25,26].
A diagram of the working principle is shown in Figure 2.

Figure 2. The working principle of the coplanar capacitive sensor.
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The penetration depth of the capacitive sensor indicates the sensing range of the sensor. The greater
the penetration depth is, the larger the sensing range becomes. In our experiment, the test block (made
of high-density polyethylene (HDPE)) was placed in the sensing area above the capacitive sensor,
and the fringing capacitance of the capacitive sensor was measured with the test block at different lift
distances, as shown in Figure 3a. In Figure 3a, a, b, and d are the width, length, and interval of the traces,
respectively. The vertical distance between the test block and the surface of the capacitive sensor is the
lift distance, l, and the effective penetration depth of the capacitive sensor is γ. The difference between
the capacitance value, C (l = γ), at the position of the effective penetration depth and the minimum
capacitance value, C (l =∞), is equal to 3% of the difference between the maximum capacitance value,
C (l = 0), and the minimum capacitance value, C (l =∞), as shown in Equation (1) [27]:

C(l = γ) −C(l = ∞) = (C(l = 0) −C(l = ∞)) · 3%, (1)

where l = 0 indicates that the test block is in full contact with the upper surface of the capacitive sensor.
Furthermore, l =∞ indicates that the test block is far from the upper surface of the capacitive sensor.
In this situation, the change in l does not affect the capacitance between the electrodes. The trend of the
capacitance with different lift distances is shown in Figure 3b.

 
(a) (b) 

Figure 3. Penetration depth of the coplanar capacitive sensor: (a) Setup of the experiment; (b) the trend
of the capacitance with different lift distances.

2.2. Methodology

The cross-section of the sensor and pre-stressed duct is shown in Figure 4a, and the capacitive
sensor structure consisted of four electrodes, named E1, E2, E3, and E4. Electrodes E1 to E4 were placed
against on the external surface of the duct. The widths of electrodes E1, E2, E3, and E4 corresponded to
the different central angles of 10◦, 20◦, 20◦, and 10◦, as shown in Figure 4b. The intervals between the
proximity electrodes all corresponded to 10◦. One quarter of the circumference was covered by the
sensor. Therefore, the center of the sensor was at 45◦. With the support of a flexible plastic belt, the
traces could be easily fixed on the tube and rotated around the pipe. The shielding layer was placed on
the outermost layer to resist the outside interference.
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(a) (b) 

Figure 4. Capacitive sensor for the detection of the steel strand cross-section’s distribution. (a) Sensor
placed on the external surface of duct and (b) sensor structure with 1/2 duct.

Polar coordinates were used to represent the positions of the steel bar and sensor. The coordinate
system origin was the center of the duct. The angles were measured from the horizontal direction and
rotated in an anti-clockwise direction. Three parameters, α, θ, and r, were defined for the following
simulations and experiments, as shown in Figure 4a. α is the angle position of the sensor, i.e., the angle
between the horizontal direction and the line joining the center of the duct and the midpoint of the
sensor. θ refers to the angle position of the steel bar, i.e., the angle between the horizontal direction
and the line joining the center of the duct and the center of the steel bar. r is the distance between the
center of the duct and the center of the steel bar. To complete the positioning, the four electrodes were
divided into two pairs, E1, E4 and E2, E3. The sensor rotated around the pipe for scanning purposes.
At the first stage, E1 was set as an excitation plate and E4 was a receiver. The capacitance between E1
and E4 were measured with rotation intervals of 45◦ (α = 0◦, 45◦, 90◦, . . . , 360◦) to locate the angle (θ)
position of the steel strand. In the second round of measurements (second stage), E2 was set as an
excitation plate, while E3 was a receiving electrode after θwas located. The capacitance between the
two traces was measured to determine the center distance (r) of the steel strand.

To make the comparison between the simulated and measured values more intuitive, normalization
was necessary, defined as follows:

Norij =
C−Cmin

Cmax −Cmin
(2)

where Norij is the normalized simulated value between electrode Ei and Ej, C is the simulated or
measured value, Cmin is the minimum of simulated or measured value, and Cmax is the maximum of
the simulated or measured value.

A single capacitance value cannot be used to determine r. When θwas determined by the first
round of measurements, the capacitance between E2 and E3 was measured at θ (C1). In addition, the
capacitance at θ + 180◦ (C2) should be measured to provide a reference of the capacitance proportion.
In this way, the r position of the steel strand could be calculated by the capacitance proportion, Pc,
as follows:

PC = C1/(C1 + C2) (3)

3. Simulations and Experiments

3.1. Phantom and Setup Conditions

Simulations are needed for the sensor structure design and verification of the proposed two-round
measurement. The simulations were a crucial component of the research discussed below.
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The simulations were performed using COMSOL Multiphysics, and the relevant parameters of
the simulation were set as follows. Three-dimensional (3D) models were used for all the simulations.
The dimensions, materials, and the relative permittivity values of the pre-stressed ducts, steel strand,
and sensor in the experiment were the same as those in the simulations. The internal radius, R1, and
external radius, R2, of the duct were 37.5 and 42.5 mm, respectively. A single steel bar was placed
in the duct, which was filled with cement (εcement = 4). The radius, R0, of the steel bar was 7.5 mm.
The widths of the electrodes were 7.4 mm for E1 and E4 and 14.8 mm for E2 and E3. The lengths
and intervals of the electrodes were 150 and 7.4 mm, respectively, for all traces. The ducts and the
support for the sensor were made of HDPE, and the entire capacitive sensor and shielding layer were
made of copper foil. A schematic diagram of the simulations and experiments is shown in Figure 5a.
The cement for grouting was standard Portland cement, and the water:cement ratio was 1:0.65 [28].

 
(a) 

 
(b) (c) 

Figure 5. The phantoms for the simulations and experiments. (a) Schematic diagram of simulations
and experiments; (b) the phantoms for θ detection in the first-round measurements; (c) the phantoms
for r detection in the second-round measurements.

In the simulation stage, the permittivity of cement, HDPE, and water were set to εcement = 4,
εHDPE = 2.3, and εwarer = 80, respectively. The permittivity depends on various experimental parameters,
such as the cement preparation process (water and cement) and chemical reaction process (steel and
water). The AC excitation was set to 5 V for the simulations and experiments. The excitation frequency
for the experiment was 1 MHz. However, this could not be set in the simulation. The steel bar and
shielding layer were grounded in the simulations and experiments.

The location process can be divided into two stages. As mentioned in Section 2, the sensor
scanning interval was 45◦ in the first round of measurements, i.e., α = 0◦, 45◦, 90◦, . . . Two positions
of the steel bar were considered. θ was set to 15◦ and 90◦ with the same r = 20 mm. Therefore, the
position of the steel strand can be represented as P(r, θ), as shown in Figure 5b. In the second stage, for
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the detection of r, due to its symmetrical structure, two sets of models were set, as shown in Figure 5a:
(1) θ = 15◦, α = 15◦, where r varied from the center of the duct to 25 mm with intervals of 5 mm, and (2)
θ = 90◦, α = 90◦, where r varied from the center of the duct to 25 mm with intervals of 5 mm. The
sensor must also be placed at θ + 180◦ to further identify the exact segment containing the steel strand.
The phantoms for the simulations and experiments are shown in Figure 5.

Since the diameter of the steel bar was 15 mm in this study, and the inner radius of the duct was
37.5 mm, we divided the entire cross-sectional area into 16 segments with 45◦ for each section, as shown
in Figure 6. Such segmentation is sufficient for engineering applications. Note that the internal circle’s
radius, R3, was set to 22.5 mm (corresponding to the steel bar at r = 15 mm). Thus, we only needed to
identify in which area the steel strand is located instead of determining its position accurately.

(a) (b) 

Figure 6. Cross-sectional area division of the duct model. (a) Placement of the steel bar in the duct; (b)
the 16 segments.

3.2. Simulation Results and Analysis

3.2.1. A. Detection of the Angle Position, θ, of the Steel Strand

The capacitance between E1 and E4 was obtained by the simulations, and the normalized simulated
values were calculated using Equation (2). The simulated capacitance and normalized values between
E1 and E4 are presented in Table 1 and Figure 7. The special positions for θ detection are also presented,
and part of the area containing special points is magnified five times in Figure 7.

Table 1. The simulated capacitance (pF) and normalized values between E1 and E4.

α/◦ Θ = 15◦, r = 20 mm Θ = 90◦, r = 20 mm

C14/pF Normalized Cn
14 C14/pF Normalized Cn

14

0◦ 0.015 0.014 0.057 0.594
45◦ 0.014 0.000 0.017 0.014
90◦ 0.044 0.429 0.016 0.000

135◦ 0.073 0.843 0.017 0.014
180◦ 0.084 1.000 0.057 0.594
225◦ 0.080 0.943 0.077 0.884
270◦ 0.067 0.757 0.085 1.000
315◦ 0.028 0.200 0.077 0.884
360◦ 0.015 0.014 0.057 0.594
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(a) 

(b) 

Figure 7. The normalized simulated capacitance between E1 and E4 and the special positions for θ
detection. (a) θ = 15◦, r = 20 mm, α = 0◦, 45◦, 90◦; (b) θ = 90◦, r = 20 mm, α = 45◦, 90◦, 135◦.

For θ = 15◦ and r = 20 mm, three characteristic points were selected, named A1, A2, and A3. A1,
A2, and A3 corresponded to the normalized capacitance value, Cn

14, when the position of the sensor,
α, was 0◦, 45◦, and 90◦, respectively. We can derive from Figure 7a that (i) A2 was the lowest point
among the normalized values. If the steel bar was in the sensing area of the capacitive sensor, the
capacitance between the two electrodes would decrease. Therefore, the steel bar was in the area of the
sensor electrode at 45◦, which was in the 0◦ to 90◦ range. (ii) Note that A1 was basically equal to 0, as
was A2, which was different from the other points. Thus, the steel strand was also in the area of the
sensor electrode at 0◦, corresponding to the −45◦ to 45◦ range. (iii) Based on the above analysis, the
steel bar was placed in the 0◦ to 45◦ segment, which was the overlapped range.

For θ = 90◦ and r = 20 mm, three characteristic points were marked, named B1, B2, and B3. B1, B2,
and B3 corresponded to the normalized capacitance value, Cn

14, when the position of the sensor, α, was
45◦, 90◦, and 135◦, respectively. We can derive from Figure 7b that (i) B2 was the lowest point among
the normalized simulated values. If the steel bar was in the sensing area of the capacitive sensor, the
capacitance between the two electrodes would decrease. Thus, the steel bar was in the area of the
sensor electrode at 90◦, which was in the 45◦ to 135◦ range. (ii) Note that B1 and B3 were basically
equal to 0, as was B2, which meant that the steel bar was also in the area of the sensor electrode at
45◦ and 135◦, corresponding to the 0◦ to 90◦ and 90◦ to 180◦ ranges, respectively. (iii) Combining the
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information above, the steel bar was placed in the 45◦ to 135◦ segment. In addition, B1 was equal to B3,
which meant that the steel bar was in a symmetric position when the sensor electrode was at 45◦ and
135◦. Therefore, the steel bar was in the middle of the 45◦ to 135◦ range, and its position angle was 90◦.

By the method above, we located the steel bar at least in one 45◦ segment, and for the special
angles (90◦), the proposed method can even determine the exact position of the steel bar.

3.2.2. B. Detection of the Center Distance, r, of the Steel Strand

The capacitance between E2 and E3 (C1
23) was acquired by simulations. The capacitance at θ +

180◦ (C2
23) was also simulated to obtain the area of the steel bar. To compare the capacitance trend more

conveniently, the relative proportion of capacitance was calculated using Equation (3), as demonstrated
in Table 2 and Figure 8. When the angle of the sensor was fixed at the angle of the steel bar, the sensor
and duct had symmetrical structures. Thus, there was no difference between θ = 15◦ and θ = 90◦. We
only plotted the relative proportion of the capacitance for one phantom in Figure 8. Accordingly, for
θ = 90 and α = 90◦, r ranged from 0 to 25 mm with increments of 5 mm.

Table 2. The simulated capacitance (pF) and relative proportion of capacitance between E2 and E3.

r/mm r/30 15◦(C1
23) 15◦ + 180◦(C2

23) 15◦ Pc 90◦(C1
23) 90◦ + 180◦(C2

23) 90◦ Pc

0 0.000 1.218 1.212 0.501 1.205 1.209 0.499
5 0.167 1.168 1.246 0.484 1.155 1.244 0.482
10 0.333 1.095 1.272 0.463 1.083 1.269 0.460
15 0.500 0.986 1.291 0.433 0.974 1.288 0.431
20 0.667 0.823 1.306 0.386 0.812 1.303 0.384
25 0.833 0.599 1.319 0.312 0.589 1.316 0.309

Figure 8. The trend of the relative proportion of capacitance and center distance percentage.

From Table 2 and Figure 8, some conclusions can be derived:
(i) As the center distance, r, of the steel bar increased, the capacitance between E2 and E3 (C1

23)
decreased rapidly and the capacitance at θ + 180◦ (C1

23) increased gradually, which contributed to the
fast decline of C1

23/(C1
2 + C2

23).
(ii) When the relative position between the sensor and steel bar was fixed, it was symmetrical for

every θ in the one-phase model. Thus, the two sets of simulations shared the same trend. Therefore,
we set Pc = C1

23/(C1
23 + C2

23) = 0.431 as the threshold of r = 15 mm (r/30 = 0.5, R3 = 22.5 mm).

134



Sensors 2019, 19, 2564

We identified the steel bar location as either in the inner circle (0 mm ≤ r ≤ 15 mm) or the outer
ring (15 mm ≤ r ≤ 30 mm). With the two rounds of measurements, the steel bar could be located in
1 of 16 segments. The improved sensor structure could locate the steel bar positions based on the
simulated results.

3.3. Experimental Results and Analysis

3.3.1. A. Detection of the Angular Position, θ, of the Steel Strand

The parameters of the experiments were identical to the simulations. The capacitance was
measured using an impedance analyzer (Agilent 4294A, Beijing, China), and a diagram of the
experimental device is shown in Figure 9.

 

Figure 9. Diagram of the experimental device.

In the first round of measurement for the angular position, the experimental capacitance values
between E1 and E4 were negative, as shown in Table 3, which were invalid measurements. It is the stray
capacitance that influenced the experimental results. When the steel bar appeared in the sector that
was covered by the sensing area of the capacitive sensor, four capacitors were formed. For example,
when E1 was used for excitation, the original capacitance, C, was formed by E1 and E4. The stray
capacitance, Cs1, Cs2, and Cs3, were formed by E1 and the steel bar, E1 and the shielding layer, and E1
and the cement, respectively. As a result, the measured capacitance between E1 and E4 dropped below
zero. Therefore, the quality factor (Q-factor) was introduced for further experiments of the angular
position’s identification.
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Table 3. The measured capacitance (fF) and normalized values between E1 and E4.

α/◦ θ = 15◦, r = 20 mm θ = 90◦, r = 20 mm

C14/pF Normalized Cn
14 C14/pF Normalized Cn

14

0◦ −19 1.000 −28 0.583
45◦ −19 1.000 −20 0.917
90◦ −27 0.652 −18 1.000

135◦ −37 0.217 −20 0.917
180◦ −42 0.000 −30 0.500
225◦ −40 0.087 −38 0.167
270◦ −31 0.478 −42 0.000
315◦ −21 0.913 −37 0.208
360◦ −19 1.000 −28 0.583

In our previous research, the boundary detecting method for post-tensioned pre-stressed ducts
based on Q-factor analysis was introduced, which could effectively identify the boundary position of
the three-phase duct model. Generally, Q is calculated for a capacitor as follows:

Q =
XC
RC

=
1

ω0CRC
(4)

where ω0 is the resonance frequency (radians per second), C is the capacitance, XC is the capacitive
reactance, and RC is the series resistance of the capacitor.

The frequency sweep was performed using an Agilent 4294A. The frequency range was from
40 Hz to 100 MHz. The frequency sweep was conducted for each α (0◦, 45◦, 90◦ . . . ). The maximum
value of the Q-factor was defined as MAX, and the corresponding frequency was f max. Since MAX and
f max were unstable within the frequency range, trace bandwidth analysis was performed. The cutoff
point was obtained by dividing the MAX by 2. The cutoff points were searched for toward both sides of
the measurement parameter axis, using the current position of the MAX as the center. The bandwidth
(distance between the two cutoff points), center value (midpoint of the two cutoff points), and
corresponding frequency, f c, were obtained. The steps for calculating the center frequency, fc, were
introduced in detail in our previous work [9].

The center frequency, fc, was selected for angle position detection, and the measured data are listed
in Table 4. Normalization was conducted for better identification of the steel strand angle position.
The sensor positions for θ = 15◦, r = 20 mm and θ = 90◦, r = 20 mm are also shown in Figure 10.

Table 4. The measured fc (MHz) and normalized values between E1 and E4.

α/◦ θ = 15◦, r = 20 mm θ = 90◦, r = 20 mm

fc/MHz Normalized fc fc/MHz Normalized fc

0◦ 0.538 0.000 1.079 0.943
45◦ 1.126 1.000 1.112 1.000
90◦ 1.099 0.955 0.534 0.000

135◦ 1.066 0.898 1.102 0.982
180◦ 0.743 0.350 1.081 0.946
225◦ 0.726 0.320 0.748 0.370
270◦ 1.065 0.897 0.707 0.299
315◦ 1.112 0.976 0.727 0.334
360◦ 0.538 0.000 1.079 0.943
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(a) 

(b) 

Figure 10. The normalized simulated capacitance between E1 and E4 and the special positions for θ
detection. (a) θ = 15◦, r = 20 mm, α = 0◦, 180◦, 225◦; (b) θ = 90◦, r = 20 mm, α = 90◦, 225◦, 270◦, 315◦.

For θ = 15◦ and r = 20 mm, three characteristic points were marked, named A1, A2, and A3. A1,
A2, and A3 corresponded to the normalized capacitance value, Cn

14, when the position of the sensor,
α, was 0◦, 180◦, and 225◦, respectively. (i) A1 was the lowest point among the normalized values.
Therefore, the steel bar was in the area of the sensor electrode at 0◦, which was in the −45◦ to 45◦ range.
(ii) A2 and A3 were the lowest points other than A1, and their normalized values were around 0.3,
which means that the steel strand was in the opposite area of α = 180◦ and α = 225◦, corresponding to
the −45◦ to 90◦ range, respectively. (iii) Note that A2 was approximately equal to A3, so the steel bar
was in the middle region of −45◦ to 90◦, that is 0◦ to 45◦. Therefore, the steel bar could be located in the
0◦ to 45◦ segment.

For θ = 90◦ and r = 20 mm, four characteristic points were marked, named B1, B2, B3 and B4. B1,
B2, B3, and B4 corresponded to the normalized capacitance value, Cn

14, when the position of the sensor,
α, was 90◦, 225◦, 270◦, and 315◦, respectively. (i) B1 was the lowest point among the normalized values.
Thus, the steel bar was in the area of the sensor electrode at 90◦, which was in the 45◦ to 135◦ range.
(ii) B2, B3, and B4 were the lowest points other than B1, and their normalized values were around 0.3,
which means the steel strand was in the opposite area of α = 225◦, 270◦, 315◦, i.e., the range from 0◦ to
180◦. (iii) It is remarkable that the steel bar was in the symmetrical position when the sensor electrode
was at 45◦ and 135◦, 0◦ and 180◦, and 225◦ and 315◦, since their values were approximately the same.
Therefore, the steel bar was in the middle of the 45◦ to 135◦ range, and its position angle was 90◦.

By the method above, we could locate the steel bar at least in one 45◦ segment, and for the
special angles (90◦), the proposed method could even determine the exact position of the steel bar.
Furthermore, the accuracy of the positioning could be improved by reducing the scanning interval of
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the sensor. For instance, we could set α = 30◦ or 15◦, and the steel bar could be located in one segment
of 30◦ or 15◦.

3.3.2. B. Detection of the Center Distance, r, of the Steel Strand

In the second-round of measurements for the center distance, only one configuration was
studied: θ = 90◦ and α = 90◦, where r ranged from 0 to 25 mm with increments of 5 mm, due to its
symmetrical structure. The capacitance between E2 and E3 (C1

23), and the capacitance of θ + 180◦
(C2

23) were measured using an Agilent 4294A, as described above. The excitation frequency was 1
MHz. The measured capacitance and relative proportion of the capacitance between E2 and E3 (Pc)
are demonstrated in Table 5 and Figure 11. In addition, normalization was conducted for a better
comparison between the simulation and measurement, as illustrated in Table 6 and Figure 12.

Table 5. The measured capacitance (pF) and relative proportion of capacitance between E2 and E3 (Pc).

r/mm r/30 90◦(C1
23) 90◦+180◦(C2

23) 90◦ Pc

0 0.000 0.258 0.253 0.505
5 0.167 0.273 0.272 0.501
10 0.333 0.255 0.257 0.498
15 0.500 0.243 0.257 0.486
20 0.667 0.245 0.258 0.487
25 0.833 0.239 0.275 0.465

Figure 11. The measured and simulated relative proportion of the capacitance between E2 and E3 (Pc).

Table 6. The normalized Pc of the experiment and simulation.

r/mm r/30
90◦ Experiment 90◦ Simulation

Pc Normalized Pc Pc Normalized Pc

0 0.000 0.505 1.000 0.499 1.000
5 0.167 0.501 0.900 0.482 0.906

10 0.333 0.498 0.828 0.460 0.796
15 0.500 0.486 0.527 0.431 0.639
20 0.667 0.487 0.554 0.384 0.393
25 0.833 0.465 0.000 0.309 0.000
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Figure 12. The normalized Pc of the experiment and simulation.

From Tables 5 and 6 and Figures 11 and 12, some conclusions can be drawn:
(i) As the center distance, r, of the steel bar increases, the capacitance between E2 and E3 (C1

23)
decreased gradually, and the capacitance of θ + 180◦ (C2

23) increased slowly, which contributed to the
slight decrease in C1

23/(C1
23 + C2

23).
(ii) In Figure 11, the experimental and simulated results (Pc) followed the same decreasing trend

as r increased, indicating the validity of the experiments. The measured Pc decreased more slowly than
the simulated one because the stray capacitance weakened the influence of the center distance, r, on Pc.

(iii) For Figure 12, the normalized Pc of the experiments and simulations shared the same
decreasing tendency. There were gaps between the three measured values and the simulation, that is
r/30 = 0.333, 0.5, and 0.667. On the one hand, due to the small variation of Pc in the measurements, the
normalization amplified the variable quantity. On the other hand, the position error of the steel bar
caused by the twisting of the steel strand and the setting of the cement contributed to the differences
between the experiments and simulations.

Therefore, we set Pc = C1
23/(C1

23 + C2
23) = 0.486 as the threshold of r = 15 mm (r/30 = 0.5, R3 =

22.5 mm) to determine whether the steel bar was located in the inner circle (0 mm ≤ r ≤ 15 mm) or the
outer ring (15 mm ≤ r ≤ 30 mm). With the two rounds of measurements, the steel bar could be located
in 1 of 16 segments. In the first-round of measurements, its angle (θ) was inspected in the 45◦ range.
In the second round of measurements, its center distance (r) could be identified in one of the two rings.
Thus, the improved sensor structure could locate the steel bar positions.

4. Conclusions

In this research project, the position of a single steel strand in a grouting duct was successfully
identified by simulations and experiments based on capacitive sensing technology. From the simulated
and experimental results, we reached the following conclusions:

(1) The proposed sensor structure with four electrodes demonstrated the effectiveness of detecting
the distribution of a single steel bar in an external post-tensioned pre-stressed duct using simulations
and experiments. Two measurement steps were presented for the detection of the angular position and
center distance of the steel strand.

(2) For the detection of the angular position, θ, of the steel bar, the capacitance between E1 and
E4 was measured, and it was effective for the simulations. However, it was invalid for practical
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experiments. A method based on the Q-factor was presented, and it successfully located the steel
strand position in the 45◦ area.

(3) For the detection of the center distance, r, of the steel bar, the capacitance between E2 and E4
was measured, and it was valid for the simulations. The detection differences between the simulations
and experiments at center distance, r, were analyzed, and the results were acceptable. After two steps
of measurements in the simulations and experiments, the steel cross-section distribution could be
identified in 1 of 16 segments.

(4) Future research shall place an emphasis on: (a) How the stray capacitance quantitatively
affects the experimental results; (b) determining the dependence of the Q-factor on the steel and center
frequency; and (c) sensor structure optimization.

Author Contributions: Conceptualization, N.L. and M.C.; methodology, N.L. and M.C.; software, N.L. and M.C.;
formal analysis, N.L. and H.D.; investigation, N.L., M.C., and H.D.; writing—original draft preparation, N.L. and
M.C.; writing—review and editing, N.L., C.H., and B.W.

Funding: This research was funded by the National Natural Science Foundation of China (No. 51875477,
No. 51475013). The research was partly supported by the Top International University Visiting Program for
Outstanding Young scholars of Northwestern Polytechnical University. The research works was partly supported
by the China Scholarship Council (No. 201806295037)

Conflicts of Interest: The authors declare that there is no conflict of interest regarding the publication of this paper.

References

1. Martin, J.; Broughton, K.J.; Giannopolous, A.; Hardy, M.S.A.; Forde, M.C. Ultrasonic tomography of grouted
duct post-tensioned reinforced concrete bridge beams. NDT E Int. 2001, 34, 107–113. [CrossRef]

2. Jiang, T.; Kong, Q.; Wang, W.; Huo, L.; Song, G. Monitoring of grouting compactness in a post-tensioning
tendon duct using piezoceramic transducers. Sensors 2016, 16, 1343. [CrossRef] [PubMed]

3. Jiang, T.; Zheng, J.; Huo, L.; Song, G. Finite element analysis of grouting compactness monitoring in a
post-tensioning tendon duct using piezoceramic transducers. Sensors 2017, 17, 2239. [CrossRef] [PubMed]

4. Jaeger, B.J.; Sansalone, M.J.; Poston, R.W. Detecting voids in grouted tendon ducts of post-tensioned concrete
structures using the impact-echo method. Struct. J. 1996, 93, 462–473.

5. Im, S.B.; Hurlebaus, S. Non-destructive testing methods to identify voids in external post-tensioned tendons.
KSCE J. Civ. Eng. 2012, 16, 388–397. [CrossRef]

6. Bore, T.; Placko, D.; Taillade, F.; Himbert, M. Capacitive Sensor for Measuring the Filled of Post-Tensioned
Ducts. Experimental Setup, Modeling and Signal Processing. IEEE Sens. J. 2013, 13, 457–465. [CrossRef]

7. Bore, T.; Placko, D.; Taillade, F.; Sabouroux, P. Electromagnetic characterization of grouting materials of
bridge post tensioned ducts for NDT using capacitive probe. NDT E Int. 2013, 60, 110–120. [CrossRef]

8. Yu, X.; Liu, X.; Chen, S.; Luo, Y.; Wang, X.; Liu, L. High-resolution extended source optical coherence
tomography. Opt. Express 2015, 23, 26399–26413. [CrossRef]

9. Li, N.; Cao, M.; Liu, K.; He, C.; Wu, B. A boundary detecting method for post-tensioned pre-stressed ducts
based on Q-factor analysis. Sens. Actuators A-Phys. 2016, 248, 88–93. [CrossRef]

10. Moustafa, A.; Niri, E.D.; Farhidzadeh, A.; Salamone, S. Corrosion monitoring of post-tensioned concrete
structures using fractal analysis of guided ultrasonic waves. Struct. Control Health Monit. 2014, 21, 438–448.
[CrossRef]

11. Sun, Y.; Kang, Y. Magnetic mechanisms of magnetic flux leakage nondestructive testing. Appl. Phys. Lett.
2013, 103, 184104. [CrossRef]

12. Tan, C.H.; Shee, Y.G.; Yap, B.K.; Adikan, F.M. Fiber Bragg grating based sensing system: Early corrosion
detection for structural health monitoring. Sens. Actuators A-Phys. 2016, 246, 123–128. [CrossRef]

13. Deng, Z.; Kang, Y.; Zhang, J.; Song, K. Multi-source effect in magnetizing-based eddy current testing sensor
for surface crack in ferromagnetic materials. Sens. Actuators A-Phys. 2018, 271, 24–36. [CrossRef]

14. Liu, X.; Wang, Y.; Wu, B.; Gao, Z.; He, C. Design of tunnel magnetoresistive-based circular MFL sensor array
for the detection of flaws in steel wire rope. J. Sens. 2016, 2016. [CrossRef]

15. Liu, X.; Xiao, J.; Wu, B.; He, C. A novel sensor to measure the biased pulse magnetic response in steel stay
cable for the detection of surface and internal flaws. Sens. Actuators A-Phys. 2018, 269, 218–226. [CrossRef]

140



Sensors 2019, 19, 2564

16. Zhang, X.; Zhang, L.; Liu, L.; Huo, L. Prestress monitoring of a steel strand in an anchorage connection using
piezoceramic transducers and time reversal method. Sensors 2018, 18, 4018. [CrossRef] [PubMed]

17. Hong, X.; Zhou, J.; He, Y. Damage detection of anchored region on the messenger cable based on matching
pursuit algorithm. Mech. Syst. Signal Process. 2019, 130, 221–247. [CrossRef]

18. Xia, R.; Zhou, J.; Zhang, H.; Zhou, D.; Zhang, Z. Experimental Study on Corrosion of Unstressed Steel Strand
based on Metal Magnetic Memory. KSCE J. Civ. Eng. 2019, 23, 1320–1329. [CrossRef]

19. Dang, N.L.; Huynh, T.C.; Kim, J.T. Local Strand-Breakage Detection in Multi-Strand Anchorage System
Using an Impedance-Based Stress Monitoring Method—Feasibility Study. Sensors 2019, 19, 1054. [CrossRef]

20. Zhang, Q.; Xin, R. The defect-length effect in corrosion detection with magnetic method for bridge cables.
Front. Struct. Civ. Eng. 2018, 12, 662–671. [CrossRef]

21. Ministry of Housing and Urban-Rural Development of PRC. The Quality Acceptance Specification for Concrete
Structure Engineering Construction GB50204-2015; China Architecture & Building Press: Beijing, China, 2015.

22. Ministry of Housing and Urban-Rural Development of PRC. External Prestressed Cable Technical Conditions
GB/T 30827-2014; China Architecture & Building Press: Beijing, China, 2014.

23. Lou, L. Bursting Crack Mechanism of Closure Segment Bottom Slab for the Certain Prestressed Variable
Depth Box-section Bridge. Sci. Technol. Rev. 2012, 30, 52–56.

24. Li, N.; Zhu, H.; Wang, W.; Gong, Y. Parallel double-plate capacitive proximity sensor modelling based on
effective theory. AIP Adv. 2014, 4, 027119. [CrossRef]

25. Li, N.; Yang, X.; Gong, Y.; Wang, P. Enhancing electrical capacitance tomographic sensor design using fuzzy
theory based quantifiers. Meas. Sci. Technol. 2014, 25, 125401. [CrossRef]

26. Li, N.; Cao, M.; He, C.; Wu, B.; Jiao, J.; Yang, X. Multi-parametric indicator design for ECT sensor optimization
used in oil transmission. IEEE Sens. J. 2017, 17, 2074–2088. [CrossRef]

27. Li, X.B.; Larson, S.D.; Zyuzin, A.S.; Mamishev, A.V. Design principles for multichannel fringing electric field
sensors. IEEE Sens. J. 2006, 6, 434–440. [CrossRef]

28. Ministry of Housing and Urban-Rural Development of PRC. Code for Application Technique of Cementitious
Grout GB/T50448-2015; China Architecture & Building Press: Beijing, China, 2015.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

141



sensors

Article

On the Design of a New Simulated Inductor
Using a Contactless Electrical Tomography System as
an Example

Xin Ye, Yuxin Wang, Xiao-Yu Tang, Haifeng Ji, Baoliang Wang and Zhiyao Huang *

State Key Laboratory of Industrial Control Technology, College of Control Science and Engineering,
Zhejiang University, Hangzhou 310027, China; yexin0601@zju.edu.cn (X.Y.); wangyx2015@zju.edu.cn (Y.W.);
xytang@zju.edu.cn (X.-Y.T.); hfji@zju.edu.cn (H.J.); wangbl@zju.edu.cn (B.W.)
* Correspondence: zy_huang@zju.edu.cn; Tel.: +86-571-87952145

Received: 7 May 2019; Accepted: 24 May 2019; Published: 29 May 2019

Abstract: This work reports a new simulated inductor which is suitable for a Contactless Electrical
Tomography (CET) system and can effectively overcome the unfavorable influence of coupling
capacitance on the measurement results. By detailed analysis and comparison, it is found that the
grounded simulated inductor has a simple circuit construction but its output current is not equal to its
input current, while the floating simulated inductor can be used as an independent inductor module
but its circuit structure is relatively complex. A new simulated inductor is designed by compensating
the currents from the common node of an introduced independent power source to the main circuit.
The new simulated inductor combines the advantages of the grounded simulated inductor and the
floating simulated inductor. It has the simple construction similar to that of the grounded simulated
inductor and its input current is equal to the output current, which means it can be used as an
independent module. The impedance measurement and practical image reconstruction experiments
were carried out to verify the effectiveness of the new simulated inductor. The experimental results
show that the design of the new simulated inductor is successful, and the performance of the
impedance measurement is satisfactory. The signal-to-noise ratio of the CET system is improved.
Meanwhile, the research work also indicates that in the case when the independent power source
is not available, the new simulated inductor is also an effective alternative method. But the phase
difference between input signal and output signal is approximately 90◦ when the elimination principle
is realized.

Keywords: simulated inductor technique; process tomography; contactless electrical tomography

1. Introduction

As basic electromagnetic devices, inductors are widely used in circuit design and signal
processing [1–3]. Inductance is the circuit parameter used to describe an inductor, which relates the
induced voltage to the current. However, the conventional practical inductors are usually made up of
coils and magnetic cores. It is always difficult to implement a practical inductor with large inductance
value and small physical size. Besides, the inductance value of a practical inductor can’t be adjusted
easily. Even for the practical adjustable inductor, its adjustment range is usually less than 15%.

The simulated inductor technique was developed and studied to replace a practical inductor
effectively in the research field of integrated circuits [3–14]. A simulated inductor is an active circuit
for generating an equivalent inductive reactance, which is implemented with active and passive
components (such as resistors, capacitors and operational a mplifiers) [6]. Compared with a practical
inductor, a simulated inductor has comparable function performance. It also has the advantages of
easily implementing a larger inductance value and acquiring a wider adjustable range of inductance.

Sensors 2019, 19, 2463; doi:10.3390/s19112463 www.mdpi.com/journal/sensors142
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Meanwhile, because the miniaturization of the components (resistors, capacitors and operational
amplifiers) used in simulated inductors is easy to realize at the current technique level, it is easy to
achieve miniaturization of simulated inductors.

It is worth mentioning that the simulated inductor has high skill requirements for the circuit
design, although it has significant advantages over practical inductors [4]. The simulated inductors
can be roughly divided into two types: the grounded simulated inductor and the floating simulated
inductor [10–15]. The grounded simulated inductor has the advantage of a simple circuit structure, but
one of its terminals needs to be grounded directly. The floating simulated inductor does not have to be
grounded directly, and it can be regarded as an independent module and be connected to the required
position of an application circuit, but it has the disadvantages of a complicated circuit structure and
high component matching requirements. These design requirements of the two simulated inductors
more or less limit the practical applications of the simulated inductor technique. Up to date, the
simulated inductor technique has mainly been studied and used as part of the active filters in the field of
electronic communication. Few research works on the application of the simulated inductor technique
in other research fields are reported. Therefore, it will be of great significance if we can seek an effective
approach to develop a new kind of simulated inductor which combines the advantages of the two
conventional simulated inductors mentioned above and overcomes the existing disadvantages of each
type. That would extend the application fields of the simulated inductor technique and satisfy the
wide requirements of an inductor (or inductor module) with large inductance value, wide adjustable
range of inductance value and small size.

Currently, contactless electrical tomography (CET) has received increasing attention in the field of
process tomography [16,17]. The latest research progresses have displayed the potential and broad
perspective of the contactless electrical tomography (CET) techniques [18–27]. However, the current
CET systems still exist a drawback, i.e., the existence of the coupling capacitances (formed by the
two electrodes, insulating pipe, and the measured fluid) are adverse to the detection of the useful
measurement signal (the details will be discussed in Section 5). Research works have verified that
the impedance elimination principle can provide an effective approach [28–32], i.e., by introducing an
inductor module, using the inductive reactance of the inductor module to eliminate the capacitive
reactance of the coupling capacitances. However, that needs large-value and adjustable independent
inductors. The emergence of simulated inductor technique provides an effective approach to solve this
problem. Unfortunately, at the current stage, our knowledge and experience on applying simulated
inductor technique to the field of process tomography is limited. More research work needs to
be undertaken.

This work aims to report a new simulated inductor which is suitable for CET systems. The new
simulated inductor, which is designed on the basis of the classic Riordan circuit, has a simple circuit
structure and can be regarded as an independent module. The research work mainly includes the
following four parts:

(1) The analysis and discussions on the characteristics of the Riordan simulated inductors.
(2) The requirements of the inductor module in CET system.
(3) The design of the new simulated inductor module.
(4) The experimental results with the new simulated inductor.

2. Riordan Simulated Inductor

Simulated inductors based on the Riordan circuit are widely accepted and studied by many
scholars [3,4]. The Riordan simulated inductors can also be divided into two types, the Riordan
grounded simulated inductor and the Riordan floating simulated inductor. Figure 1a,b show the
typical circuits of a Riordan grounded simulated inductor and a Riordan floating simulated inductor,
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respectively. For both Riordan simulated inductors, the circuits input impedance Zin both behave as an
equivalent inductance Leq, i.e.,:

Zin =
uin
iin

= j2π f Leq (1)

where f is the frequency of the excitation signal and j is the imaginary unit.
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Figure 1. The application circuits of two types Riordan simulated inductors: (a) the Riordan grounded
simulated inductor; (b) the Riordan floating simulated inductor.

The Riordan grounded simulated inductor has a simple circuit structure, as shown in Figure 1a.
One of its terminals must be grounded directly. The Riordan floating simulated inductor uses two
Riordan grounded simulated inductors which are connected in cascade (back to back), as shown in
Figure 1b. It has a symmetrical circuit structure. Its terminals need not to be grounded directly. It can
be regarded as an independent module (like a practical inductor) and be connected to the required
position of an electrical circuit freely.

The detailed discussions and analysis on the characteristics of the Riordan grounded simulated
inductor and the Riordan floating simulated inductor are given in the following sections.

2.1. The Characteristics of the Riordan Grounded Simulated Inductor

Let uin be the input voltage, iin be the input current, iout be the output current, iA1 and iA2 be the
current flowing into the operational amplifier A1 and A2 respectively. The following equations can
be obtained:

iin = iA2 + iR2 = iA2 + iA1 + iout (2)

uA2 = uin − iinR1 (3)

iR2 =
uA2 − uin

R2
= −R1

R2
iin (4)

iA2 = iin − iR2 =
R1 + R2

R2
iin (5)
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uA1 = uin − iR2R3 = uin +
R1R3

R2
iin (6)

iout =
uA1 − uin

1
1/R4+ j2π f Cm

=

R1R3
R2

iin
1

1/R4+ j2π f Cm

=
(1/R4 + j2π f Cm)R1R3

R2
iin (7)

iA1 = iR2 − iout = −R1 + (1/R4 + j2π f Cm)R1R3

R2
iin (8)

Meanwhile, the output current iout can also be described as:

iout = iR5 =
uin
R5

(9)

According to Equations (7) and (9), input impedance of the Riordan grounded simulated inductor
Zin is:

Zin =
uin
iin

=
(1/R4 + j2π f Cm)R1R3R5

R2
=

R1R3R5

R2R4
+ j2π f

CmR1R3R5

R2
(10)

Thus, the equivalent inductance Leq of the Riordan grounded simulated inductor is:

Leq =
CmR3R5

R2
R1 (11)

The equivalent internal resistance req of the Riordan grounded simulated inductor is:

req =
R3R5

R2R4
R1 (12)

According to Equations (11) and (12), the equivalent inductance Leq is determined by the resistances
R1 R2, R3, R5 and the capacitance Cm, and the equivalent internal resistance req is determined by the
resistances R1 R2, R3, R4 and R5. Usually, in practical applications, in order to adjust the value of Leq

and req conveniently and independently, the values of R2, R3, R5 and Cm are fixed. The value of Leq is
mainly adjusted by changing the value of the high-precision adjustable resistor R1, while the value of
req. is mainly determined by the value of R4. Because the equivalent internal resistance of an inductor
module should be as small as possible, the value of R4 is usually much larger than those of R1, R2, R3

and R5, respectively.
It is necessary to indicate that the value of the Leq is affected by R5. In practical applications, the

value of Leq is expected as a constant, which means the value of R5 should also be a constant. That
is the reason why one terminal of the circuit is grounded. Otherwise, it is difficult to guarantee the
value of Leq to be a constant and the value of Leq will vary with the impedance of the succeeding circuit.
In other words, R5 could be regarded as the load of the circuit. If the output terminal is not grounded,
the load of the circuit will change, and then Leq can not be fixed.

Meanwhile, Equation (7) also shows that the input current iin is not equal to the output current
iout, (i.e., iin � iout) and there exists a phase difference (approximately 90◦) between iin and iout. From
Equations (2), (5) and (8), it can be found that there are currents flowing through the output of the
operational amplifiers (A1 and A2), leading to the difference between iin and iout.

Based on the discussions above, it can be found that although the Riordan grounded simulated
inductor has a simple circuit construction, it has the disadvantage that it can’t constitute an independent
module like the practical inductor yet. The reason is that the currents through the two terminals of the
inductor module are not equivalent to each other.

2.2. The Characteristics of the Riordan Floating Simulated Inductor

As shown in Figure 1b, the Riordan floating simulated inductor has a symmetrical circuit structure.
It is a combination of two identical Riordan grounded simulated inductors, i.e., the values of the
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resistances and capacitances of both sides are equal, i.e., R1 = R1
′, R2 = R2

′, R3 = R3
′, R4 = R4

′,
Cm = Cm

′. Based on Equation (7), the current flow through R5 is:

iR5 =
(1/R4 + j2π f Cm)R1R3

R2
iin (13)

Further:
uout = uin − iR5R5 (14)

uA3 = uout − iR5
1

1/R4
′ + j2π f Cm

=
1/R4 + j2π f Cm

1/R4
′ + j2π f Cm

R1R3

R2
iin (15)

iR2
′ = uA3 − uout

R3′
(16)

uA4 = uout − iR2
′R2
′ (17)

iout =
uA4 − uout

R1
′ = −R2

′
R1
′ iR2

′ (18)

According to Equations (13) and (14), the input impedance Zin of the Riordan floating simulated
inductor can be described as:

Zin =
uin − uout

iin
=

iR5R5

iin
=

R1R3R5

R2R4
+ j2π f

CmR1R3R5

R2
(19)

Thus, the equivalent inductance and the internal resistance req of the Riordan floating simulated
inductor can be expressed as:

Leq =
CmR1R3

R2
R5 (20)

req =
R1R3

R2R4
R5. (21)

By comparison of Equations (11)–(12) and (20)–(21), respectively, we can see that the Riordan
grounded simulated inductor and the Riordan floating simulated inductor have the same equivalent
inductance and the same equivalent internal resistance. However, the way to adjust the value of Leq of
the Riordan floating simulated inductor is different from the Riordan grounded simulated inductor. In
practical applications, the value of Leq of the Riordan floating simulated inductor is mainly adjusted by
changing the value of the adjustable resistor R5. The value of req of the Riordan floating simulated
inductor is mainly determined by the value of R4.

Meanwhile, according to Equations (15) to (19), the output impedance Zout of the Riordan floating
simulated inductor can be described as:

Zout =
uin − uout

iout
=

iR5R5

−R2′
R1
′

(−iR5
1

1/R4
′+ j2π f Cm

R3′

) =
R1
′R3
′R5

R2′R4
′ + j2π f

Cm
′R1
′R3
′R5

R2′
(22)

Because the Riordan floating simulated inductor is formed by two mirrorly-connected identical
Riordan grounded simulated inductor. According to Equations (19) and (22), the input impedance Zin
of the Riordan floating simulated inductor is equal to the output impedance Zout, i.e.,

Zin = Zout (23)
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Further, from Equations (15), (16) and (18):

iout = −R2
′

R1
′ i
′
R2

= −R2
′

R1
′
(uA3−uout

R3′
)

= −R2
′

R1
′
(
− 1/R4+ j2π f Cm

1/R4
′+ j2π f Cm

R1R3
R2

iin
)

1
R3′

= R2
′R1R3

R2R1
′R3′ iin

= iin

(24)

i.e., the input current iin is equal to the output current iout and there is no phase difference between iin
and iout. Besides, the relationship between the currents flowing into the operational amplifiers A3 and
A4 can be described respectively as:

iA3 = iR5 − iR2
′ (25)

iA4 = iR2
′ − iout (26)

According to Equations (5), (8), (14), (22)–(24), it can be found that the sum of the total current
flowing into the output terminals of four operational amplifiers is zero, which means that the current
flowing into the operational amplifiers A1 and A2 can be compensated by the current flowing into the
operational amplifiers A3 and A4, i.e.,

(iA1 + iA2) + (iA3 + iA4) = 0 (27)

Therefore, based on the discussions above, the Riordan floating simulated inductor can be regarded
as an independent module like a practical inductor. That is convenient for practical applications.
However, the electronic components in the Riordan floating simulated inductor are required to be
strictly equal to their mirror components. The circuit structure of the Riordan floating simulated
inductor is relatively complex and it includes four closed-loops, so, its realization needs higher quality
components and higher circuit design skill. Meanwhile, the stability of the Riordan floating simulated
inductor should be seriously considered, because it is a multi-closed-loop system.

Based on the above analysis and discussions, it can be found that the two simulated inductors both
have their advantages and some limitations or preconditions for practical applications. Therefore, up to
date, the simulated inductor technique is mainly studied and applied in the field of electronic
communications, for either the Riordan grounded simulated inductor or the Riordan floating
simulated inductor.

3. The Requirement of the Inductor Module in CET System

In the field of process tomography, different kinds of CET systems have been studied, including
the capacitively coupled electrical resistance tomography (CCERT) system, the capacitively coupled
electrical impedance tomography (CCEIT) system and the electrical capacitance tomography (ECT)
system [18–20]. Figure 2a shows a sketch of a 12-electrode CET sensor. The electrodes of the CET
sensor are mounted symmetrically around the outer surface of the insulating pipe. Figure 2b shows the
equivalent circuit of an electrode pair in the CET sensor. It is simplified as two coupling capacitances C1

and C2 (formed by the two electrodes, the insulating pipe, and the measured fluid), and an impedance
Zx of the measured fluid. For the CCERT system, the measured fluid is equivalent to a resistance Rx,
i.e., Zx = Rx. For the ECT system, the measured fluid is equivalent to a capacitance Cx, i.e., Zx = Cx.
For the CCEIT system, the measured fluid is equivalent to an impedance Zx.
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C CZx

(a) (b) 

Figure 2. Measurement principle of the CET sensor. (a) The sketch of a 12-electrode CET sensor; (b) The
equivalent circuit of a measurement electrode pair in the CET sensor.

It is worth mentioning that the existence of the two coupling capacitances C1 and C2 makes the
contactless measurement possible. However, from the viewpoint of electrical impedance measurement,
only the Zx is the useful signal. The capacitive reactance of C1 and C2 is the background signal which
will limit the signal-to-noise ratio (SNR) of impedance measurement and should be overcome.

Research works have verified that the impedance elimination principle can provide an effective
approach to overcome the unfavorable influences of the coupling capacitances, i.e., by introducing an
inductor module and using the inductive reactance of the inductor module to eliminate the capacitive
reactance of the coupling capacitances.

Figure 3 shows the flowchart of the impedance elimination principle for the measurement of an
electrode pair in the CET sensor where f is the frequency of the excitation signal and j is the imaginary
unit. The overall impedance Z of the measurement path is:

Z =
1

j2π f C1
+ Zx +

1
j2π f C2

+ j2π f L (28)

With the application of the impedance elimination principle, the imaginary part of the Z should
be zero, i.e.:

1
j2π f C1

+
1

j2π f C2
+ j2π f L = 0 (29)

Thus, from Equation (29), the excitation frequency f . is determined by:

f =
1

2π

√
C1 + C2

LC1C2
(30)

Equations (28) to (30) show that if the excitation frequency is set by Equation (30), the impedance
of the measurement path only consists of the impedance of measured fluid Zx, i.e.:

Z = Zx (31)

Therefore, the capacitive reactance of the coupling capacitances can be successfully eliminated
by the inductive reactance of the introduced inductor module. Thus, the negative influence of the
background signal (coupling capacitances C1 and C2) can be effectively overcome. The SNR of the CET
system can be improved.

C CZx L
u i u i

Zxj2 fL j2 fC  j2 fC  

Figure 3. The flowchart of the impedance elimination principle in the CET systems.

According to Equation (30), it can be found that the system excitation frequency f is related to the
inductance value L of the introduced inductor module and the coupling capacitances C1 and C2.
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In practical application, the value of the excitation frequency f shouldn’t be set too large in order
to avoid imposing extra high requirements on the circuit design and system complexity. Meanwhile,
the values of the coupling capacitances are usually small (about 30~50 pF), so the introduced inductor
module is expected to have a large inductance value.

Further, the materials, the wall thickness and the diameters of the insulating pipes as well as
the electrode angle and the length of the electrode, etc., will also affect the values of the coupling
capacitances, so the inductance value L of the inductor module should be adjustable and the adjustment
range is desired to be as wide as possible. That means the inductor module should have good
compatibility and adaptability.

Besides, the CET system is required to be compacted for miniaturization and integration. So
the introduced inductor module should also have the capability to be minimized and can be easily
integrated in the CET system.

Based on the above considerations, the problems have clearly indicated that the practical inductor
still cannot satisfy the requirements of the practical application in the CET system, even if it is a simple
way to use a practical inductor to form the inductor module.

Obviously, the simulated inductor technique provides an attractive approach to develop the
inductor module and hence effectively overcome the unfavorable influences of the coupling capacitances.
However, in the research field of CET, the applications and research of the simulated inductor are not
sufficient. More research work should be undertaken.

4. New Simulated Inductor Module

4.1. The Design of the New Simulated Inductor Module

This work aims to develop a new simulated inductor which is suitable for the CET systems.
Based on the discussions in Sections 2 and 3, the new simulated inductor module should have the
following features:

(1) The new simulated inductor module should have a simple circuit construction.
(2) The new simulated inductor module should be regarded as an independent module and can be

connected into the circuit flexibly.
(3) The input current of the new simulated inductor should be equal to the output current, because

the CET system implements the impedance measurements by measuring the current flowing
through the detection path, as shown in Figure 3.

Figure 4 illustrates the circuit of the new simulated inductor module.
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Figure 4. The circuit of the new simulated inductor module.
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In Figure 4, the new simulated inductor consists of a Riordan grounded simulated inductor
with an independent power source and an I/V (current to voltage) convertor. Compared with the
typical Riordan grounded simulated inductor in Figure 1a, the new simulated inductor has two key
improvements (or differences):

(1) The output terminal (marked as uout) is not connected to the ground directly. Instead, its
output terminal is connected to the inverting input terminal of the operational amplifier of the
I/V converter.

(2) The operational amplifiers in the Riordan grounded simulated inductor are supplied by an
independent power source, while other operational amplifiers are powered by the system power
source. Meanwhile, the common node (ucom) of the independent power is connected to the
output terminal.

From Section 2, the output terminal of the Riordan grounded simulated inductor needs to be
grounded, to ensure that the simulated inductor module has a fixed equivalent inductance value
Leq (as discussed in Section 2.1, the pre-condition to obtain a fixed value of Leq is that the load of
the circuit is fixed). However, in practical applications, changes of the succeeding circuit should not
affect the inductance value Leq of an independent inductor module. Therefore, as shown in Figure 4,
an equivalent grounded method is introduced to meet the application pre-condition of the Riordan
grounded simulated inductor, i.e., connecting the output terminal to the inverting input terminal of an
operational amplifier, and the noninverting terminal of the operational amplifier is directly connected
to the ground. Meanwhile, as shown in Figure 4, the detection current signal iout which flows through
the new simulated inductor is transmitted to a output voltage signal u f by the I/V convertor.

Additionally, according to the discussion in Section 2.1, since the currents flow into the operational
amplifiers (A1 and A2) in Figure 1a, the output current of the Riordan grounded simulated inductor
is different from the input current, so the Riordan grounded simulated inductor can’t be used as an
independent inductor. To solve this problem, we should seek an effective way to make the input
current equal to the output current. Our method is to compensate the currents, which flow into the
operational amplifiers, to main circuit.

Figure 5 shows the operation characteristics of a typical operational amplifier [1,33,34]. In Figure 5,
ucom is the common node of the independent power source. in is the current into the inverting input
terminal. ip is the current into the noninverting input terminal. io is the current into the output terminal.
ic+ is the current flowing from the positive power supply terminals to common node. ic− is the current
flowing from the negative power supply terminal to common node. ic is the current obtained from the
common node.

ip

in

ic+

ic-

io

V+

V-

ic
ucom

V+

V-

Figure 5. The operation characteristics of a typical operational amplifier.

The sum of the currents entering the operational amplifier should be zero:

ip + in + io − (ic+ + ic−) = 0. (32)

Meanwhile, there is no current flowing into either input terminal (i.e., ip = in = 0). The current io
flowing into the output terminal equals to the sum of the currents ic+ and ic−. The current obtained
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from the common node ucom is also the sum of the currents ic+ and ic−. Thus, the following equation
can be obtained:

io = ic+ + ic− = ic (33)

Equation (33) indicates that the current which flows into the output terminal of operational
amplifier equals to the current which is obtained from the common node of the independent power
source. Obviously, it is independent on the power sources of other operational amplifiers.

In the case of this work, two operational amplifiers A1 and A2 are used in the grounded simulated
inductor as shown in Figure 5. iA1 is the current into the output terminal of A1. iA2 is the current into
the output terminal of A2. As mentioned in Section 2.1, the input current of a grounded simulated
inductor is not equal to the output current. There exist some differences and the differences between
the input current and the output current are iA1 and iA2 (as shown in Figure 1). In another respect,
based on the above discussion in this section, the current which flows into the output terminal of
an operational amplifier can be obtained from the common node of the independent power source.
Therefore, making the input current equal to the output current can be realized by introducing the
current from the common node of the independent power source into the main circuit.

The new simulated inductor module has two currents (iA1 and iA2) which should be compensated.
Simply, we can use two independent power sources and introduce the currents from the two common
nodes of the two independent power sources. It is a direct treatment. But, it needs two independent
power sources. In fact, in this work, it is not necessary to use two independent power sources, only
one independent power source can also meet the requirement, because the currents (iA1 and iA2) can
only flow from the common node of the independent power source. There is no other way. So, in this
work, the two operational amplifiers share one independent power source which is independent of the
power sources of other operational amplifiers. Thus, our method to make the input current equal to
the output current is implemented by introducing the current from the common node into the main
circuit. As shown in Figure 4, iA1 and iA2 can be obtained from one common node ucom:

icom = iA1 + iA2 (34)

Further, the current iout is:

iout = iR5 + icom = iR5 + (iA1 + iA2) = iin (35)

From the above discussions, it can be found that:

(1) By connecting the output terminal to the inverting input terminal of the operational amplifier,
equivalent grounded is realized, which meets the requirement of pre-condition of the grounded
simulated inductor. The equivalent inductance Leq of the new simulated inductor module is
guaranteed to be fixed. It is not affected by the load of the succeeding circuit.

(2) By connecting the common node of the independent power source to the main circuit, the
currents which flow into the output terminals of the operational amplifiers A1 and A2 are
compensated. The input current of the new simulated inductor module equals to the output
current (iin = iout). Further, the input impedance Zin of the new simulated inductor equals to its
output impedance Zout.

Therefore, the new simulated inductor not only has the simple construction and good stability
similar to that of the grounded simulated inductor, but also can be used conveniently in practical
applications like the floating simulated inductor. It reduces the requirements for components and can be
used as an independent inductor module to effectively replace the practical inductor. Correspondingly,
the equivalent inductance. Leq and the internal resistance req of the new simulated inductor module are:

Leq =
CmR3R5

R2
R1 (36)
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req =
R3R5

R2R4
R1 (37)

Comparing Equations (36) and (37) with Equations (11) and (12), it can be found that the Leq and
the req of the new simulated inductor are the same as those of the grounded simulated inductor.

4.2. Impedance Measurement Principle by Using the New Simulated Inductor Module

Figure 6 shows the simplified measurement principle circuit of the CET system by using the new
simulated inductor module, where the impedance of the measured fluid is Zx.

C1 Zx

u

Rf

A

req Leqiin iout

uf

C2

uin

Figure 6. The simplified measurement principle circuit of the CET system.

The overall impedance Z of the measurement path is:

Z =
1

j2π f C1
+ Zx +

1
j2π f C2

+ req + j2π f Leq (38)

The excitation frequency f can be determined by the following equations:

1
j2π f C1

+
1

j2π f C2
+ j2π f Leq = 0 (39)

f =
1

2π

√
C1 + C2

LeqC1C2
(40)

At the excitation frequency, the capacitance reactance of C1 and C2 is eliminated by the inductive
reactance of Leq. The unfavorable influences of the coupling capacitances are overcome by the
impedance elimination principle. As a result, the overall impedance of the measurement path Z
consists of the impedance of measured fluid Zx and the internal resistance req, i.e.:

Z = Zx + req (41)

After the operation of the I/V convertor, the output voltage signal u f is:

u f = −ioutR f = − u
Zx + req

R f (42)

From Equation (37), it can be seen that if R4 is selected as a large-valued resistor, the value of req

can be very small compared to the impedance of the measured fluid Zx. Thus, Equation (40) can be
further simplified as:

u f ≈ − u
Zx

R f (43)

Equation (43) indicates that the phase difference between u and u f becomes 180◦ when the
impedance elimination principle is realized. In practical measurement process, it is not necessary to
know the exact value of C1 or C2. The excitation frequency can be predetermined by an oscilloscope.
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In the case when the independent power source is not available, the combination of the Riordan
grounded simulated inductor and the I/V convertor can also construct a simulated inductor module as
shown in Figure 7. The simulated inductor module can also be workable. It has the same equivalent
inductance Leq and internal resistance req as those of the new simulated inductor module, but there are
two problems:

(1) The input current is not equal to the output current (iin � iout).
(2) When the impedance elimination principle is realized, the phase difference between the input

current iin and the output current iout is approximately 90◦ rather than 180◦.
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Figure 7. The simulated inductor module based on a Riordan grounded simulated inductor and a
I/V convertor.

In this case, as discussion in Section 2.1, the input current iin is not equal to the output current iout.
The output voltage signal u f is:

u f = −ioutR f (44)

Meanwhile, according to Figure 7 and the discussions in Section 2.1, the following equations can
be obtained:

iin =
u− uin

1
j2π f C1

+ Zx +
1

j2π f C2

(45)

iout =
(1/R4 + j2π f Cm)R1R3

R2
iin =

uin
R5

(46)

iout =
(1/R4 + j2π f Cm)R1R3

R2
· u

1
j2π f C1

+ Zx +
1

j2π f C2
+

(1/R4+ j2π f Cm)R1R3
R2

·R5

(47)

iout =
req + j2π f Leq

R5
· u

1
j2π f C1

+ Zx +
1

j2π f C2
+ req + j2π f Leq

(48)

When the impedance elimination principle is realized, Equation (48) is simplified as:

iout =
req + j2π f Leq

R5
· u
Zx + req

(49)
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Thus:

u f = −
req + j2π f Leq

R5
· u
Zx + req

R f (50)

Further, when the value of req is relatively small to the impedance of measured fluid Zx,
Equation (50) can be further simplified as:

u f ≈ − j
2π f Leq

R5
· u
Zx

R f (51)

Therefore in this case, from Equation (51), the phase difference between the excitation signal u and
the output voltage signal u f is approximately 90◦ when the impedance elimination principle is realized.

Based on the above discussion, the new simulated inductor module is also workable in the case
when an independent power source is not available. It is also an effective alternative method. However,
it is necessary to indicate that, in this case, the input current of the simulated inductor module is not
equal to the output current (iin � iout) and the phase difference between input signal and output signal
is approximately 90◦. That will more or less have influence on the measurement results.

5. Experimental Results and Discussion

To test the effectiveness and evaluate the performance of the new simulated inductor with
independent power source in the CET system, two sets of experiments were carried out: impedance
measurement experiments simulating the characteristics of the measured fluid (hereinafter referred to
as simulation experiments), and image reconstruction experiments based on a CET system using the
classic linear back projection (LBP) algorithm. More detailed information on the construction of the
CET system can be found in [32] ([32] focuses on the hardware improvement of the CCERT system
which used the simulated inductor technique. But the detailed information of the simulated inductor
module are not discussed and provided in [32]).

The components information of the new simulated inductors (Figure 4) was: the value of the
adjustable resistor R1 ranged from 0 to 10.0 kΩ, R2 = R3 = 3.30 kΩ, R4 = 1.00 MΩ, R5 = 5.10 kΩ, and
Cm = 2.20 nF. The operational amplifiers (A1 and A2) were AD817 (Analog Devices, Inc., Norwood,
MA, USA). The operational amplifier (A3) of the I/V converter was LM6172 (Texas Instruments, Inc.,
Dallas, TX, USA). The feedback resistor Rf was 200 Ω.

5.1. The Simulation Experiments

In the simulation experiments, the equivalent coupling capacitances of the CET system were
represented by two capacitors C1s and C2s with suitable fixed values. The practical measured fluid was
represented by RC series combinations Zx with different impedance values.

The simulation experimental setup is shown in Figure 8.

 

Figure 8. The simulation experimental setup.
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In the simulated measurement path, the true values of the capacitor C1s and C2s were 9.97 pF and
9.99 pF, respectively. Correspondingly, the equivalent inductance value of new simulated inductor
module was adjusted to 81.23 mH. Three groups of resistors, capacitors, and their combinations
were measured:

(1) Group 1 used some different resistors to simulate the ERT system, the true values of the resistors
were 10.06 kΩ, 20.16 kΩ, 30.42 kΩ, 39.64 kΩ, 47.58 kΩ, 57.73 kΩ, 76.65 kΩ, 83.30 kΩ and
100.36 kΩ.

(2) Group 2 used some different capacitors to simulate ECT system, the true values of the capacitors
were 2.12 pF, 5.52 pF, 9.97 pF, 15.32 pF and 33.87 pF.

(3) Group 3 used some RC series combinations to simulate the EIT system, six kinds of RC series
combinations were formed by resistors of 20.16 kΩ, 47.58 kΩ, 76.65 kΩ and capacitors of 5.52 pF,
15.32 pF.

The true values of the resistors and the capacitors were calibrated by a commercial impedance
analyzer (Keysight 4294A, Santa Rosa, CA, USA, 40 Hz to 110 MHz) at 250 kHz. The AC excitation
signal was generated by a digital signal generator. The AC excitation signal had the amplitude value
of 1.52 V and its frequency is 250 kHz. The total impedance information was measured by the signal
processing module.

To test the performance of the measurement, four performance indexes are selected, including
eR, eC, σR and σC. The eR and eC are the relative errors (%) of the resistance measurement and the
capacitance measurement. σR and σC are the standard deviations of the resistance measurement and
the capacitance measurement, respectively. The four performance indexes are defined as follows:

eR =
R
Rr
− 1 (52)

eC =
C
Cr
− 1 (53)

σR =

√√√√
1

K − 1

K∑
k=1

(Rk − 1
K

K∑
k=1

Rk)

2

(54)

σC =

√√√√
1

K − 1

K∑
k=1

(Ck − 1
K

K∑
k=1

Ck)

2

(55)

where Rm and Cm are the mean values of the measurement results of the resistance and the capacitance
of the impedance, Rm = 1

K
∑K

k=1 Rk and Cm = 1
K
∑K

k=1 Ck. Rr and Cr are the true values of the resistance
and the capacitance. Rk and Ck are the kth measurement results of the resistance and the capacitance.
K is the total number of repeated measurements (in this work, K = 100).

Figure 9a,b shows the measurement results of Group 1 and Group 2, respectively. The maximum
relative error of the resistance measurement eR was 2.15%. The maximum relative error of the capacitance
measurement eC was 2.99%. The maximum standard deviation of the resistance measurement was
0.50 kΩ. The standard deviation of the capacitance measurement was 0.05 pF.
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(a) (b) 

Figure 9. The measurement results of the simulation experiments. (a) the relative errors of resistance
measurement; (b) the relative errors of capacitance measurement.

Table 1 shows the experimental results of the impedance measurement experiments (Group 3).
From Table 1, it can be seen that the CET system based on the new simulated inductor module can
effectively obtain the total impedance information. The maximum relative error of the impedance
measurement of RC series combination was 4.77%. The maximum standard deviation of the resistance
measurement was 0.27 kΩ. The maximum standard deviation of the capacitance measurement was
0.07 pF.

Table 1. Impedance measurement results of the CET system with independent power source (250 kHz).

Rr (kΩ) Cr (pF) R (kΩ) C (pF) eR (%) eC (%) σR (kΩ) σC (pF)

20.16 5.52 21.11 5.63 4.74 2.01 0.44 0.01
20.16 15.32 20.33 15.70 0.89 2.51 0.03 0.03
47.58 5.52 47.55 5.64 −0.04 2.20 0.20 0.02
47.58 15.32 46.98 15.74 −1.25 2.78 0.09 0.06
76.65 5.52 74.35 5.39 −2.99 −2.21 0.27 0.02
76.65 15.32 75.81 14.59 −1.09 −4.77 0.14 0.07

Correspondingly, in the case when the independent power source of the new simulated inductor
module is not available, the impedance measurement experiments were also carried out. The
measurement results of Group 1, Group 2 and Group 3 are shown in Figure 10a, Figure 10b and Table 2,
respectively. In this case, the maximum relative error of the resistance measurement eR was 2.66%. The
maximum relative error of the capacitance measurement eC was 3.13%. The maximum relative error of
the impedance measurement of RC series combination was 4.84%. The maximum standard deviation
of the resistance measurement was 0.43 kΩ. The maximum standard deviation of the capacitance
measurement was 0.08 pF.

Table 2. Impedance measurement results of the CET system without independent power source
(250 kHz).

Rr (kΩ) Cr (pF) R (kΩ) C (pF) eR (%) eC (%) σR (kΩ) σC (pF)

20.16 5.52 20.81 5.60 3.26 1.47 0.43 0.01
20.16 15.32 20.83 15.84 3.37 3.45 0.03 0.03
47.58 5.52 47.43 5.61 −0.31 1.66 0.21 0.02
47.58 15.32 47.18 15.78 −0.83 3.04 0.08 0.07
76.65 5.52 74.47 5.45 −2.84 −1.12 0.30 0.02
76.65 15.32 75.52 14.57 −1.47 −4.84 0.14 0.08
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(a) (b) 

Figure 10. The measurement results of the simulation experiments without independent power source.
(a) the relative errors of resistance measurement; (b) the relative errors of capacitance measurement.

The simulated experimental results have demonstrated that the design of the new simulated
inductor module is effective, and it can replace the practical inductor to achieve impedance elimination
in the measurement path of the CET system, and its performance was satisfactory. The unfavorable
influences of coupling capacitances can be successfully overcome by using the new simulated inductor
modules, and the SNR of the CET system is improved.

Meanwhile, it is also found that the performance of the new simulated inductor without the
independent power source is comparable to that of the new simulated inductor with the independent
power source. There only exists slight difference between the experimental results of these two cases.
So in the case when the independent power source is not available, the new simulated inductor is also
an effective alternative method, but the phase difference between input signal and output signal is
approximately 90◦ when the elimination principle is realized.

5.2. The Practical Image Reconstruction Experiments

To test the image reconstruction quality of the CET system using new simulated inductors modules,
the practical image reconstruction experiments were carried out. The material of insulating pipe of the
CET sensor was polyvinyl chloride (PVC). The outer diameter and the thickness of the PVC pipe were
110 mm and 2 mm, respectively. The length of electrode and the electrode angel were 150 mm and 26◦,
respectively. Figure 11 is a photo of the CET system prototype.

Tap water with the conductivity of 160 μS/cm was used as the continuous phase. Non-conductive
plastic (polyethylene) rods with different diameters (20 mm and 35 mm) were used as the discrete
phase. During the experiments, the plastic rods were put into different positions in the pipe which was
full of tap water. Then, the conductivity changes in the pipe can be detected. The classic LBP algorithm
was used to implement the image reconstruction.
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Figure 11. The photo of the CET system prototype.

In order to compare the image reproduction effect, three image quality indexes were used [21]:
mean squared error (MSE), relative image error (RIE) and image correlation coefficient (ICC). MSE is
evaluated according to Equation (56). RIE is evaluated according to Equation (57). ICC is evaluated
according to Equation (58):

MSE =
1
N

∑N

n=1
(ĝ− g)2 (56)

RIE =
‖ĝ− g‖
‖g‖ (57)

ICC =

∑N
n=1

(
ĝn − ĝ

)
(gn − g)√∑N

n=1

(
ĝn − ĝ

)2 ∑N
n=1(gn − g)2

(58)

where, ĝn is the gray level of the nth pixel of the reconstructed images and ĝ = [ĝ1, ĝ2 . . . ĝn . . . ĝN]
T

is the vector of the gray levels of the reconstructed images. gn is the practical gray level of the nth
pixel of the conductivity distributions and g = [g1, g2 . . . gn . . . gN]

T is the vector of the gray levels of
the practical conductivity distributions. ĝ and g are the mean value of ĝ and g respectively. N is the
number of the pixel of the reconstructed images, in this work, N = 856.

Figure 12 is the experimental results of image reconstruction. Table 3 lists the information of the
three image quality indexes.

Figure 12. Practical conductivity distributions and image reconstruction results of CET systems.
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Table 3. Three image quality indexes of image reconstruction results.

Image Reconstruction Results (1) (2) (3)

MSE 0.0142 0.0138 0.0138
RIE 0.4805 0.4376 0.4408
ICC 0.5389 0.5514 0.5484

The practical experimental image reconstruction results indicate that the quality of the image
reconstruction of the CET system prototype using new simulated inductors modules is satisfactory.
Compared with the CET system without inductor module, the MSE and RIE of the CET system using
new simulated inductor module are smaller. The quality of the image reconstruction of CET system is
improved by introducing the new simulated inductor module. The application of simulated inductor
technique to the research field of the process tomography is effective.

6. Conclusions

This work analyzes the characteristics of the simulated inductor based on the Riordan circuit in
detail. Through comparison and analysis, it is found that the grounded simulated inductor has a simple
circuit construction but one terminal should be grounded. The floating simulated inductor can be used
as an independent inductor module while its circuit structure is relatively complex. Meanwhile, it is
also pointed out that, the reason why the grounded simulated inductor can’t be used as an independent
module is that the output current of the grounded simulated inductor is different from the input
current (iin � iout).

A new simulated inductor module which is suitable for CET system is reported in this work. By
compensating the currents from the common node of the introduced independent power source to the
main circuit, a new simulated inductor is designed. The new simulated inductor not only has a simple
construction similar to the grounded simulated inductor, but also can be used as an independent
module like the floating simulated inductor. It reduces the requirements for components and can
be used conveniently in practical applications like a practical inductor. The new simulated inductor
module guarantees the equivalence between the input current and the output current. These two
advantages make it an attractive approach to apply the simulated inductor technique to the research
fields of process tomography.

To test the effectiveness and evaluate the performance of the new designed simulated inductor,
two sets of experiments were carried out. The experimental results show that the design of the new
simulated inductor is successful and the performance of the new simulated inductor is satisfactory. The
maximum relative error of the resistances measurement is 2.15%, the maximum relative error of the
capacitances measurement is 2.99%, and the maximum relative error of the impedance measurement is
4.77%. The practical image reconstruction of the CET system results indicate that the quality of the
image reconstruction is satisfactory and the application of simulated inductor technique to the research
field of the process tomography is effective. The SNR of the CET system can be improved.

Besides, the experimental results also indicate that, in the case when the independent power
source is not available, the performance of the new simulated inductor is comparable to that of the
new simulated inductor with the independent power source. So in this case, the new simulated
inductor is also an effective alternative method, but the phase difference between input signal and
output signal is approximately 90◦ when the elimination principle is realized (the input current is
not equal to the output current). That may more or less have influence on measurement results and
practical application.

This work provides the detailed information on simulated inductors based on Riordan circuit,
including the detailed measurement circuits and related analysis, the technical parameters of the
components of the simulated inductor, the obtained experience/knowledge and the latest progresses,
as well as the design of a new simulated inductor. According to the technical content in the paper,
readers can duplicate the measurement circuit of the new simulated inductor. We hope that this paper
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can provide useful reference/experience for other researchers’ work and extend the application fields
of the simulated inductor technique.
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Abstract: Electrical Impedance Tomography (EIT) is a non-invasive detection method to image the
conductivity changes inside an observation region by using the electrical measurements at the boundary
of this region. In some applications of EIT, the observation domain is infinite and is only accessible
from one side, which leads to the so-called open EIT (OEIT) problem. Compared with conventional
EIT problems, the observation region in OEIT can only be measured from limited projection directions,
which makes high resolution imaging much more challenging. To improve the imaging quality of OEIT,
a focusing sensor design strategy is proposed based on shape conformal theory. The conformal bijection
is used to map a standard EIT sensor defined at a unit circle to a focusing OEIT sensor defined at an upper
half plane. A series of numerical and experimental testes are conducted. Compared with the traditional
sensor structure, the proposed focusing sensor has higher spatial resolution at the near-electrode region
and is good at distinguishing multi-inclusions which are close to each other.

Keywords: open electrical impedance tomography; sensor design; conformal transformation; focusing
sensor; open domain imaging

1. Introduction

Electrical Impedance Tomography (EIT) is a noninvasive imaging method, which reconstructs
the conductivity distribution of the imaging field [1]. It applies an electrical excitation signal to the
target field through electrodes placed at the boundary of an observation area, and then obtains the
electrical responses reflecting the conductivity distribution within the observed field. This technology
has the advantages of portability, low cost and high time resolution. EIT has been widely applied
in the monitoring of many industrial and biomedical processes [2,3]. Conventional EIT aims at
reconstructing the conductivity distribution within a closed domain [4–6]. However, in practical
applications, the observed domain is not always closed or is big enough to be approximated to infinity
compared with the size of the EIT sensors. This leads to the open EIT (OEIT) problem.

OEIT usually takes an open area with an unclosed boundary as observation field for measurements.
OEIT was used in surface geophysics for surface geological exploration in an earlier time. Then it
was also used in structural damage detection, landmine detection and biomedical tissue imaging.
Youssef et al. [7] used OEIT to detect sinkholes in Saudi Arabia, and the results showed that the OEIT
was effective in detecting and mapping a known sinkhole in the study area. Church et al. [8] constructed
a prototype confirmatory landmine detector based on OEIT to image buried landmines. The results
demonstrated that it is possible to reliably reconstruct conductivity perturbations of a shallow buried
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antitank mine or similar object in a variety of soils. Baltopoulos et al. [9] using OEIT to map damage in
carbon fiber reinforced polymer plates. The methodology is validated based on experimental damage
scenarios, successfully identifying the induced damage. Allen et al. [10] used an electrical impedance
tomography-based sensing skin for quantitative imaging of damage in concrete. In the meantime,
OEIT has been extensively studied in clinical medicine. Mueller et al. [11] developed an OEIT sensor
with 4 × 4 electrodes for detecting conductivity changes during ventilation and perfusion. Time traces
of the reconstructed conductivity distribution demonstrated the detected changes in conductivity were
due to ventilation and perfusion. Borsic et al. [12] used a cylindrical probe based on EIT with an array
of electrodes on the front surface to detect prostate disease. They also developed a novel reconstruction
algorithm used for conductivity estimation. The simulation results demonstrated the feasibility of
imaging moderately contrasting inclusions at distances of three times the probe radius from the probe
surface. Cherepenin et al. [13] developed a 48-electrodes OEIT system combined with a vaginal probe
for early detection of cervical neoplasia. They checked their system on a saline solution tank containing
different small objects. The results showed the system could distinguish the size and location of single
targets and the type for different targets. Aristovich et al. [14] used a 30-electrodes OEIT array to
reconstruct images of fast neural-evoked activity in the rat cerebral cortex and developed a novel
noise-based image post-processing technique. The results indicated that the developed methods may
be expected to be reliably applied for imaging neural activity with planar arrays. Murphy et al. [15]
used an end-fired microendoscopic EIT probe for surgical margin assessment and developed a novel
regularization technique using the dual-mesh method. The results showed the feasibility of surgical
margin detection using microendoscopic EIT.

OEIT thus has broad application prospects, however, reconstructing images in the open-domain
geometry poses additional challenges compared with conventional EIT systems. In OEIT, the electrodes
are usually arranged on one surface of the observation field, thus the current density decreases
rapidly with the distance from the electrode surface. In the meantime, the incomplete boundary
conditions also increase the difficulty of solving the OEIT problem, making the imaging quality of
OEIT relatively low and sensitive to noise. Thus, there is still a large scope for the improvement for
OEIT. Improved imaging algorithms can improve the reconstruction quality of OEIT to a certain extent,
but algorithm improvement cannot fundamentally improve the spatial and temporal resolution of
OEIT. This is because the electric field distribution in the observation field is fixed under the premise of
not changing the electrode configuration and excitation strategy. The improvement of the imaging
algorithm can only increase the acquisition of measurement information, but cannot improve the
electric field distribution. However, different electrode configurations and data collection patterns
will affect the penetration depth of the electric field, thus affecting the spatial resolution and imaging
depth of OEIT. Perez et al. [16] designed a novel rectangular array of 20 active electrodes to inject the
external currents, and 16 passive electrodes to measure the induced voltages. The results showed
that this kind of electrode arrangement can avoid problems due to the unknown contact impedance.
The reconstructions have good spatial resolution in the xy-plane and are quite stable with respect to
the noise level in the data. Liu et al. [17] used a scanning linear electrode for the imaging of open
domains and proposed a novel measurement and stimulation pattern. This research is dedicated to
increasing the number of independent voltage measurements to improve the imaging quality of OEIT.
Aiming at the problem of poor image reconstruction quality and low reconstruction accuracy of OEIT,
Wang et al. [18] proposed a novel image reconstruction method based on conformal transformation.
By this method the imaging quality and accuracy of OEIT are improved, especially for the inclusions
located far from the electrode area.

For two-dimensional OEIT, the most used sensor is the uniform sensor that uses electrodes of the
same size and places the electrodes evenly at the boundary of the open field [17]. This simple electrode
configuration allows the observation of conductivity changes in the open field. However, previous
studies showed that the reconstruction quality of uniform sensors for inclusions near the electrode
region and those far from the electrode was relatively poor [18]. When the sensor array and the
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excitation strategy are fixed, the electric field distribution in the observation field is uniquely determined.
Therefore, the most fundamental solution to improve the poor quality of OEIT imaging is to optimize
the electrode configuration, as well as the excitation strategy.

In this research, a novel focusing sensor is designed based on shape conformal theory to improve
the imaging quality of OEIT in the near-electrode region. The conformal bijection is used to map a
standard EIT sensor defined at a unit circle to a focusing OEIT sensor defined at an upper half plane.
To evaluate the proposed focusing sensor, a series of simulation and experiment analyses are carried
out. The results from the novel OEIT sensor are compared with those of a conventional OEIT sensor.

2. Materials and Methods

2.1. Principle of OEIT

Figure 1 gives an illustration of an OEIT system with the conventional sensor structure discussed in
this paper. The EIT system includes an electrode array, data acquisition system and image reconstruction
unit (usually in a PC). The electrode array is uniformly fixed at the boundary Γ of the open domain
Ω. The excitation strategy of OEIT system is the conventional adjacent current stimulation and
adjacent voltages measurement [19]. At each measuring timepoint, one of the adjacent electrode pairs
is excited with currents, and voltage measurements are made between the other adjacent pairs not
involving the driven electrodes. The process will continue until all the electrodes have been excited.
For a system consisting of L electrodes, L × (L−3) voltage measurements are collected. Based on the
reciprocal theory, half of them are independent. Aiming at the sensor with 16 electrodes in this research,
there are 208 measurement datapoints in all, and the independent data is the half of this number.
When low-frequency currents are applied to the active electrodes, the electric potential ϕ(x, y) at Ω
satisfies the Gaussian equation:

∇ · [σ(x, y)∇φ(x, y)] = 0,
{
(x, y)

∣∣∣x ∈ (−∞,+∞) , y ∈ (0,+∞)
}
, (1)

where σ(x, y) is the conductivity distribution. Following the complete electrode model (CEM) [20],
the boundary condition of the OEIT forward problem can be written as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

σ(x, y) ∂φ(x,y)
∂y |y=0 = 0, x ∈ Γ\ L∪

l=1
el

φ(x, y) + ρlσ(x, y) ∂φ(x,y)
∂y |y=0 = Ul, x ∈ el, l = 1, 2, . . . , L∫

el
σ(x, y) ∂φ(x,y)

∂y |y=0ds = Il, l = 1, 2, . . . , L
L∑

l=1
Il = 0

L∑
l=1

Ul = 0

(2)

where Γ ∈ (−∞,+∞) is the actual boundary of open domain, el denotes the electrode l, ρl is the contact
impedance between electrode l and internal medium, Ul is the voltage on the electrode l, Il is current
injected into field Ω from electrode l.
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Figure 1. Illustration of the OEIT system with conventional sensor structure.

The conventional method to calculate the OEIT problem is to simplify the infinite observation
domain Ω to a finite domain Ω1 [17]. However, this method will lead to truncation errors not only
in the forward problem solution but also the inverse problem solution. In our previous research,
a transformation domain method was proposed to directly solve the OEIT problem in the infinite
observation domain Ω. According to the Riemann mapping theorem, the infinite upper half plane can be
transferred into a simple closed circular domain by bijective holomorphic mapping [21]. After conformal
mapping, the voltage potential function and the conductivity distribution function still satisfy the
Laplace equation and are related to the original equation before transformation. The boundary
condition can be calculated by CEM and it has the same form as (2). According to the conformal
transformation, the electrical field distribution of the infinite upper half plane can be evaluated by
calculating the electrical field distribution in the conformal circular domain. Thus, the process of the
imaging method based on conformal transformation has the follow steps:

(1) The boundary voltage measurement data is collected by the electrodes placed on the boundary of
the open field.

(2) The reconstructed image is obtained in the conformal circular domain according to the boundary
voltage measurement.

(3) The conductivity distribution image of the open field is mapped from the conformal circular
domain by the mapping relation [18].

2.2. Focusing Sensor Design

In previous studies, for two-dimensional OEIT, the most commonly used sensor is the uniform
sensor. As shown in Figure 1, electrodes of the same size are fixed at the boundary of the observation
domain. This simple electrode configuration allows the observation of conductivity changes in the
open field. However, in previous studies, we found that the reconstruction quality of uniform sensor
for inclusions near the electrode region and those far from the electrode was relatively poor [18].
Figure 2 shows the mapping of inclusions and electrode positions after conformal transformation based
on the conventional uniform sensor structure. Five inclusions of the same size are located at different
locations in the observation field. As the inclusions move away from the electrode, their mapping
moves to the right semicircular domain, and the relative size increases first and then decreases rapidly.
When the uniform sensor in the open field is mapped to the conformal circular domain, the electrode
position will be offset, resulting in a sparse electrode distribution on the boundary of the left semicircle
domain. When the inclusion near the electrode area is mapped to the conformal circular domain, it is
located in the left semicircular domain and the size is relatively enlarged. In this situation, the uniform
sensors do not provide a good reconstruction of the inclusions. Therefore, we focus on the high
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resolution reconstruction in the near electrode region and a focusing sensor optimization scheme based
on conformal transformation is proposed.

Figure 2. Mapping of inclusions and electrode positions after conformal transformation based on
conventional sensor structure.

According to the conformal transformation method, the point (x, y) of the infinite upper half plane Ω
can be mapped to the point (u, v) in unit circular domain D one by one, the transformation mapping is [22]:

w =
(1 + z)
(1− z)

i (3)

where z = x + yi and w = u + vi. In the meantime, the point (u, v) in unit circular domain can be
mapped to point (x, y) in the infinite upper half plane by:

z =
w− i
w + i

(4)

The realization of the proposed focusing sensor is to map the uniform sensor distribution in
the circular domain to the infinite upper half plane through the above mapping relations. Figure 3
shows the process of conformal transformation from the unit circular circle domain to upper half plane.
After conformal transformation, the electrode arrangement of focusing sensor expands from the center
to both sides, and the electrode spacing also expands.

(a) Before transformation (b) After transformation 

Figure 3. Conformal transformation from unit circular domain to upper half plane.

Since the sensor with uniform distribution in the circular region also has a higher sensitivity
distribution in the left semicircle, the proposed focusing sensor in the open region can improve the
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sensitivity to the change of conductivity in the near electrode region, which is conducive to the
realization of high-resolution reconstruction in the near electrode region.

2.3. Forward Problem Solutions

For the solution of EIT, the forward problem is to calculate the boundary voltages from a given
conductivity distribution. The forward model is established in EIDORS [23] and solved by the BEM
method [24,25]. For the uniform sensor, 16 × 6 mm wide electrodes are evenly placed at the range of
[−10, 10] of x-axis and the region of imaging is set to be [−10, 10] of x-axis and [0, 10] of y-axis. For the
proposed focusing sensor, according to the above mapping relation, different electrode widths are
calculated, and the electrodes are arranged at the center boundary of the open boundary. The region of
imaging is set to be the same as the uniform sensor.

2.4. Inverse Problem Solutions

The inverse problem is solved by FEM method [26]. As shown in Figure 4, the mesh of the
open image region is transformed from the uniform mesh in circular field according to the conformal
mapping relation. The imaging region is a part of open field, thus the mesh is also a part of the circular
field mesh. The color in the figure indicates the area of different grids. The total number of mesh is
850 grids. In this way, the mesh density in the near-electrode region can be greatly improved, which is
helpful to realize high-precision image reconstruction.

Figure 4. Inverse problem mesh based on conformal transformation.

The inverse problem is to estimate the conductivity distribution from boundary voltage
measurements. In EIT, absolute imaging and difference imaging are commonly used for image
reconstruction. In this research, the difference image approach is used, which helps to suppress the
effect of contact impedance. The reconstruction problem is not well-posed as there is not a single valid
solution and small changes in input mean big changes in the output. Also the physics of electric field
means that the inverse problem is also ill-conditioned [27]. In this condition, regularization methods
have been proved to work well towards these problems which usually have a formal minimization
objective function as:

‖Jh− b‖22 + λG(h) (5)

where J is the sensitivity matrix, b is the difference of the boundary voltage measurement vector
between the reference field and the object field, h is the conductivity distribution to be solved, λ
is the regularization factor. Tikhonov regularization algorithm [28] is a widely used non-iterative

167



Sensors 2019, 19, 2060

regularization algorithm. The penalty term of Tikhonov regularization is G(h) = ‖h‖22. According to
the Gaussian Newton method [29], the conductivity image h is estimated by the following
one-step reconstruction:

h =
(
JT J + λI

)−1
JTb (6)

where I is an identity matrix. The image reconstruction quality depends on the selection of the
regularization factor λ. The value is used to affect how much the penalty term controls the final
solution. Although there exists the theoretical optimal solution of λ, they are usually computational
intensive and cannot be used for the real-time imaging. Here, the selection of the regularization factor
λ is mainly based on the empirical method.

3. Results

The proposed focusing sensor is evaluated by both numerical simulation and experimental study.
Simulation is carried out using Matlab with EIDORS on a PC equipped with a 3.2 GHz Intel Core
i5 processor.

3.1. Numerical Simulation

3.1.1. Boundary Measurement Consistency in Transformation Domain

In order to simulate the open region, the forward model should be very large to satisfy the
potential distribution of an open area. Due to the limitation of the computational cost and the actual
application, the forward model can’t be infinite. Considered the simulation precision and calculation
cost, according to the previous research in [18], for the forward problem, the modeling region is set to be
[−40, 40] on the x-axis and [0, 40] on the y-axis. Figure 5 shows the boundary potential measurements
of the reference field based on the open modeling region and its conformal circular domain. The blue
line with circle dot is the boundary potential of reference field based on the open modeling field, while
the red dots are the boundary potential based on the conformal circular domain. It can be seen that
the boundary measurements of open field are almost consistent with the conformal circular domain.
It can be proved that the focusing sensor has same physical properties as its conformal circular domain.
At the same time, because the focusing sensor is mapped by the uniform sensor in the conformal
circular domain, its boundary potential measurements of each channel is consistent.

Figure 5. Boundary potential of reference field based on the open modeling region and its conformal
circular domain.

The distribution of sensitivity fields based on the focusing sensor and the traditional uniform
sensor are illustrated in Figure 6. The sensitivity distribution indicates the sensitivity of the boundary
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voltage response to the variation of conductivity at every pixel in the imaging region. The sensitivity
at a certain imaging pixel is defined as the Euclidean norm of the Jacobian values at this pixel [30].
The large values represent the change of conductivity at this pixel will cause a large change in boundary
voltage response, while the small values represent a low sensitivity to the conductivity variation.
As shown in Figure 6, the sensitivity distribution is mapped from the conformal circular domain. It can
be seen that the sensitivity distribution of the focusing sensor has higher sensitivity in the central region
near the electrodes, and the sensitivity is decreasing rapidly with respect to the direction away from
the electrodes. As for the sensitivity distribution of the uniform sensor, the area near the boundary on
both sides of the electrodes has high sensitivity. However, the sensitivity distribution in the region
near the central electrode is relatively low. According to the comparative result, the focusing sensor is
much more sensitive in the central region compared with the uniform sensor. That means the focusing
sensors make it easier to detect small changes in electrical conductivity near the central electrode
region. This has certain significance for improving the resolution of OEIT detection in the central
region near the electrodes.

(a) (b) 

Figure 6. The distribution of sensitivity fields based on (a) focusing sensor and (b) uniform sensor.

3.1.2. Quantitative Index

To characterize the performance of the focusing sensor compared with the uniform sensor, a series
of simulation test are carried out. Then a series of metrics were used to assess the quality of the
reconstructed images. The descriptions of these metrics are as follows:

• Resolution (RES) measures the ratio of the number of pixels in inclusions to the total number of
pixels, as shown in (7). In the reconstructed images, the reconstructed inclusions are segmented
from the reconstructed images by using a threshold of 75% maximum pixel amplitudes [31].
The total number of pixels represents the area of the region of interest for imaging. In this article,
RES is used to measure the relative resolution of the focusing sensor and conventional uniform
sensor. A smaller RES means the reconstructed image has high resolution for a similar inclusion:

RES =

√
Aq
An

, (7)

where Aq is the number of pixels in inclusions, An is the total number of pixels of the image region.
• Resolution ability (Ra) is defined as the measurement ability of distinguish between multiple

inclusions. Figure 7 illustrates the schematic diagram of Ra with two inclusions as an example.
The bottom row shows the reconstructed image, while the top row plots the amplitude across
a row through the center of the multiple simulation inclusions. Ra compares the relationship
between the amplitude at the midpoint of the centers of the two inclusions and the 75% maximum
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pixel amplitudes to measure whether the two inclusions can be clearly distinguished in the
reconstructed image. The definition of Ra is shown in (8):

Ra =
hm − 0.75hmax

hmin − 0.75hmax
, (8)

where hm is the amplitude value at the midpoint of the centers of the two inclusions, hmax and hmin

is the maximum and minimum value of the amplitude across the row through the center of the
multiple simulation inclusions. For a certain reconstructed image, a Ra greater than 0 indicates that
multiple inclusions can be distinguished; a Ra closer to 1 indicates a stronger ability to distinguish
inclusions; while a Ra less than 0 indicates that multiple inclusions cannot be distinguished.

• Average gradient (Ag) is defined to measure the steepness of the multiple reconstructed inclusions
boundary. As shown in Figure 7, Ag calculates the mean of the absolute value of gradient of the
reconstructed pixels between the centers of the multiple simulation inclusions. The definition of
Ag is shown in (9):

Ag = ave

⎛⎜⎜⎜⎜⎜⎝
t∑

s=1

∣∣∣∣∣∣h(c1 + sΔc) − h(c1 + (s− 1)Δc)
Δc

∣∣∣∣∣∣
⎞⎟⎟⎟⎟⎟⎠, (9)

where t = c2−c1
Δc . Δc is the length between adjacent pixels. A large Ag means a large relative

steepness of the reconstructed inclusion boundary.

Figure 7. The schematic diagram of Ra and Ag with two inclusions.

In the meanwhile, the relative image error (RE) and the correlation coefficient (CC) between the
true conductivity distributions and reconstructed images are also determined. The definitions of the
RE and CC can be seen in (10) and (11), respectively [32]:

RE =

∥∥∥hq − h
∥∥∥

‖h‖ × 100%, (10)

CC =

P∑
i=1

(hi − h)(hqi − hq)√
P∑

i=1
(hi − h)

2 P∑
i=1

(hqi − hq)
2

, (11)
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where hq is the normalized conductivity vector of reconstructed distribution, hqi is the i-th element in
the vector hq; and h is the normalized conductivity vector of a true distribution, hi is the i-th element in
the vector h; P is the length of the conductivity vector. For a good reconstruction performance, RE
should be low and CC should be relatively high.

3.1.3. Reconstruction Analyses of Multiple Positions

During the simulation tests of a single target, highly conductive circular inclusions with diameter
of 2–10% of the region width are simulated. The evolutions of the target inclusion with respect to the
vertical, horizontal and oblique positions are shown in Figure 8a. In each direction, the inclusions of
each size traversed 50 different positions. Direction 1 is the evolution of the horizontal direction near
the electrode region and the central coordinate change range is from (0, 1) to (8.5, 1). Direction 2 shows
the evolution along the diagonal direction of the field domain and the end of the central coordinate is
(−8.5, 1.5). Direction 3 is the evolution keeping away from the center electrode along the vertical direction,
and the central coordinates of the inclusions change from (0, 1) to (0, 8.5). During the simulation of double
targets, two high conductivity circular inclusions with diameter of 6% of the region width are simulated.
The evolution of the target inclusions is along the horizontal direction, and 40 positions are simulated along
that direction, as shown in Figure 8b. At each location, the distances between the centers of two inclusions
were selected as 0.7, 1.1, and 1.5, respectively, and the degrees of differentiation of the two inclusions
measured by different sensors were calculated at each location along with the distance of the inclusions.

(a) (b) 

Figure 8. Traces of inclusions involved in dynamic tests: (a) single inclusion; (b) double inclusions.

Figure 9 shows the evolutions of minimum RES with respect to the inclusion positions in the
single target simulations. The minimum RES means the resolution of the smallest inclusions that can be
reconstructed by two sensors for different sized inclusions for the same location. A small RES indicates
that the sensor is better at recognizing small sized inclusions. The red lines show the minimum RES
performance of the uniform sensor, while the blue lines are the performance of the proposed focusing
sensor. The green dotted line indicates the 10% resolution, which is usually considered as the normal
resolution for EIT. The solving process uses the Tikhonov regularization algorithm. The regularization
parameters are determined by an empirical method and they are invariant during each evolution
process. As shown in Figure 9, in Direction 1, along with the position of the target moving to the side
boundary of the region, the performance of the focusing sensor has more stable and smaller RES, it is
better than the uniform sensor in almost all cases. When the inclusions are located in the central region,
the resolution of the uniform sensor for the small inclusions is almost stable at 10%, while the minimum
resolution of the focusing sensor is up to 2%. During the traversal process of Direction 1, the minimum
RES of the focusing sensor is significantly smaller than that of the uniform sensor, and is less than 10%
at most positions. This indicates that the focusing sensor can realize high resolution reconstruction of
small size inclusions in the near-electrode region, that is, smaller size inclusions can be reconstructed
by the focusing sensor. As the inclusion moves from the center to the boundary and gradually away
from the electrode with respect to the oblique direction, as shown in Direction 2, a similar conclusion
can be reached. When the inclusions are close to the electrode area, the minimum resolution of the
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focusing sensor has a significant advantage, which is basically less than 10%. However, as the inclusion
moves away from the electrode and is located near the side of the imaging area, the focusing sensor
gets worse results than the uniform sensor. That means the focusing sensor has poor resolution for
inclusions far from the electrode. During the evolution of Direction 3, it can be seen that the focusing
sensor has smaller RES than the uniform sensor when the inclusion is near the electrode, which means
the focusing sensor can reconstruct smaller inclusions in this situation. When the inclusion moves
away from the central electrode, the difference in RES between the two sensors is decreasing. To sum
up, the proposed focusing sensor has significant advantages in the reconstruction of small inclusions
near the electrode area compared with the uniform sensor. In the simulation tests, the minimum RES
of the focusing sensor can up to 2%, which is a significant improvement over conventional uniform
sensors. Meanwhile, as shown in Figure 9, when the position number is lower than 15, it can be
seen the minimum resolution of the focusing sensor in different traversal directions is better than the
uniform sensor, which roughly determines that the high-resolution imaging area of the focusing sensor
is [−2.5, 2.5] on the x-axis and [0, 2.5] on the y-axis. However, the results also show that the focusing
sensor has poor resolution for the inclusions that are far away from the central electrode region and
near the boundary.

Figure 9. The evolutions of minimum RES with respect to the inclusion positions: 1�, 2� and 3� denotes
the evaluations at Direction 1, 2 and 3, respectively.

Figure 10 shows the evolution of Ra with respect to the inclusion positions in the double targets
simulations. This simulation compares the ability of two sensors to distinguish multiple inclusions
in the near-electrode region. In Figure 10, the top image is the Ra of the focusing sensor, while the
bottom image is the Ra of the uniform sensor. The d is the distance between the centers of two targets.
The horizontal black dotted line indicates the zero value of Ra. If the value is above 0, the higher the
value is, the stronger the ability to distinguish between the two inclusions is. If the value is lower
than 0, it cannot distinguish the two inclusions. As it can be seen from Figure 10, when the inclusions
are located near the central electrodes region, the focusing sensor can distinguish the two inclusions
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with a center distance of 0.7, while the uniform sensor can only distinguish the two inclusions with a
center distance of 1.5. As the inclusions move away from the central region, the ability of the focusing
sensor to distinguish close inclusions gradually weakens. However, the uniform sensor can hardly
distinguish two inclusions that are close to each other. When the position number is lower than 15,
the Ra of the focusing sensor is better than the uniform sensor, which is consistent with the simulation
results of the minimum resolution of a single inclusion. In summary, the proposed focusing sensor,
compared with the uniform sensor, has a high resolution in the near center electrode region and a
strong ability to distinguish the two inclusions in close proximity. According to the above simulation
results, the focusing region of the proposed focusing sensor is about [−2.5, 2.5] on the x-axis and [0, 2.5]
on the y-axis.

(a) 

(b) 

Figure 10. The evolutions of Ra with respect to the inclusion positions based on (a) focusing sensor
and (b) uniform sensor.

Figure 11 shows the reconstructed results of the single circle target with same size distributed at
different positions that are gradually away from the electrode with respect to the oblique direction.
In this simulation, the conductivity of the single circle target is 2 S/m, while the background conductivity
is 1 S/m. In the meanwhile, Figure 11 also gives the position of the phantom in the conformal circular
domain. Compared the reconstructed results of the focusing sensor and the uniform sensor, it can
be shown that when the target positions are close to the central electrodes (T1), the focusing sensor
leads to better reconstructed results both in location and shape of the circle target and has the highest
reconstruction image quality, while the reconstructed image of the uniform sensor has some distortion
for the size and shape of the circle target. As the target moves away from the central electrode and
close to the boundary, the reconstructed image of focusing sensor becomes bad and gradually worse
than that of the uniform sensor. Therefore, the subsequent simulation focused on the comparison of
the imaging results of the two sensors in the area near the central electrodes.
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Figure 11. Reconstruction results of single target based on uniform and focusing sensors.

Figure 12 shows the reconstructed results of double targets with different size and different
distance based on the uniform sensor and the focusing sensor. T5 and T6 are two conductive inclusions
with same radius of 0.5 and at different distance from each other. It can be seen that when two
inclusions are far apart (T5), both sensors can distinguish the two inclusions. When the two inclusions
are close to each other, they cannot be distinguished in the reconstructed image of the uniform sensor.
In this case, the reconstructed results of uniform sensor can only reflect the presence of the inclusions,
but does not distinguish the number and size of the inclusions. However, from the results of the
focusing sensor, he number and size of the inclusions can be distinguished clearly. Then the size
and distance of the inclusions are gradually decreased, as shown in T7 and T8. Due to the small size
of the inclusions, the distribution of T7 and T8 and the reconstruction results are locally amplified
in Figure 13a. T7 shows two conductive inclusions with same radius of 0.2 and relatively close to
each other. It can be found that the uniform sensor cannot get a good performance for the two small
inclusions and the reconstructed image is similar to the image of T6, which means the uniform sensor
cannot distinguish the two small inclusions. However, the focusing sensor has a great performance in
this case and the number and size of the inclusions can be clearly distinguished. T8 is two conductive
inclusions with the same radius of 0.1 and closer to each other. In this case, the uniform sensor can
only reconstruct a large region of conductivity changes and the exact distribution of the inclusions
is unknown. On the contrary, the focusing sensor still has great reconstruction quality, and it can
represent well not only the size of the inclusions, but also the location of the inclusions. In this case,
the focusing sensor has a minimum resolution of 2%.

A quantitative analysis of these reconstruction results is shown in Table 1. As it can be seen
from the table, in all four cases, the results of the focusing sensor have better Ra than the uniform
sensor. Except for T5, the Ra of the uniform sensor is negative, which means the uniform sensor
cannot distinguish small inclusions that are close to each other. Ag measures the steepness of the
multiple reconstructed inclusions boundary. When the inclusions are far from each other, the Ag
values obtained by the two sensors are similar. When the size and distance of the inclusions are
gradually decreased, the reconstruction results of the uniform sensor can no longer distinguish the two
inclusions, and then Ag of the focusing sensor becomes much larger than that of the uniform sensor.
Therefore, the focusing sensor has strong resolution ability for the inclusions located in the area nearby
the central electrodes. Meanwhile, the results based on the focusing sensor have lower RE and higher
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CC in almost all simulated situations. This means that the images of the focusing sensor show better
image quality and reconstruction accuracy. Moreover, as the inclusion size and spacing decreases,
the advantages of focusing sensor become more and more obvious.

Table 1. Quantitative analyses of the reconstruction results shown in Figure 12.

T5 T6 T7 T8

Uniform Focusing Uniform Focusing Uniform Focusing Uniform Focusing

Ra 0.642 0.813 −0.132 0.611 −0.149 0.545 −0.217 0.498
Ag 4.531 6.045 0.728 12.145 0.538 14.266 0.911 28.644
RE 0.132 0.143 0.177 0.101 0.233 0.131 0.250 0.089
CC 0.855 0.872 0.780 0.842 0.750 0.851 0.714 0.887

In order to explore the performance of different sensors in the presence of noise, T7 and T8 are
simulated in the case of no noise and 40dB SNR noise, respectively. The result is shown in Figure 13.
The uniform sensor results have deformations in the shape of the inclusions and cannot distinguish the
two inclusions. On the contrary, the result of the proposed focusing sensor has less deformation and
can reflect the actual circumstances of the circle target. In the meantime, when 40 dB SNR random noise
is added to the simulation data the uniform sensor leads to bad results in which the reconstructed target
has large distortion and image artifacts. However, under the influence of noise, the focusing sensor
can reconstruct the true distribution of inclusions, especially for small inclusions close to each other.

 
Figure 12. Reconstruction results of double targets based on uniform and focusing sensors.
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(a) noise free 

 
(b) 40 dB SNR 

Figure 13. Reconstruction results of double targets based on uniform and focusing sensors with noise
free data and 40 dB SNR data.

Table 2 shows the quantitative analyses of these reconstructed results. The results of the proposed
focusing sensor have lower RE and higher CC in all of the tested phantoms compared with the uniform
sensor results. In these cases, the Ag of the focusing sensor is much better than the uniform sensor
and the Ag becomes larger as the size and distance of the inclusions decrease. This indicates that the
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boundary of the inclusions reconstructed by the focusing sensor is steep, and the steepness increases
with the decrease of the distance between inclusions. Meanwhile, the Ra of the proposed focusing
sensor are obviously better than the uniform sensor results, which means that under the influence of
noise, the focusing sensor can still reconstruct multiple small inclusions located at the area near the
central electrodes. Moreover, the reconstructed images of the focusing sensor have less image artifacts
and higher reconstruction quality compared with the uniform sensor ones.

Table 2. Quantitative analyses of reconstruction results shown in Figure 13.

Noise Free 40 dB SNR

T7 T8 T7 T8

Uniform Focusing Uniform Focusing Uniform Focusing Uniform Focusing

Ra −0.149 0.545 −0.217 0.498 −0.161 0.441 −0.117 0.312
Ag 0.538 14.266 0.911 28.644 0.507 13.889 0.912 28.627
RE 0.233 0.131 0.250 0.089 0.251 0.142 0.370 0.136
CC 0.750 0.851 0.714 0.887 0.678 0.788 0.623 0.811

3.1.4. Reconstruction Results Combining the Focusing Sensor and Uniform Sensor

The former discussion shows the focusing sensor can reconstruct smaller targets near the central
electrode, but its reconstructed results for targets far away from the electrodes are worse than those of
the uniform sensor. Therefore, if a measurement of the same object was taken using each individual
sensor, in the same environment and in the same location then it could be assumed that all of the
measurements were from one device rather than individual sensors. The reconstruction could then use
all of the combined measurements in order to reconstruct the conductivity distribution. There are two
ways to fuse the data from two different sensors. The first method (Method 1) is to directly superimpose
the reconstructed images of the two sensors. The second method (Method 2) is to combine all of the
measurements from two sensors and then the augmented sensitivity matrix is used to solve the same
solution vector. This means that each calculation now uses 2 × 208 measurements, where 208 is the
number of measurements of each sensor. This improves the overall solution as more measurements
are used to calculate the same number of answers.

Figure 14 shows reconstructed results of two different phantoms based on each individual sensor
as well as the two data fusion methods. When there exists a small inclusion close to the electrode and
large inclusions far from the electrode, the reconstructed image of focusing sensor can clearly recognize
the two small inclusions that are close to the electrode and close to each other, but the large inclusion
far from the electrode can hardly be recognized. On the contrary, the uniform sensor can reconstruct
the large inclusion far from the electrode, but cannot recognize the two small inclusions that are close
to the electrode. Through the data fusion of two different sensors, from the reconstructed image, it can
be found that the combination of two measurement data can effectively improve the reconstruction
quality of multiple inclusions. Method 1 and Method 2 can both reconstruct the multiple inclusions
compared with the reconstructed results of each individual sensor. These results indicate that the
fusion of the measurements from two sensors can not only realize high-resolution reconstruction of
multiple inclusions near the electrode, but also realize high-quality reconstruction of distant inclusions.
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(a) phantom 1 

(b) phantom 2 

Figure 14. Reconstructed results of two different phantoms from focusing sensor, uniform sensor,
and two fusion methods.

3.2. Experimental Analysis

To further test the performance of the proposed focusing sensor, a set of experimental studies
are carried out. The experimental equipment is show in Figure 15. It consists of a rectangular tank
and a data acquisition system. The EIT system was developed in Tianjin University, China. It is
a sixteen-channel high-speed serial data acquisition (DAQ) system [33]. The rectangular tank is
80 cm in length and 40 cm in width, which is used to simulate the open region. For the proposed
focusing sensor, the electrodes are 16 copper plates with different widths which are consistent with the
simulation settings. They are placed on the central boundary of the rectangular tank. Table 3 shows
the actual dimensions of the focusing sensor electrodes used in experimental studies. For comparison,
the electrodes of the uniform sensor are 16 copper plates with 6 mm width and they are uniformly placed
on the central boundary of the rectangular tank. According to the simulation results, the imaging region
is focused on the shallow region near the electrodes. Thus, the region of interest is set to 20 cm in length
and 10 cm in width. Figure 16 shows the schematic diagram of the region of interest. The experiments
are conducted by placing different size of plastic (nonconductive) or metallic (conductive) rods placed
at different locations. Na2SO4 solution with a conductivity of 6.22 × 10−2 S/m is selected as the
background medium.
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Figure 15. The experimental system for OEIT.

 

Figure 16. The schematic diagram of the region of interest.

Table 3. The actual dimensions of the focusing sensor electrodes used in experimental studies.

Electrode Number
1 2 3 4 5 6 7 8

(16) (15) (14) (13) (12) (11) (10) (9)

Length (mm) 110 15.5 6.0 3.5 2.6 2.0 1.7 1.5

The experimental results of different phantoms based on the proposed focusing sensor and
uniform sensor are shown in Figure 17. The inclusion of E1 is an aluminum rod of 10 mm diameter,
while E2 is a nylon rod with 3 mm diameter. The two inclusions are set at the region near the central
electrode. The test aims to compare the ability of reconstructing the small inclusion as well as the
resolution of the two sensors. From the reconstructed results, it can be found that the focusing sensor
shows better performance than the uniform sensor and the recognition ability of conventional uniform
sensors for small sized inclusions is poor, even if the inclusions are located near the electrode area.
For the 10 mm diameter aluminum rod (E1), the focusing sensor can reconstruct the position and
shape of the inclusions with high accuracy, while the uniform sensor can only reconstruct the general
area of conductivity variation with large image artifacts. When the size of the inclusions is reduced
to 3 mm (E2), the uniform sensor cannot reconstruct the conductivity variation, while the focusing
sensor can still reconstruct the inclusion clearly. The above results shows that the proposed focusing
sensor is more sensitive to small conductivity changes in the near electrode region and the focusing
sensor can improve the reconstruction resolution to at least 3% in the near central electrodes region.
E3 and E4 show the experimental results for double inclusions, which is to test the ability of different
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sensors to distinguish multiple inclusions in close proximity. E3 is two same sizes of 10 mm aluminum
rods located near the electrodes. The uniform sensor still can only reconstruct the blurred image and
the inclusions are not clearly identifiable. However, the two inclusions can be clearly distinguished
from the reconstruction image of focusing sensor, although the reconstructed inclusions have slight
deformation. E4 shows two same size nylon rods with 5 mm diameter and closer to the electrodes,
the reconstruction result of focusing sensor is significantly better than that of the uniform sensor.
The uniform sensor cannot recognize small size inclusions, while focusing sensor can not only recognize
two small size inclusions that are lose to each other, but also reconstruct them with a high accuracy.
Table 4 shows the quantitative analyses of the experimental reconstruction results. The quantitative
analyses shows that the results of focusing sensor can reach higher CC and lower RE compared with
the results of uniform sensor for all the experimental reconstruction images. The above results show
that the proposed focusing sensor has higher sensitivity and reconstruction accuracy to small size
inclusions in the near-electrode region. Compared with the uniform sensor, the focusing sensor has
better reconstruction quality and higher reconstruction accuracy for small conductivity changes in the
focusing region. The experimental results show that the resolution of the focusing sensor can reach 3%
in the near center electrode region.

Figure 17. Experimental results from proposed focusing sensor and uniform sensor with
Tikhonov regularization.

Table 4. Quantitative analyses of experimental reconstruction results shown in Figure 17.

E1 E2 E3 E4

Uniform Focusing Uniform Focusing Uniform Focusing Uniform Focusing

RE 0.314 0.150 0.238 0.093 0.271 0.164 0.325 0.137
CC 0.681 0.879 0.713 0.895 0.737 0.828 0.632 0.841

To further test the performance of the proposed focusing sensor and the two different data
fusion methods, an experimental phantom is carried out and compared under different methods.
The phantom is two 5 mm nylon rods located near the central electrodes and a 25 mm nylon rod far
away from the electrodes. Figure 18 shows the reconstructed results based on each individual sensor
and the two data fusion methods. The experimental results are consistent with the simulation results.
The focusing sensor has high resolution ability in the focusing region. It can reconstruct small targets
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in the area near the electrodes, but its reconstructed results for the target far away from the electrodes
are worse than the uniform sensor. However, the uniform sensor can hardly reconstruct the two small
targets when there has a large inclusion far away from the electrodes. The situation is improved
through the data fusion method 1. From the results, Method 1 can basically present small inclusions
near the electrode and large inclusions far from the electrode. However, the results of Method 2, which
has severe deformation and image artifacts, are relatively poor. This is because in the experimental
environment, uncertain noises and errors will increase the difficulty of data fusion under different
sensors. Therefore, Method 2 adopts the method of solving the same solution matrix, which will
increase the ill-posedness of the solution. Method 1 solves the optimal solution under each sensor
and then fuses the image. By this method, the conductivity distribution of the measured field can be
reconstructed more accurately. Because the data fusion method proposed in this paper combines the
advantages of the two sensors, this method may have the possibility of realization in some application
fields. For example, in the surface geological exploration and landmine detection, these two sensors
could be used to scan the same static object, successively. Then these two kinds of data could be fused
to reconstruct the same object.

Figure 18. Experimental reconstructions from focusing sensor, uniform sensor, and two fusion methods.

4. Conclusions

A new sensor design based on conformal transformation for OEIT is proposed to improve the
image reconstruction quality and low reconstruction accuracy of OEIT. The proposed focusing sensor is
derived from the uniform distribution of electrodes in the conformal circular domain through conformal
transformation method. The numerical results show that compared with the conventional uniform
sensor, the proposed focusing sensor can achieve high resolution reconstruction of the inclusions near
the central electrode with a minimum resolution of 2%. The evolution results roughly determine
the high-resolution imaging area of the focusing sensor is [−2.5, 2.5] of x-axis and [0, 2.5] of y-axis.
Moreover, the focusing sensor can distinguish small sized inclusions that are close to each other in the
focusing region and reconstruct them with high quality. Qualitative and quantitative results show that
the results of the proposed focusing sensor have smaller minimum resolution and higher resolution
ability when the position of target is near the central electrodes. The experimental results show that
the resolution of the focusing sensor can reach 3% in the near center electrode region. The data fusion
methods of the two sensors are also discussed. The experimental results show that the method that
solves the optimal solution under each sensor and then fuses the image can lead to better results
compared with the method of solving the same solution matrix. However, the proposed method can
be used for scanning imaging based on a one-dimensional linear electrode array at present, and the
method of constructing two-dimensional focusing electrode arrays is still the main topic of future
research. Future work will focus on the construction of two-dimensional electrode array as well as the
further improvement of the reconstruction algorithms.
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Abstract: Calderon’s method has been successfully used for the direct image reconstruction in
electrical capacitance tomography. In the method, the truncation radius adopted in numerical
integral greatly influences the reconstruction results. In the past, the truncation radius is selected as a
constant empirically according to the permittivity distribution pattern and noise level. In this paper,
the influence of the truncation radius in Calderon’s method on the reconstruction results was first
analyzed by numerical simulation. Then, a strategy for adaptive selection of the truncation radius was
proposed. The amplitude information of the elements in the scattering transform matrix computed
from the Dirichlet-to-Neumann (DN) map was used to determine the range for the truncation radius
selection, and the phase information was further used to select a proper truncation radius value
within this selection range. Finally, experiments were carried out to verify the strategy. Experimental
results showed that small relative image error and good visual effect could be obtained by using the
truncation radius selected by the proposed strategy.

Keywords: electrical capacitance tomography; industrial process tomography; direct image
reconstruction; Calderon’s method; truncation radius

1. Introduction

Electrical capacitance tomography (ECT) is an imaging technique to obtain the permittivity
distribution in the region of interest from capacitance measurements on the external boundary [1].
The ECT technique has been developed since the 1980s and widely used for process monitoring
in industrial applications, e.g., two-phase flow [2–4], fluidized beds [5] and flame monitoring [6,7].
Compared with other process tomographic techniques based on ultrasound, optics, X-ray and
gamma-ray, it has several advantages including low cost, rapid response, good portability and
radiation-free [8]. A typical ECT system usually consists of three main parts [9]: (1) An ECT sensor,
(2) a data acquisition and processing unit, and (3) a computer for image reconstruction.

With the ECT data acquisition system, the capacitances between every two electrodes of the
ECT sensor can be measured [10]. Then the permittivity distribution can be reconstructed by using
a suitable reconstruction method. Because of the ‘soft-field’ property, the image reconstruction in
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ECT, i.e., recovering permittivity distribution from surface capacitance measurements, is a non-linear
inverse problem and is severely ill-posed [11]. Therefore, the performance of image reconstruction
method is crucial to ECT.

In the literature, most image reconstruction methods are implemented based on the sensitivity
theorem [12], e.g., the one-step methods including linear back projection (LBP) method [13], Tikhonov
method, singular value decomposition (SVD) method [14] etc., and the iterative methods including the
Landweber method [15], algebraic reconstruction technique (ART) method [16], etc. These methods
have been widely used in many applications. However, the intrinsic ‘soft-filed’ property of ECT in the
sensing region is ignored in these cases [17].

Besides the sensitivity-based methods, another one-step method for direct image reconstruction
is introduced by Calderon [18] and has been successfully applied in ECT [17,19,20]. Unlike the
sensitivity-based methods, the boundary map matrix is used in the Calderon’s method and the
two-dimensional Fourier transform is applied to reconstruct the perturbations of the permittivity
distribution. Calderon’s method can provide the gray value at any pixel of the reconstructed image
using a direct and independent approach. It is time-saving as no matrix inversion or iterative process
is involved [19].

Several parameters need to be determined when using the Calderon’s method, i.e., the number of
electrodes, integral nodes and truncation radius used in the numerical integral. (1) If more electrodes
are used in ECT, the quality of the reconstructed image can be improved, but the hardware burden
will increase. The number of electrodes is generally selected as 12 or 16. (2) More integral nodes will
increase the accuracy of the integral process but result in a long computing time. In our previous
study, the number of integral nodes was selected as 30 [21]. (3) Increasing the truncation radius
will increase the high-frequency components in the reconstructed image, but also increase the image
noise. In practical applications, the truncation radius is usually set as a constant empirically at
present. However, when we apply the Calderon’s method to the monitoring of industrial processes,
e.g., two-phase flows [22], the selection of initial truncation radius greatly influences the reconstructed
results and the recognition of flow patterns. For example, it is appropriate to choose a small truncation
radius for laminar flows and a large truncation radius for core-type flows. Since the true distribution is
usually unknown, it is difficult to select a suitable truncation radius. Therefore, it is necessary to find a
method to adaptively select the truncation radius with respect to different permittivity distributions.

In this paper, the basic fundamental of the Calderon’s method is first presented. Then numerical
simulations are carried out to analyze the influences of the truncation radius in the Calderon’s method
on the reconstructed results with four typical permittivity distributions. A method is proposed to
adaptively select the truncation radius using the amplitude and phase information of the scattering
transform, which can improve the applicability of the Calderon’s method.

2. Calderon’s Method for Direct Image Reconstruction in ECT

For ECT, the governing equation of the sensing field, denoted by Ω, is:

∇ · ε(z)∇ϕ(z) = 0 (1)

where z represents the point with coordinates (x, y). ε(z) and ϕ(z) are the permittivity and electrical
potential at z. Figure 1 shows a typical ECT sensor.

According to the divergence theorem, the relationship between the integrals of the spatially
varying permittivity and voltage and current measurements on the boundary is:

∫
Ω
υ(z)∇ · ε(z)∇ϕ(z)dz =

∫
∂Ω
υ(z)ε(z)

∂ϕ(z)
∂n

dl−
∫

Ω
∇υ(z) · ε(z)∇ϕ(z)dz = 0 (2)

where υ(z) is an arbitrary continuous function in L2-space and dl is the measured arc length on
the boundary.

185



Sensors 2019, 19, 2014

The Dirichlet-to-Neumann (DN) map takes the given voltage distribution on the boundary to
the current density distribution, which is also called the voltage-to-current-density map and can be
expressed as:

Λε : ϕ(z)|∂Ω → ε(z)
∂ϕ(z)
∂n
|∂Ω (3)

where Λε denotes the DN map when Ω contains ε(z). Equation (2) can be rewritten as:∫
Ω
ε(z)∇υ(z) · ∇ϕ(z)dz =

∫
∂Ω
υ(z)Λε[ϕ(z)]dl (4)

For a disturbed permittivity ε(z) = 1 + δε(z), if this change only exists in Ω and ϕ1+δε(z) ≈ ϕ1(z),
we obtain: ∫

Ω
δε(z)∇υ(z) · ∇ϕ1(z)dz ≈

∫
∂Ω
υ(z)(Λ1+δε −Λ1)[ϕ1(z)]dl (5)

In Calderon’s method, we construct that ϕ1(z) = eikz and υ(z) = ei
−
kz. The right side of Equation (5)

is defined as the scattering transform, t(k), and k = k1 + ik2. Then Equation (5) becomes:

t(k) ≈
∫

Ω
δε(z)∇υ(z) · ∇ϕ1(z)dz = −2(k2

1 + k2
2)

�
Ω

δε(x, y)e−i(−2k1,2k2)·(x,y)dxdy (6)

here, the scattering transform can be regarded as the two-dimensional Fourier transform of the
permittivity distribution.

Then the permittivity change can be obtained by using inverse Fourier transform,

δε(x, y) ≈ 1
2π2

�
R2

t(k1 + ik2)

k2
1 + k2

2

ei(−2k1,2k2)·(x,y)dk1dk2 (7)

In the polar coordinates of parameters r and θ, Equation (7) can be rewritten as:

δε(x, y) ≈ 1
2π2

∫ R

0

∫ π

−π
t(reiθ)

r
ei2r(−cosθ,sinθ)·(x,y)dθdr (8)

where R is the truncation radius of the region used in the numerical integral.
The scattering transform has been approximated and linearized to provide practical and simpler

implementations in the D-bar method [23]. Since Calderon’s method is an approximation of the D-bar
method, the approximation method of scattering transform t(k) is also used here. When we consider
the noise in practical measurements, t(k) needs to be truncated, which can be expressed by:

t(k) ≈
⎧⎪⎪⎨⎪⎪⎩

∫
∂Ω ei

−
kz(Λ1+δε −Λ1)eikzdl, |k| ≤ R

0, |k| > R
(9)

The truncation radius, R, is the upper limit of the frequencies in the inverse Fourier
transform process.
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Figure 1. A typical electrical capacitance tomography (ECT) sensor.

3. Adaptive Selection of Truncation Radius

3.1. Influence of the Truncation Radius on Reconstructed Results in Spatial Domain

In Calderon’s method, three parameters need to be pre-determined, i.e., the number of electrodes,
integral nodes and truncation radius used in the numerical integral. As the integral nodes have been
studied and selected as 30 in our previous work, the number of electrodes and truncation radius were
analyzed here. In the following, four typical permittivity distributions, i.e., core, multiple objects,
annular and stratified, were simulated, as shown in Figure 2a–d. The red color represents the region
with high permittivity (ε = 3) and the blue color represents the region with low permittivity (ε = 1).
The finite element method (FEM) was used to solve the forward problem, i.e., to obtain the boundary
capacitance values from different permittivity distributions.

From Equation (4), increasing the number of electrodes in ECT can improve the computational
accuracy of the scattering transform. However, increasing the number of electrodes will increase the
hardware burden. To analyze the influences of the number of electrodes on the reconstructed results,
the variations in the relative image errors against the number of electrodes for the typical permittivity
distributions are shown in Figure 2e. The relative image error between the true permittivity distribution
and reconstructed image can be expressed by:

err =
‖gr − g‖
‖g‖ (10)

where err is the relative image error, gr is the true permittivity distribution and g is the reconstructed
permittivity distribution. The truncation radii are selected as 6, 5, 2.4 and 2.4 for the four permittivity
distributions, respectively.

Figure 2e shows that the relative image errors decrease significantly if the number of electrodes
changes from 8 to 16. When the number of electrodes is larger than 16, the relative image errors only
change a little bit. With consideration of the hardware burden and image quality, the number of
electrodes is selected as 16 in this paper.

  
(a) (b) 

  
(c) (d) (e) 

Figure 2. Four typical permittivity distributions: (a) Core, (b) multiple objects, (c) annular and
(d) stratified. (e) Relative image errors against number of electrodes for the four distributions.
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Then the influences of the truncation radius on the reconstructed results are investigated.
The reconstructed images of different permittivity distributions with different truncation radii and
without noise are shown in Figures 3a–6a. The black dotted lines represent the edges of the original
region with high permittivity. The reconstructed radially symmetric permittivity distributions along
the x- or y-axis are shown in Figures 3b–6b. The reconstructed permittivity is normalized by dividing
the maximum permittivity and setting the negative permittivity to 0. The negative permittivities are
retained in these figures to show the influence of R.

 
(a) R = 2, 3, 4, 5, 6, 7 

 R  
(b) (c) 

Figure 3. (a) Reconstructed images, (b) reconstructed radially symmetric permittivity distribution
along the x-axis and (c) relative image errors with different truncation radii for core-type distribution.

 
(a) R = 2, 3, 4, 5, 6, 7 

 R  
(b) (c) 

Figure 4. (a) Reconstructed images, (b) reconstructed radially symmetric permittivity distribution
along the x-axis and (c) relative image errors with different truncation radii for multiple-object-type
distribution.
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(a) R = 2, 3, 4, 5, 6, 7 

 R  
(b) (c) 

Figure 5. (a) Reconstructed images, (b) reconstructed radially symmetric permittivity distribution
along the x-axis and (c) relative image errors with different truncation radii for annular distribution.

 
(a) R = 1, 2, 3, 4, 5, 6 

 R

(b) (c) 

Figure 6. (a) Reconstructed images, (b) reconstructed radially symmetric permittivity distribution
along the y-axis and (c) relative image errors with different truncation radii for stratified distribution.

The relationship between the relative image error and the truncation radius with different
permittivity distributions is shown in Figures 3c, 4c, 5c and 6c. The simulated capacitance values are
contaminated with noise of relative magnitude 0.01% and 0.1%. The error bars are plotted using the
standard deviations, which are calculated by repeating the reconstruction with noise-contaminated
capacitance values for 100 times.

In Figures 3a and 4a, a small R means that the reconstructed image contains few high
frequency components. In the reconstructed images, the low frequency components contribute
to the slowly-changing part, which represents the general overview and contour of the image. A large
R means that the reconstructed image contains more high frequency components. More high frequency
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components can reconstruct sharp changes between adjacent image areas, such as edges and details in
the image. However, more high frequency components also give rise to more noise. Therefore, it is
important to select an appropriate R to make a trade-off in the Calderon’s method.

In Figure 3b, with R increasing, the slope of the normalized permittivity curve increased and
the fluctuation of permittivity on the edge increased. In Figure 4b, with R increasing, the centers
of the reconstructed circles became closer to the position of x = 0. When R = 4, the locations of the
reconstructed circles were more accurate. By visual inspection, the suitable R was between 4 to 5 for
core-type and multiple-object-type distributions.

In Figures 3c and 4c, the truncation radius greatly influenced the relative image error. The truncation
radii obtained using the minimum errors without noise for core-type and multiple-object-type distributions
were 6.6 and 5.3. When the noise level increased, R with the minimum error decreased.

With consideration of the visual effect of the reconstructed image and the relative image
errors, the truncation radius should be selected within a range between 4 and 6 for core-type
and multiple-object-type distributions.

Figures 5 and 6 show the reconstructed results of annular and stratified permittivity distributions.
Unlike the core-type and multiple-object-type permittivity distributions, the region of high permittivity
was on the edge of the sensing region. With consideration of the visual effect of the reconstructed
image and the relative image errors, the truncation radius should be selected between 2 and 4, which
were lower than that for core-type and multiple-object-type distributions.

The above analysis shows that the truncation radius cannot be set as a constant for ECT in various
industrial applications. It is necessary to find a method to adaptively select a suitable R.

3.2. Influence of the Truncation Radius on Scattering Transform in the Frequency Domain

In this section, R was analyzed in the frequency domain. Equation (9) provides an approximation
of t(k) in a grid inside the disc |k| < R. t(k) needs to be truncated by selecting a suitable R, which acts as a
low-pass filter. Since the image reconstruction process, i.e., the calculation of δε(x, y), can be regarded
as the two-dimensional inverse Fourier transform of:

F(r,θ) =
t(reiθ)

2r
(11)

the truncation radius, R, plays a role of limiting the frequencies in the inverse Fourier transform process.
Increasing R means that the reconstructed images contain more high frequency components and the
contours and boundary details of the objects become clearer. However, the noises and artifacts increase
with R increasing.

Let us consider the spectral information of the reconstructed image, i.e., amplitude distribution
and phase distribution of F. The amplitude distributions of F for different permittivity distributions are
shown in Figure 7.

(a) (b) (c) (d)

Figure 7. Amplitude distributions of F for different permittivity distributions: (a) Core, (b) multiple
objects, (c) annular and (d) stratified.
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To clearly show the variation tendency of the amplitude of F in Figure 7, the relationship between
the truncation radius and the mean amplitude of F is shown in Figure 8. The mean amplitude of F is
calculated by:

Fa(r) =

2π∑
θ=0

mag(F(r,θ))

N
(12)

where mag() is the amplitude value of a complex number and N is the number of θ.

R  R

(a) (b) 

R  R

(c) (d) 

Figure 8. Mean amplitude of F against the truncation radius for different permittivity distributions:
(a) Core, (b) multiple objects, (c) annular and (d) stratified.

In Figure 8, the amplitude values without noise increased by a large scale from a fixed value of
Fa(r), e.g., 5. If the noise level increases, the corresponding truncation radius decreases when Fa(r) = 5.
The values of F located in the neighborhood of R = 0 were less affected by the noise. Then the maximum
R could be determined by selecting a fixed mean amplitude value of F. For example, if this mean
amplitude value was 5, the maximum truncation radii for the four distributions were lower than 8.

Then we considered the absolute phase distributions of F for different permittivity distributions,
which are shown in Figure 9.

(a) (b) (c) (d)

Figure 9. Phase distributions of F for different permittivity distributions: (a) Core, (b) multiple objects,
(c) annular and (d) stratified.
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Then the mean phase of F is calculated by:

Fp(r) =

2π∑
θ=0

∣∣∣angle(F(r,θ))
∣∣∣

N
(13)

where angle() is the phase value of a complex number. Then the relationship between the truncation
radius and mean phase value of F is shown in Figure 10.

R R

(a) (b)

R R

(c) (d)

Figure 10. Absolute phase value of F against the truncation radius for different permittivity distributions:
(a) Core, (b) multiple objects, (c) annular and (d) stratified.

In Figure 10a,b, for the core-type and multiple-object-type distributions without noise, there
existed one wave crest in the phase curve, and the peak value of phase located in the interval between
R = 4 to R = 6. If the noise level becomes larger, the truncation radius becomes lower to reach the peak
value. For the annular and stratified distributions in Figure 10c,d, there existed two wave crests in
the phase curve, and the two peak values of phase locate in the intervals between R = 2 to 4 and 4 to
6. If the noise level becomes larger, the second wave crest is not obvious but the first wave crest still
exists. From the reconstructed results in Section 3, the peak value of the absolute phase curve could be
used as an index to select a suitable truncation radius.

3.3. Adaptive Selection of the Truncation Radius

R can be theoretically selected as [24]:

R = − 1
10

log δ (14)
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where δ is the noise level. However, the suitable R for practical applications is generally much larger
than the theoretical choice. In electrical impedance tomography for medical applications, R is usually
selected between 4 and 6 empirically. Regarding ECT for industrial applications, the permittivity
distribution changes dramatically. As described in the previous section, the choice of R in medical EIT
is not suitable for annular and stratified distributions any more.

From the above analysis, the amplitude and phase information of F can be combined to determine
a suitable truncation radius. Firstly, the scattering transform t(k) is computed from the DN map.
Then the truncation radius is selected using the following strategy for adaptive selection of R, as shown
in Figure 11. When t(k) is obtained, the maximum R can be determined by a fixed mean amplitude of F
and the minimum R can be set as a constant, which was selected as 2 in this paper. In this selection
range of R, the peak value of Fp(r) could be detected and used to select the corresponding R.

Figure 11. Flowchart of the strategy for adaptive selection of truncation radius.

The schematic diagram of Calderon’s method with adaptively selected truncation radius is shown
in Figure 12. The capacitance values were measured by the ECT data acquisition system and used to
construct the DN map. Then t(k) was computed from the DN map and R was selected by the proposed
strategy. Finally, the permittivity change could be obtained by using Equation (8) with the selected R.

Figure 12. Schematic diagram of Calderon’s method with adaptively selected truncation radius.

R selected by the proposed method and the corresponding relative errors for the four permittivity
distributions are shown in Table 1. The minimum relative errors were obtained using R between 2 to
8 with a step of 0.1 for the four permittivity distributions, and the corresponding R are also shown
in Table 1 for comparison. When the simulated capacitance values were contaminated with noises,
the truncation radii and relative errors were the mean values from 100 times calculations.

Comparing Figures 3 and 4 and Table 1, the truncation radii selected by the proposed method
were in the suitable range between 4 to 6 for the core-type and multiple-object-type distributions,
although they brought relatively higher image errors than the actual minimum errors. The truncation
radii selected by the proposed method were lower than those with the minimum errors. However, with
the selected R, fewer artifacts existed in the reconstructed images and the locations of the reconstructed
circles were more accurate, which are beneficial for flow pattern recognition. When the noise level
increased, the suitable truncation radius decreased.

For the annular and stratified distributions, the truncation radii selected by the proposed method
were very close to those obtained according to the minimum errors, which were also in the suitable
range between 2 to 4. The noise level had less impact on the selection of truncation radius for the
annular and stratified distributions.
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Table 1. Comparison of the relative errors and truncation radii obtained by the proposed method with
those obtained according to the minimum relative error.

R Selected by
the Proposed

Method

Relative Error
Using the
Selected R

R with
Minimum

Relative Error

Minimum
Relative Error

Core
without noise 5 50% 6.6 42%
0.01% noise 4.9 52% 3.1 45%
0.1% noise 4.7 59% 2.8 45%

Multiple
objects

without noise 4.1 75% 5.3 61%
0.01% noise 4.1 80% 5.2 62%
0.1% noise 3.8 96% 4.3 78%

Annular
without noise 2.4 23% 2.8 21%
0.01% noise 2.4 23% 2.8 21%
0.1% noise 2.2 30% 2.7 22%

Stratified
without noise 2.4 39% 1.9 38%
0.01% noise 2.4 39% 1.9 38%
0.1% noise 2.4 39% 1.9 38%

4. Experimental Results

In this section, experiments were carried out to evaluate the performance of the proposed method.
The number of electrodes in the ECT sensor was selected as 16. The inner diameter of the sensor
was 100 mm and the length of the electrode was 120 mm, as shown in Figure 13a. The ECT system
developed by Beihang University was used to measure the capacitance values between every two
electrodes of the ECT sensor, as shown in Figure 13b. The signal-to-noise ratio (SNR) of the capacitance
measurement with the ECT system was larger than 50 dB for the 16-electrodes sensor.

  
(a) (b) 

Figure 13. (a) ECT sensor and (b) ECT data acquisition system.

Similar to the simulation process, several typical permittivity distributions were constructed.
Cylindrical nylon rods were used to construct the core-type and multiple-object-type distributions, i.e.,
D1 to D3. Several 3D-printed models and a certain amount of fine sand were used to construct the
square-shaped, V-shaped, stratified and annular distributions, i.e., D4 to D9. The permittivities of the
plastic rods and sand were about 3.

The permittivity distributions were reconstructed using the measured capacitance values and
Calderon’s method with the proposed strategy for truncation radius selection. The truncation
radius selected by the proposed method was denoted as R_s. The photos, cross-sectional views and
reconstructed images of the core-type and multiple-object-type distributions are shown in Figure 14.
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 D1 D2 D3 D4 D5 

Photo 

Cross-section
al view 

R =  
R_s-2 

R = 2.9 R = 2 R = 3.1 R = 1.7 R = 3 

R =  
R_s-1 

R = 3.9 R = 3 R = 4.1 R = 2.7 R = 4 

R =  
R_s 

R = 4.9 R = 4.4 R = 5.1 R = 3.7 R = 5 

R =  
R_s+1 

R = 5.9 R = 5 R = 6.1 R = 4.7 R = 6 

R =  
R_s+2 

R = 6.9 R = 6 R = 7.1 R = 5.7 R = 7 

Figure 14. Photos, cross-sectional views and reconstructed images of different permittivity distributions
from D1 to D5 with different truncation radii.

The selected truncation radii were 4.9, 4.4, 5.1, 3.7 and 5 for the distributions D1 to D5. From the
visual point of view, when R was smaller than R_s, the reconstructed high-permittivity regions were
excessively large. The low frequency components provided more slow-changing parts. When R was
larger than R_s, more artifacts appeared, which meant that the high-frequency noise was introduced with
R increasing. The high frequency components brought sharp changes between adjacent image areas.

The photos, cross-sectional views and reconstructed images of the stratified and annular
distributions are shown in Figure 15.
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Figure 15. Photos, cross-sectional views and reconstructed images of different permittivity distributions
from D6 to D9 with different truncation radii.

For the stratified and annular distributions D6 to D9, the selected truncation radii were 2.6, 2.6, 2.7
and 3.2, which were much smaller than those selected for distributions D1 to D5. By visual inspection,
the selected truncation radii were also suitable for flow pattern recognition. It should be noted that the
reconstructed images were visually good as well when R was a little larger than R_s, e.g., R_s + 1.

To evaluate the reconstructed results with the selected truncation radius quantitatively, the
relationship between the relative image errors and the truncation radius are shown in Figure 16.
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R  R

(a) (b) 

Figure 16. Relative image errors against the truncation radius for different permittivity distributions
from (a) D1 to D5 and (b) D6 to D9.

From Figure 16, the relative errors using the selected R could be obtained, as shown in Table 2.
Then we could obtain the minimum relative image errors for the permittivity distributions D1 to D9,
and the corresponding truncation radii, which are also shown in Table 2 for comparison.

Table 2. Comparison of the relative errors and truncation radii obtained by the proposed method with
those obtained according to the minimum relative error.

R Selected by the
Proposed Method

Relative Errors Using
the Selected R

R with Minimum
Relative Errors

Minimum
Relative Errors

D1 4.9 48% 3.2 45%
D2 4.4 53% 4.6 52%
D3 5.1 57% 4.4 52%
D4 3.7 57% 3.8 57%
D5 5 60% 4 52%
D6 2.6 46% 3 45%
D7 2.6 41% 2.7 41%
D8 2.7 44% 2 42%
D9 3.2 32% 2.8 30%

For all the distributions except for D3 and D5 in Table 2, the differences between the relative errors
using the proposed method and the minimum relative errors were lower than 3%. For the distributions
D3 and D5, the images reconstructed by the proposed method could reflect better contours of the objects,
compared to the images with the minimum relative errors. There existed some contradictions between
the visual effect of the reconstructed image and the relative image errors. The reason may be that
there existed geometrical errors in the true distributions used for error calculation. With consideration
of a tradeoff between the relative image error and visual effect, the truncation radii selected by the
proposed method were in proper selection range.

5. Conclusions

A strategy for adaptive selection of the truncation radius was proposed by using the amplitude
and phase information of the scattering transform. The following conclusions were drawn.

(1) A small truncation radius means that the reconstructed image contains few high frequency
components. The low frequency components contribute to the slowly-changing part in the image.
If the truncation radius becomes larger, the images contain more high frequency components
and the contours and boundary details of the objects become clearer. However, the noises and
artifacts increase;
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(2) The permittivity distributions can be divided into two categories, i.e., the core-type and the annular
distributions. For the core-type permittivity distributions, i.e., the region of high permittivity is
enclosed by a continuous region of low permittivity, the truncation radius should be between
4 and 6 to obtain a better image quality. For annular and stratified distributions, i.e., the region
of high permittivity contacts the boundary of the sensing region, the suitable truncation radius
should be between 2 and 4, which is much lower than that for core-type distributions. For a
higher noise level, a smaller truncation radius should be selected;

(3) The amplitude and phase information of the scattering transform are combined to determine a
suitable truncation radius. The experimental results show that small relative image error and good
visual effect can be obtained by using the truncation radius selected by the proposed method.

The main contribution of this paper was that a suitable truncation radius in Calderon’s method
for direct image reconstruction could be adaptively obtained by using the information of scattering
transform, without the need of the true distribution pattern. The scattering transform can be directly
computed from the measured capacitance values, which makes the proposed method easy to implement
and useful in industrial applications.
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Abstract: An image reconstruction method is proposed based on Lagrange-Newton method for
electrical impedance tomography (EIT) and ultrasound tomography (UT) dual-modality imaging.
Since the change in conductivity distribution is usually accompanied with the change in acoustic
impedance distribution, the reconstruction targets of EIT and UT are unified to the conductivity
difference using the same mesh model. Some background medium distribution information obtained
from ultrasound transmission and reflection measurements can be used to construct a hard constraint
about the conductivity difference distribution. Then, the EIT/UT dual-modality inverse problem
is constructed by an equality constraint equation, and the Lagrange multiplier method combining
Newton-Raphson iteration is used to solve the EIT/UT dual-modality inverse problem. The numerical
and experimental results show that the proposed dual-modality image reconstruction method has a
better performance than the single-modality EIT method and is more robust to the measurement noise.

Keywords: electrical impedance tomography; ultrasound tomography; dual-modality imaging;
lagrange-newton method

1. Introduction

Electrical impedance tomography (EIT) is a non-invasive technique to reconstruct the distribution
of the media within a closed vessel based on the differences of their conductivities. Due to its advantages
of high speed, non-radiation, and low cost, EIT has been widely researched and used in many fields,
such as, industrial process imaging [1,2], medical imaging [3,4], geological exploration [5,6], structural
health monitoring [7,8], and nondestructive evaluation [9,10]. However, as a soft-field imaging
technique, EIT usually suffers from the low spatial resolution and imaging accuracy for its inherent
nonlinearity and ill-posedness [11]. It has hindered the further application of EIT in many fields,
especially for medical imaging, where a higher imaging accuracy is usually expected [12]. Thus,
the study of improving the EIT spatial resolution and imaging accuracy can always attract the attention
of the researchers.

Many researchers have devoted to the study of improving the spatial resolution and imaging
accuracy of EIT and many methods have been developed. For the nonlinearity of EIT, the directly
linearization [13], iterative linearization [14], and directly nonlinear methods [15] have been proposed
to formulate the EIT inverse problem. For the ill-posedness of EIT, the regularization methods, such as,
Tikhonov regularization [14], Total Variation (TV) regularization [16], and sparse regularization [17],
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have been proposed to constrain the solution space of EIT inverse problem by introducing the prior
information about the targets to be reconstructed. Thus, the construction of the prior information about
the target is important for the EIT inverse problem. The prior information is usually predetermined and
added into the EIT inverse problem. A commonly used method for constructing the prior information
is to use the characteristics of the target itself. For example, in the imaging problems of small targets,
the sparse prior constraints are commonly used [17]. For specific target imaging problems, the statistical
modeling methods can be used to extract the similarity information of the targets, such as structure
or shape, and construct the statistical prior information about the targets. For example, in EIT lung
function monitoring, the statistical shape prior extracted from computed tomography (CT) images can
be used to alleviate the ill-posedness of EIT inverse problem and improve the EIT imaging accuracy
and measurement noise robustness [18].

Although the spatial resolution and imaging accuracy have been improved to some extent by
the regularization constraint from the prior information in EIT inverse problem, the acquisition of
the prior information about the target usually falls into the problems of lack of the data sources and
feature extraction difficulties. In addition, the individual difference of the imaging targets can also
invalidate the prior information in some practical applications. Thus, relying on a single-modality
imaging technique is difficult to substantially improve the EIT spatial resolution and imaging accuracy
because the available prior information is usually limited. Considering the potential information
complementarity between different imaging modalities, the dual-modality imaging techniques have
attracted more and more attention in the past decade. For example, the positron emission computed
tomography (PET)/CT [19], magnetic resonance imaging (MRI)/CT [20] and Ultrasound/MRI [21] have
been successfully used in medical diagnosis. The ultrasound tomography (UT)/electrical capacitance
tomography (ECT) [22], CT/ECT [23], Gamma Densitometry Tomography (GDT)/EIT [24] have been
widely used in multiphase flow process parameters detection. Thus, the dual-modality imaging
technique is promising to improve the EIT imaging accuracy by adding the prior information from the
other imaging modality.

UT is also a non-invasive technique to reconstruct the media distribution based on the differences
of their acoustic impedances and has been widely used in industrial imaging [25] and medical
imaging [26]. Different from the EIT, UT is a ‘hard-field’ imaging technique and the spatial resolution
and imaging accuracy of UT is mainly depended on the amount of measured data available. The more
measured data means that more ultrasonic transducers are needed in UT [27]. However, the number
of the ultrasonic transducer is usually not enough compared to the need for the imaging accuracy in
practical applications. Fortunately, UT can obtain some accurate local media distribution information
even the number of the ultrasonic transducer is limited [28,29]. Thus, the prior information about the
media distribution from UT is promising to improve the imaging accuracy of EIT.

Some studies have been reported about the EIT/UT dual-modality imaging in the past decade.
In 2008, Steiner et al. proposed an EIT/ultrasound reflection tomography (URT) dual-modality imaging
method for small object detection in biomedical applications, where the measurement information
from URT was used to construct the weighted regularization matrix in EIT inverse problem [30].
In 2010, Wan et al. presented a transrectal ultrasound coupled EIT imaging method for transrectal
cancer detection, where the contour of the target was captured by ultrasound measurement, and then
used to guide the EIT image reconstruction [31]. In 2015, Teniou et al. proposed an electrical
resistance tomography (ERT)/URT dual-modality imaging method to detect the small lesions in
biological soft tissue, where the measurements from URT was used as hard constraints during the
EIT image reconstruction process [32]. In 2017, Pusppanathan et al. proposed an ECT/ultrasound
transmission tomography (UTT) dual-modality imaging method for multiphase flow imaging, where
the images from the ECT and UTT are fused by the pixel-based fuzzy logic method, and then used to
distinguish oil/gas/water three-phase media [33]. In 2018, Liang et al. proposed a shape-based EIT/URT
dual-modality imaging method, where some accurate boundaries information about the inclusions
detected from URT are used to improve the EIT inclusion boundary reconstruction accuracy [34].
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In addition, the emerging impediography can improve the EIT image accuracy by coupling the
mechanical effects driven from ultrasound waves [35–37]. Although the EIT/UT dual-modality imaging
has made some progresses, the way of information fusion between EIT and UT is still an open issue in
EIT/UT dual-modality imaging researches.

In this paper, a dual-modality image reconstruction method combining EIT and UT is proposed.
Some prior information about the background medium distribution is determined by the ultrasound
reflection and transmission measurements, and then used as a hard constraint added into the EIT
inverse problem through an equality constraint equation. Then, the ultrasound constraint EIT image
reconstruction problem is reformed by the Lagrange multiplier method and iteratively solved with
Newton-Raphson method. To test the performance of the proposed dual-modality imaging method,
the numerical and experimental tests are conducted.

2. Mathematical Model of EIT and UT

2.1. EIT Mathematical Model

EIT mathematical model is derived from Maxwell’s electromagnetic theory under the condition of
low frequencies. In the quasi-static approximation, the electrical fields can be described in terms of a
scalar voltage potential u satisfying the following equation:

∇·σ∇u = 0 in Ω, (1)

where σ represents the conductivity in the imaging domain Ω.
Considering the contact impedance between the background medium and electrodes, the complete

electrode model (CEM) is used to define the boundary conditions [38]:⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
σ∇u·→n = 0, on ∂Ω\ ∪L

l=1 el∫
el
σ∇u

→
n = Il,

u + zlσ∇u·→n = Ul, on el

, (2)

where ∂Ω is the boundary of the imaging domain Ω, el ⊂ ∂Ω represents the location covered by the
l-th electrode, L is the total number of the electrodes,

→
n is the outward normal vector on ∂Ω, zl is

the contact impedance between the l-th electrode and background medium, Il and Ul are the electric
current and electric potential at the l-th electrode, respectively. Subject to the law of the conservation of
charge, the electric current and voltage in the electrodes satisfy the following equation:

L∑
l=1

Il = 0 and
L∑

l=1

Ul = 0, (3)

Thus, with the definition of EIT mathematical model and the corresponding boundary conditions,
the electric potential, conductivity, electric current, and contact impedance can be formulated as the
following nonlinear equation:

U = u(σ, z, I), (4)

Considering a small change on the conductivity, the corresponding change on the boundary
voltage can be linearly represented using Equation (4) as follows:

ΔU= u(σ, z, I) − u(σ0, z, I) =
du(σ, z, I)

dσ

∣∣∣∣∣∣
σ=σ0

(σ− σ0) + O
(
(σ− σ0)

2
)

= u′(σ0, z, I)Δσ+ O
(
(Δσ)2

) , (5)
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If the change of conductivity Δσ is small enough, the high order terms O
(
(Δσ)2

)
can be neglected,

and Equation (5) will be simplified as follows:

ΔU = u′(σ0, z, I)Δσ, (6)

further, the Equation (6) is usually discretized as follows:

y = Jx, (7)

where y ∈ RM×1 represents the boundary voltage difference, x ∈ RN×1 represents the unknown
conductivity difference, J ∈ RM×N represents the Jacobian matrix, which can be calculated using the
Geselowitz’s sensitivity theorem [39]:

Jm,n = −
∫

Ωn

∇u
(
Ii
)

Ii

∇u
(
I j
)

I j dS, (8)

where Jm,n is the element at the m-th row and n column of the Jacobian matrix, u
(
Ii
)

is the electric

potential for the i-th electrode pair with electric current Ii, u
(
I j
)

is the electric potential for the j-th
electrode pair with electric current I j, Ωn is the region covered by n-th pixel.

For a given conductivity difference x, the boundary voltage y can be determined by the
Equations (1)–(3). This process is usually mentioned as the EIT forward problem, where the Boundary
Element Method (BEM) solver developed by Ren et al. is used to calculate the EIT forward problem
and obtain the sensitivity matrix by the perturbation method [40,41]. In contrast, given the boundary
voltage y, the EIT inverse problem is to calculate the conductivity difference x by the Equation (7).
Since the sensitivity matrix J is usually singular, the unknown conductivity difference x cannot be
directly obtained from the Equation (7) in EIT inverse problem. The regularization methods are
commonly used to solve it, which will be introduced in the latter section.

2.2. UT Mathematical Model

When the influence of medium heterogeneity on acoustic wave propagation is not considered,
the propagation of ultrasonic wave in medium can be approximated as linear propagation model.
This model is usually referred as the geometrical/ray acoustic model and widely used in UT image
reconstruction. Thus, the mathematical model of UT can be referred to the geometrical optics or
ray optics model, and the most commonly considered modes of the ultrasonic wave propagation
are transmission and reflection modes, as shown in Figure 1. In addition, the piston transducer is
used in the paper, where the energy of the ultrasonic wave is mainly concentrated in a narrow main
lobe area [42]. The power of the transmission and reflection wave is mainly affected by the acoustic
impedance of the media where the ultrasonic wave pass through, and it can be described as follows:

αR =

(
Pr

Pi

)2

=

(
Z2 −Z1

Z2 + Z1

)2

, (9)

αT =

(
Pt

Pi

)2

=

(
2Z2

Z2 + Z1

)2

, (10)

where Pi, Pr, Pt represent incident, reflection, and transmission sound pressures, respectively. αR

and αT represent the reflection and transmission coefficients, respectively. Z1 and Z2 are the acoustic
impedance of the media and equal to the product of medium density ρ and sound velocity c.
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Figure 1. Ultrasound transmission and reflection physical model.

2.2.1. Transmission Mode Mathematical Model

Under the assumption that the ultrasonic wave is propagating along the straight line,
the mathematical model of transmission mode UT is similar to the x-ray CT. The ultrasonic waves
sending from the exciting transducer will pass through the media and arrive at the measuring
transducers. Consider that the acoustic attenuation effect of the medium, the transmission mode UT
usually utilizes the energy attenuation of the ultrasonic waves to invert the medium distribution in
the ultrasonic wave propagation paths. Inspired from the Equation (10), we reformulate the sending
acoustic energy Ie from the exciting transducer and the receiving acoustic energy Im from the measuring
transducer as the following equation:

�
Ωk
μdS = − ln

Im

Ie
, (11)

where μ is the medium’s attenuation coefficient, Ωk is the region where the k-th ultrasonic wave
pass through.

Consider a scenario that medium located in the region Ωk changes, the corresponding attenuation
coefficient μ in Ωk will be also changing to μ+ δμ. Then, the energy attenuation of the ultrasonic wave
in the region Ωk will change and the Equation (11) can be rewritten as follows:

�
Ωk

(δμ)dS =
�

Ωk
(μ+ δμ)dS−

�
Ωk
μdS = − ln

Ia
m
Ie
−

(
− ln

Ib
m
Ie

)
= ln

Ib
m

Ia
m

, (12)

where δμ is the variation of the attenuation coefficient in Ωk, Ib
m and Ia

m represent the acoustic energy
before and after the attenuation coefficient changes, respectively.

2.2.2. Reflection Mode Mathematical Model

Similar to the propagation of optics ray in the medium, the mathematical model of the reflection
mode UT can be derived from the Fermat’s principle, where the ultrasonic waves will reflect at the
media interface and continue to propagate to the measuring transducer along the shortest propagation
path. Thus, the ultrasonic waves sending from the exciting transducer will be reflected at the interface
where the acoustic impedances change and continue to propagate in the background medium to the
measuring transducer. When the exciting and measuring transducer are determined, the detected
points will fall on an elliptical arc. This elliptical arc can be determined by the coordinates of the
exciting and measuring transducer and the time of flight (TOF) of the ultrasonic wave, which can be
described as follows:
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1
c
·
[√

(xd − xe)
2 + (yd − ye)

2 +

√
(xd − xm)

2 + (yd − ym)
2
]
= t f , (13)

where c is the sound speed in the background medium, t f is the TOF of the ultrasonic wave in the
background medium, (xd, yd) is the coordinate of the detected point, which obeys the arc distribution,
(xe, ye) and (xm, ym) are the coordinates of the exciting and measuring transducer, respectively.

2.3. Complementarity of EIT and URT Sensitive Field

The boundary measurements of EIT and UT have different sensitivities about the changes of the
sensitive parameters in different spaces of the imaging domain, and higher sensitivity means higher
detection resolution and accuracy. In EIT, the electric current is injected into the imaging domain
through the electrodes attached at the boundary. The electric field lines near the edge of the imaging
domain are dense than the central region of the imaging domain. Therefore, the EIT measurements have
a higher sensitivity to the changes in conductivity near the edge of the imaging domain. According
to the reciprocity principle, the sensitivity of EIT measurements about the changes of conductivity
is proportional to the integration of the electric field intensity [43]. As shown in Figure 2a, EIT has
higher sensitivity near the edge of the imaging domain. In UT, the ultrasonic waves emitted by the
transducers are mainly concentrated in a narrow main lobe range along the radial of the transducer.
Only the changes of acoustic impedance occurring at the propagation path of ultrasonic waves will
cause the change on reflection or transmission measurements. In the imaging domain, all the ultrasonic
waves propagation paths of the transducers are intersected in the central of the imaging domain.
Therefore, the UT measurements have a higher sensitivity about the changes in acoustic impedance
near the central of the imaging domain [44]. According to the radon transform theory, the sensitivity
of UT measurements about the change of acoustic impedance can be formed by the superimposition
of all single transducer ultrasonic waves propagation paths. As shown in Figure 2b, UT has higher
sensitivity near the central of the imaging domain. Based on the complementarity of EIT and UT
sensitivity space distribution, the combination of EIT and UT is expected to improve the imaging
resolution and accuracy.

 

(a) (b) 

Figure 2. 3-D sensitivity distribution: (a) Electrical impedance tomography (EIT), (b) ultrasound
tomography (UT).

3. EIT/UT Dual-Modality Image Reconstruction

3.1. Unification of Mesh Model and Reconstruction Target

In the paper, the purpose of both EIT and UT is to reconstruct the media distribution based
on the change of conductivity or acoustic impedance distribution. In some applications, when the
media distribution changes, the conductivity and acoustic impedance will also change. For example,
in gas/liquid two-phase flow cross-section reconstruction problem, the presence of bubble will change
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the distribution of conductivity and acoustic impedance, the targets of EIT and UT are all the
reconstruction of the bubble distribution. Thus, the reconstruction target of EIT and UT can be
uniformed to the changes of the media distribution, which means that the background medium has the
same representation in EIT and UT. In addition, another factor to consider is the mesh model. Based
on this demand of reconstructing the same unknown media distribution using EIT and UT, the mesh
model for EIT and UT should be also uniformed in the same imaging region. To achieve the purpose,
the same mesh model is used in EIT and UT, as shown in Figure 3.

Figure 3. Mesh model of EIT/UT dual-modality imaging.

3.2. Total Variation Regularization for EIT

It’s known that EIT inverse problem is a typical ill-posed inverse problem due to the large condition
number of the Jacobian matrix J, which means that it’s unrealistic to directly solve the unknown x from
the Equation (7). To overcome this problem, the regularization methods are usually adopted. First,
we convert the EIT inverse problem to find the minimum from the least-square equation ‖Jx− y‖22.
Then, a penalty term, also referred as regularization term, is added to stabilize the solution process by
constraining the solution space. This process can be formulated in the following equations:

min
x∈RN

f (x), (14)

f (x) =
1
2
‖Jx− y‖22 + βR(x), (15)

where the regularization parameter β is a positive constant and balances the residual term ‖Jx− y‖22
and the penalty term R(x) in the inverse problem solving process. There are many forms of the
regularization term based on the difference of the solution space constraints. Here, the Total Variation
(TV) regularization term is adopted, and the regularization term can be written as:

R(x) =
∫

Ω
|∇x|dS, (16)

However, the Equations (14)–(16) cannot be directly solved due to the non-differentiability of |∇x|.
To overcome this problem, a smooth approximation is usually adopted [45]. Then, the regularization
term R(x) can be rewritten as:

R(x) =
∫

Ω

√
|∇x|2 + θdS, (17)

where θ > 0 is a predetermined small constant and is selected as 1× 10−6 here.
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3.3. Constraints Information from UT Measurements

As mentioned above, the purpose of EIT and UT is to reconstruct the media distribution based on
the change of conductivity or acoustic impedance from the boundary measurements. Since there is
no change in the conductivity and acoustic impedance in the background medium region, the image
reconstruction of the background medium satisfies the following relationship in EIT and UT:

Ωb = Ωb
EIT(δσ = 0) = Ωb

UT(δZ = 0, δμ = 0), (18)

where Ωb represents the background medium region, Ωb
EIT and Ωb

UT are the background medium
region reconstructed from EIT and UT, respectively.

Thus, the background medium region reconstructed from UT can be used as the prior information
in EIT image reconstruction. Consider two scenarios whether there is a target on the ultrasonic wave’s
propagation path, as shown in Figure 4a,b. If there is no target on the ultrasonic wave propagation
path, the ultrasonic waves sending from the exciting transducer will continue to propagate to the
measuring transducer and the attenuation of the acoustic energy is only caused by the background
medium. And then, we can mark the pixels on the transmission ultrasonic waves propagation path as
background medium region Ωb

UT. In contrast, if there is a target on the ultrasonic wave propagation
path, the ultrasonic waves sending from the exciting transducer will reflect on the target interface,
and then continue to propagate to the measuring transducer through the background medium. The time
of flight t f can be extracted from the reflection waves. And then, using the Equation (13) and the
main lobe area of the transducer, we can calculate the region covered by the reflection ultrasonic
waves propagation paths. After that, we can also mark the pixels on the reflection ultrasonic waves
propagation path as background medium region Ωb

UT.

(a) 
 

     (b) 

Figure 4. Schematic diagram of ultrasonic wave propagation path: (a) there is no target on the ultrasonic
waves propagation path, (b) there is a target on the ultrasonic waves propagation path.

Since the conductivity of the background medium region does not change, we can derive the
following equation:

h(x) = C x = 0, (19)

where h(x) represents the constraint function of UT measurements with respect to the conductivity
difference x, C is the corresponding extend constraint matrix, and it’s calculated by the analytical method:

C(i, j) =
{

1, i = 1, . . . , MU, j = n(i)
0, otherwise

, (20)

where C ∈ RMU×N, MU is the total number of pixels in region of Ωb
UT, n(i) is the serial number of the

pixels located at Ωb
UT in the set of all pixels.
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3.4. Lagrange-Newton Solution for Dual-Modality Inverse Problem

In summary, we can convert the media distribution image reconstruction problem into the
conductivity change image reconstruction problem for the EIT/UT dual-modality imaging. The EIT/UT
dual-modality inverse problem can be described as follows:

min
x∈RN

f (x)

s. t. h(x) = 0
(21)

where f (x) and h(x) are defined by Equations (15) and (19), respectively.
Obviously, the problem (21) is a typical equality constraint optimization problem. The Lagrange

function combining with Newton method is commonly used to solve it. First, we formulate the
following Lagrange function:

Ψ(x,λ) = f (x) − λTh(x) =
1
2
‖J x− y‖22 + βR(x) − λTh(x), (22)

where λ is the Lagrange multiplier. The stability point of the above Lagrange function corresponds to
the optimal solution of the unknown x, and satisfies the following conditions:

{
∂Ψ
∂x = ∇ f (x) −∇h(x)Tλ = 0
∂Ψ
∂λ = −h(x) = 0

, (23)

Then, we solve the problem (22) using the Newton-Raphson method, and the iteration solution
can be described as xk+1 = xk + (δx)k, where the iteration step length (δx)k and the Lagrange multiplier
(δλ)k satisfy the following equation:

(
W(xk,λk) −∇h(xk)

T

−∇h(xk) 0

) (
(δx)k
(δλ)k

)
= −

( ∇ f (xk) −∇h(xk)
Tλk

−h(xk)

)
, (24)

where ⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
∇h(x) = ∇(Cx) = C
∇ f (x) = ∇

(
1
2‖Jx− y‖22 + βR(x)

)
= JT(Jx− y) + βLθ(x)x

W(x,λ) = ∇2(Ψ(x,λ)) = ∇2
(

f (x) − λTh(x)
)
= JT J + βLθ(x)

Lθ(x) = LT
a (x)H−1(x)La(x),

, (25)

where JT is the transpose of J, La ∈ RQ×N is a sparse matrix, which can be determined by the topological
relationship between the pixels, referring to the literature [45], H ∈ RQ×Q is a diagonal matrix whose
diagonal entry can be described as follows:

Hqq(x) =
√
‖La,q(x)x‖2 + θ, q = 1, 2, . . . , Q, (26)

where La,q ∈ R1×N is the q-th row element of La, Q is the total number of adjacent element pairs along
the horizontal or vertical direction, referring to the literature [45].

To analyze the iteration convergence and determine the iteration termination condition of the
problem (21), we define the following penalty function:

G(x,λ) = ‖∇ f (x) −∇h(x)Tλ‖22 + ‖h(x)‖22, (27)

In summary, the implement of the proposed EIT/UT dual-modality image reconstruction method
can be described as Algorithm 1.
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Algorithm 1: Lagrange-Newton Method for EIT/UT Dual-Modality Image Reconstruction

Step 1: Initialization.

Calculate the initial value of x using linear back-projection (LBP) algorithm [13]: x0 = JT y,
Given the value of the iteration termination parameter: ε ≥ 0, ε = 1× 10−6,
Given the value of the intermediate parameter in iteration: κ ∈ (0, 1), κ = 0.5, η = 1.

Step 2: Termination Condition Judgment.

Calculate G(xk, λk) by Equation (27), and judge:
If G(xk, λk) ≤ ε, stop iteration and return the xk as the optimal estimation value,
Otherwise, calculate (δx)k and (δλ)k by the Equation (24).

Step 3: Compute Step Length.

Calculate G(xk + η(δx)k,λk + η(δλ)k) and G(xk, λk) by Equation (27), and judge:
If G(xk + η(δx)k,λk + η(δλ)k) ≤ (1− κη)G(xk,λk), go to Step 4,
Otherwise, set η = η/4, continue to the Step 3.

Step 4: Iteration Update.

Update the conductivity difference x: xk+1 = xk + η(δx)k,
Update the Lagrange multiplier λ: λk+1 = λk + η(δλ)k,
Set k=k+1 and go to Step 2.

4. Results

To evaluate the performance of the proposed EIT/UT dual-modality imaging method, a series of
numerical and experimental tests are carried out and compared with single-modality EIT method. In the
tests, three typical EIT image reconstruction methods, Newton’s One-Step Error Reconstructor (NOSER),
L1 regularization, and TV regularization, are used in single-modality EIT image reconstruction.
Considering that the selection of regularization parameters has a great influence on the imaging results,
the regularization parameters in all methods are empirically selected in the range of 10−6 to 10−3,
and the one that reached the most similar result to the real model was used in the comparison [45].
In EIT, the adjacent electric current excitation and adjacent voltage measurement model is used to obtain
the boundary measurements. In UT, the piston transducers are used in numerical and experimental
tests, and the acoustic energy can be better concentrated in a narrow beam range. In transmission
mode, three transducers directly opposite to the exciting transducer are used to obtain the transmission
measurements. In reflection mode, three transducers on each adjacent side of the exciting transducer
are used to obtain the reflection measurements. The ultrasound frequency is 1MHz in the numerical
and experimental tests. In addition, the reconstruction results from EIT/UT dual-modality method is
simplified as UET in the paper.

4.1. Numerical Results and Discussion

The numerical tests are conducted by the commercial multi-physical coupling software COMSOL
and MATLAB. The simulation model is designed by simulating the discrete bubbles in a conductive
liquid. The conductivity of the bubble is 1× 10−6 Sm−1 and the background medium conductivity is
1× 10−2 Sm−1. The density of the bubble is 1.29 kgm−3 and sound velocity is 340 ms−1. The density of
the background medium is 1000 kgm−3 and sound velocity is 1400 ms−1. The radius of the imaging
domain is 75 mm, and 16 electrodes and 16 ultrasound transducers are staggered evenly and arranged
on the periphery of the observation domain, as shown in Figure 3. The piston ultrasound transducers
sequentially send and receive the three periods sinusoidal pulse signal in the narrow field range.

4.1.1. Quantitative Index

To evaluate the reconstruction results, four quantitative indexes of relative image error (RE),
correlation coefficient (CC), position error (PE) and area difference (AD), are used in the paper. The RE
and CC are usually used to describe the degree of difference of the true conductivity difference and
reconstructed conductivity difference. The definition of RE and CC can be expressed as follows:
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RE =
‖x− x∗‖2
‖x∗‖2 , (28)

CC =

N∑
n=1

(xn − x)(x∗n − x∗)√
N∑

n=1
(xn − x)2 N∑

n=1
(x∗n − x∗)2

, (29)

where x is the calculated conductivity difference vector, x∗ is the real conductivity difference vector,
xn and x∗n are the n-th element of x and x∗, respectively, x and x∗ are the mean values of x and x∗,
respectively. A lower value of RE and a higher value of CC mean a good image reconstruction result.

The PE and AD are respectively used to evaluate the target position and shape reconstructed
accuracy by comparing the segmented reconstructed images and the real distribution images.
The segmented threshold is selected as 25% of the minimum pixel amplitudes, as follows:

[xq]n =

{
1, if [x]n ≤ 1

4 min(x)
0, otherwise

, (30)

where x is the calculated image pixel amplitudes (conductivity difference), xq is the segmented image
pixel amplitudes. The PE and AD are defined as follows:

PE =
∣∣∣ct − cq

∣∣∣, (31)

AD =
sum

(
xb ∪ xq

)
− sum

(
xb ∩ xq

)
N

, (32)

where ct is the center of gravity of the target in real conductivity difference distribution image, cq is
the center of gravity of the target in reconstructed conductivity difference distribution image, xb is
the binary image of the real conductivity difference distribution, xq is the segmented image of the
reconstructed conductivity difference distribution image, N is the total number of the pixels.

4.1.2. Image Reconstruction Results Analysis

In numerical tests, five different models are used to compare the proposed EIT/UT dual-modality
imaging method (UET) and the single-modality EIT imaging method using NOSER, L1, TV. The image
reconstruction results are shown in Figures 5–8 when adding no noise, 40 dB, 25 dB, 20 dB Gaussian
noise in EIT measurements, respectively. The real targets boundaries are indicated by the solid black line
in the reconstructed images. It can be seen from the Figures 5–8 that the UET has a cleaner background
and better imaging performance compared with the other methods, which can be also verified by the
quantitative indexes, as shown in Figure 9. For different quantitative indexes, we respectively calculate
their mean values in five media distribution models under a certain noise condition. When the noise
level increases, the imaging results from single-modality EIT using NOSER, L1 and TV are gradually
getting worse, while the proposed UET method can always better reconstruct the media distribution in
different noise levels. Thus, the proposed UET method is more robust to the EIT measurement noise.
In addition, the expected time of UET is about 0.32 s for per image reconstruction. The expected time
of EIT using NOSER, L1, TV are about 0.02 s, 0.2 s, 0.3 s for per image reconstruction, respectively.
Thus, the imaging speed of UET is comparable to that of single-modality EIT using TV method, but the
imaging accuracy of UET have an obvious improvement.
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Figure 5. Reconstruction results with no noise.

 

Figure 6. Reconstruction results with 40 dB noise.
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Figure 7. Reconstruction results with 25 dB noise.

 
Figure 8. Reconstruction results with 20 dB noise.
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Figure 9. Mean value of the quantitative indexes.

4.1.3. Comparison of Edge Reconstruction Ability

It can be seen from the numerical results that the UET has a cleaner edge than other methods.
To verify this conclusion, we further analyze the numerical results of the model with one circle and one
square in Figure 5. First, the pixel values of the reconstructed images are normalized to the interval
[0, 1]. Then, the contour of the pixel values along the center horizontal line of the reconstructed
images is drawn in Figure 10. It’s obvious that the contour of UET reconstructed image is closer to
the real contour. Thus, the proposed UET method has a better edge reconstruction ability than the
single-modality EIT methods.

Figure 10. Contour of the reconstructed images along the center horizontal line.

4.2. Experimental Results and Discussion

To further verify the performance of the proposed method, a set of experimental tests was carried
out. The experimental system is shown in Figure 11, which is developed by Tianjin University,
China [46]. It mainly contains three parts, the sensor array, the data acquisition and control unit, and the
image reconstruction and visualization unit. The radius of the sensor is 75 mm and 16 electrodes and
16 ultrasonic transducers are evenly placed on the periphery of the sensor. The contact resistance
between the electrodes and background medium is 37.1 Ω/cm2. The background medium consists
of Na2SO4 solution with the conductivity of 1.41 mS/cm. The data acquisition speed of EIT is about
1000-frames/s, and the data acquisition speed of UT is about 17-frames/s. The expected time of the
image reconstruction in experimental tests is similar to numerical tests.

The experimental results are shown in Figure 12, where five different distribution models (A, B,
C, D, E) of the nylon rod (10−11 mS/cm) are used. It can be seen from the results that the proposed
UET method has a better imaging performance compared with the single-modality EIT methods.
The quantitative analysis of the experimental results is shown in Figure 13, which can also verify the
conclusion that the proposed UET method shows better reconstruction performance.

213



Sensors 2019, 19, 1966

 
Figure 11. EIT/UT dual-modality data acquisition system.

 
Figure 12. Reconstruction results of the experimental tests.

Figure 13. Quantitative analysis of the experimental results.
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5. Conclusions

A novel EIT/UT dual-modality imaging method is proposed, where the measurement information
obtained from UT can be used as prior constraint and improve the EIT image reconstruction performance.
The dual-modality inverse problem is constructed by the equality constraint equation, and then, solved
by the Lagrange-Newton method. The numerical and experimental tests show that the proposed
EIT/UT dual-modality imaging method has a better image reconstruction performance than the
traditional single-modality EIT methods, where the reconstructed images of UET have clearer targets
edges and less artifacts in the background region. In the experimental tests, the average RE of
UET have reduced 29.7%, 31.1%, 14.9% than single-modality EIT using NOSER, L1, TV, respectively.
The average CC of UET have improved 7.7%, 16.9%, 7.4% than single-modality EIT using NOSER, L1,
TV, respectively. The average PE of UET have reduced 32.9%, 68.2%, 71.3% than single-modality EIT
using NOSER, L1, TV, respectively. The average AD of UET have reduced 55.1%, 50.6%, 36.5% than
single-modality EIT using NOSER, L1, TV, respectively. In addition, the UET shows better performance
of edge reconstruction, where the contour of UET reconstructed image is closer to the real contour
than single-modality EIT methods. Furthermore, the proposed UET method is more robust to the EIT
measurement noise, where the quantitative indexes of UET have no significant change with the increase
of the measurement noise. The future work will focus on the research of enriching the UT measurements
by adding the number of the transducers or increasing the diffusion angle of the transducers, and further
improve the image reconstruction performance of EIT/UT dual-modality imaging.
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Abstract: The main goal of this work was to compare the selected machine learning methods
with the classic deterministic method in the industrial field of electrical impedance tomography.
The research focused on the development and comparison of algorithms and models for the analysis
and reconstruction of data using electrical tomography. The novelty was the use of original machine
learning algorithms. Their characteristic feature is the use of many separately trained subsystems,
each of which generates a single pixel of the output image. Artificial Neural Network (ANN), LARS
and Elastic net methods were used to solve the inverse problem. These algorithms have been modified
by a corresponding increase in equations (multiply) for electrical impedance tomography using the
finite element method grid. The Gauss-Newton method was used as a reference to machine learning
methods. The algorithms were trained using learning data obtained through computer simulation
based on real models. The results of the experiments showed that in the considered cases the best
quality of reconstructions was achieved by ANN. At the same time, ANN was the slowest in terms of
both the training process and the speed of image generation. Other machine learning methods were
comparable with the deterministic Gauss-Newton method and with each other.

Keywords: machine learning; inverse problem; electrical impedance tomography; image
reconstruction; industrial tomography

1. Introduction

This article presents the results of research on the use of tomographic sensors for the analysis of
industrial processes with the use of dedicated measuring devices and image reconstruction algorithms.

Electrical impedance tomography (EIT) is a non-invasive, high-potential application imaging
method. It is suitable for continuous real-time visualization of the dynamic distribution of electrical
conductivity inside the tested object [1]. To perform EIT reconstructions, we use weak alternating
currents (1–5 mA) with low frequency (1–100 kHz) and measure the appropriate peripheral voltages
by means of a set of electrodes attached to the object’s surface [2]. A cross-sectional image of internal
spatial conductivity is obtained from voltage measurements gained from different electrode pairs.
Despite its relatively low spatial resolution, the EIT is now a widely accepted tomographic imaging
technique that is widely used in many areas, such as monitoring industrial processes [3–5], geophysical
research [6–8] and biomedical diagnosis [2,9,10]. Mathematical reconstruction of conductor maps in
the EIT is about solving a non-linear and ill-posed inverse problem from noisy data [11]. Regulatory
techniques can be used to mitigate the instability of solutions. One of the most commonly used
methods is a one-step approach to Gauss-Newton reconstruction (GN) [12], which allows the use
of sophisticated, regulated models to describe the problem of the inverse EIT through a heuristic
determined predecessor [13]. Landweber iteration is a modification of the steepest gradient descent
approach and is also widely used in EIT [14]. The algebraic reconstruction technique (ART) is a
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valid method of reconstructing the computed tomography images that can be used in the EIT [15].
Other important methods include: regularization using total variation (TV) [16], which allows image
reconstruction while preserving the edge, split augmented Lagrangian shrinkage algorithm [17] and
the generalized vector sampled pattern matching method (GVSPM) [18].

Because deep learning is good for mapping complicated nonlinear functions, attempts are
increasingly being made to apply deep learning methods based on convolutional neural networks
(CNNs) for EIT/ERT (electrical resistivity tomography) image reconstruction [11]. Among the CNN,
the deep D-bar methods are also used [19]. D-bar methods are based on a rigorous mathematical
analysis. They provide robust direct reconstructions by using a low-pass filtering of the associated
nonlinear Fourier data [9].

In the EIT tomography, algorithms belonging to machine learning methods can be successfully
used. Typical examples of this kind of method are: Lasso (least absolute shrinkage and
selection operator), Elastic net, least-angle regression (LARS) [6], artificial neural networks [20]
and convolutional neural networks [11], multivariate adaptive regression splines (MARS), k-nearest
neighbors (KNN), random forest (RF), gradient boosting machine (GBM) [21], Principal Component
and Partial Least Square Regression [22].

The current development of EIT algorithms is largely focused on the use of machine learning
methods [23]. Hence the need to verify whether such algorithms are in fact better than the classical,
known deterministic methods to which the Gauss-Newton method belongs [12,24].

In comparison to other known imaging methods used in industry [25], electrical impedance
tomography (EIT) has a number of advantages. These include, among others: higher time resolution,
lower costs, opportunities for wider use, etc. However, reconstruction of the EIT may be unstable
and has a fundamental disadvantage resulting from the need to solve the inverse problem [26].
The sensitivity of the EIT solutions to measurement, numerical and model errors entails the need to
adjust the model parameters to specific cases. Many such methods have been developed over the
years. These serious constraints on the EIT therefore favor the development of more sophisticated
algorithms [27–29]. It is worth mentioning that most 2D reconstruction methods are also applicable in
3D situations with minor modifications [30].

The authors of the article developed three original variants of known algorithms based on machine
learning techniques, and then compared them to the deterministic method as well as to each other.
In order to make a precise assessment enabling a reliable comparison, universal evaluation metrics were
used: Mean Squared Error (MSE), Relative Image Error (RIE) and Image Correlation Coefficient (ICC).

Advanced automation and control of production processes play a key role in enterprises [31,32].
Technological equipment and production lines can be considered the heart of industrial production,
while information technologies and control systems are its brain. Tomographic imaging of objects
creates a unique opportunity to discover the complexity of the structure without the need to invade the
object. There is a growing need for information on how internal flows behave in the process equipment.
This should be performed non-invasively by tomographic instrumentation [33].

Sensor technologies are mainly based on electrical tomography (ET) [34–38], which includes
electrical capacitance tomography (ECT) [39–45] and electrical resistance tomography (ERT) [7,46,47].
It allows reconstruction of the image by the distribution of conductivity or permittivity of the object
from electrical measurements at the edge of the object.

The results of the reconstruction of individual algorithms with different measurement models
were compared. The tests were carried out for real data obtained from real laboratory measurements.
The electronic devices for measuring the material values and to collect data from the measurement
sensors were designed and made by the authors.

The main novelty of the presented method is a machine learning approach based on learning many
separate subsystems (ANN, LARS, Elastic net), while each subsystem is dedicated to a single pixel of
the output image (Figure 1). The deterministic method, Gauss-Newton with Laplace regularization
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should be treated as a reference, enabling objective comparison of standard techniques with machine
learning methods.

Figure 1. Comparison of the traditional concept with the improved concept: (a) a single prediction
system with 96 predictors and 2883 responses; (b) multiple prediction system composed of 2883
separately trained subsystems, each of which has 96 predictors and 1 response.

Figure 1a shows the traditional machine-trained algorithm. It consists of a singular predictive
(regression) system with many outputs. The input vector includes 96 measurements of voltage drops
measured on individual electrode pairs. The predictive system has 2883 outputs, which makes its
training difficult. The large number of system outputs is the main reason for the unsatisfactory quality
of reconstructed tomographic images.

Figure 1b shows the scheme of the novel multiple system. Its characteristic feature is that on the
basis of the same 96-element vector of predictors, 2883 separate prediction subsystems (S1, S2, . . . ,
S2883) were trained. Each of the subsystems generates only one independent output (response), which
is the value of a single pixel of the reconstructed image (O1, O2, . . . , O2883). Thanks to this approach,
each pixel of the output image is the result of the operation of a single-output prediction subsystem.
Subsystems with one output are easier to train than subsystems with multiple outputs. Thanks to
this, the results obtained using the presented concept (96—S—1) × 2883 are better than those obtained
using the traditional concept 96—S—2883.

The article consists of four sections. The measurement models, machine learning methods and
descriptions of algorithms were presented in Section 2. The results of the research work in the form
of reconstruction of images for measurement data are shown in Section 3. In Section 4, the results
obtained are discussed. It also summarizes the presented research.

2. Materials and Methods

This section presents the tomographic methods, process tomography, measuring devices,
laboratory systems, mathematical algorithms and measurement models used in image reconstruction
based on synthetic data and real measurements. Laboratory equipment, tomography devices designed
at Research & Development Centre Netrix SA, the Eidors toolbox [48], Microsoft tools, Matlab, Python
and R language were used during the research.

2.1. Electrical Tomography

Electrical tomography is an imaging technique that uses different electrical properties of different
types of materials, including biological tissues. In this method, the power or voltage source is
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connected to the object, followed by the emergence of current flows or the distribution of voltage
at the edge of the object. The collected information is processed by an algorithm that reconstructs
the image. This tomography is characterized by a relatively low image resolution. Difficulties in
obtaining high resolution result mainly from a limited number of measurements, nonlinear current
flow through a given medium and too-low sensitivity of measured voltages depending on changes
in conductivity inside the area. Electrical tomography has historically been divided into electrical
capacitive tomography for systems dominated by dielectrics, and electrical resistance tomography.
The basic theory can be obtained from Maxwell’s equations.

A complex “admittivity” can be defined as follows:

γ = σ + iωε (1)

where ε is the permittivity, σ is the electrical conductivity, and ω is the angular frequency.
In the case of the electric field strength (E), the current density (J) in the test area will be related to

Ohm’s law:
J = γE (2)

The gradient of the potential distribution (u) has the form:

E = −∇u (3)

Due to the fact that there are no sources from the Ampère law in the studied region, we have:

∇·J = 0 (4)

Potential distribution in a heterogeneous, isotropic area:

∇·(γ∇u) = 0 (5)

where u is the potential.
Where the capacitance or resistance dominates, the equation factor should be simplified to

the form:
∇·(σ∇u) = 0 f or

ωε

σ
� 1(ERT) (6)

∇·(ε∇u) = 0 f or
ωε

σ
� 1(ECT) (7)

By solving the inverse problem, we obtain the distribution of material coefficients in the
studied area.

Electrical resistance tomography in a process tomography can be interchangeably called electrical
impedance tomography (EIT). In the following part of this work, we will mainly use the name,
EIT [49–51].

The inverse method and neighboring method in EIT for collecting data from potential
measurements at the edge of an object for 16 electrodes is shown in Figure 2.
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(a) (b) 

Figure 2. Measurement model in electrical impedance tomography: (a) opposite, (b)
neighboring method.

2.2. Measurement Models

In order to test the effectiveness of algorithms for the analysis of processes in industrial
tomography, three real measuring models were implemented. Electrical tomography was implemented
for the analysis. Figure 3a presents the EIT measuring device (hybrid tomograph), which was made by
the Netrix S.A. Research and Development Center. A bucket with electrodes was used as the tank or
industrial reactor model (Figure 3b,c).

(a) 

(b) (c) 

Figure 3. The test stand: (a) the measurement device—a hybrid tomograph made by the Netrix S.A.
Research and Development Center, (b) tank with 2 phantoms, (c) tank with 4 phantoms.
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The arrangement of phantoms inside the investigated object is presented in Figure 4. This is a
plan view that corresponds with the pictures of the tank shown in Figure 3.

plan view that corresponds with the pictures of the tank shown in 
Figure 3. 

(a) (b) (c)

Figure 4. Three variants of the arrangement of phantoms in the tested tank with
16 electrodes: (a) 2 phantoms, (b) 3 phantoms, (c) 4 phantoms.

Figure 5 shows a side view of the dimensioned model of the EIT tested tank. On the left side, a
tube immersed in the tank with its diameter can be seen.

Figure 5. Dimensioned model of the EIT tested tank.

Based on the above physical models, a special simulation algorithm was developed to generate
learning cases used during the training process of the machine learning systems. Each training case
was generated in accordance with the following procedure. First of all, we assume a homogeneous
distribution of electrical conductivity. Then, we randomly select the number of internal inclusions.
We assume that as a result of the draw we receive a maximum of five objects, each with a circular
shape. The radius and conductivity are such that they correspond to the actual tests carried out by the
EIT. During the next stage of calculations, the center of each internal object is drawn. For the obtained
conductivity distribution, measurement voltages are determined using the finite element method.

Figure 6 shows one of the 50,000 generated cases used to train the predictive system. The cross
section of the tank contains 5 randomly arranged artifacts, which corresponds to the 96 vector voltage
measurements. Because the polarization of the electrodes changes during individual measurements,
the voltage varies during the interval (−0.06; +0.06).
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Figure 6. A training case generated with the simulation method with a graph showing the voltages.

Based on the dimensions of the physical model, output images (reconstructions) for 3 cases of
arrangement of the tubes were also generated (see Figure 4). The background pixel values are 1 and in
the reconstructive images are marked in white. In turn, the spots (pixels) of the occurrence of the tubes
have a value close to 0 and are colored dark blue.

Algorithm 1 shows the pseudo code used to generate training cases. The script generating the
simulation data of the measurements on the electrodes included artificial noise (line 8 in Algorithm 1).
For this purpose, a random number generator with a normal distribution was used, with an expected
value of 0 and a corresponding standard deviation. In addition, the voltages determined on the basis
of numerical simulation are always subject to a certain error, especially when, as in the described case,
we make calculations on a grid consisting of a relatively small number of finite elements.

Algorithm 1. The pseudo code to generate learning cases

1. N = 50000; % The number of cases
2. for 1: N
3. random selection of the number of objects; % set of NumberOfObjects variable
4. for 1: NumberOfObjects
5. random selection of the object’s location; % center and radius
6. end

7. adding an output image to the set of training cases; % saving response data
8. determination of voltages and adding Gaussian noise; % Gaussian noise = randn(1, 96) × 5 × 10−5

9. saving the values of voltages to the training set; % saving input data
10. end

2.3. Algorithms and Methods

There are many methods and algorithms used in optimization problems [52–57]. In this article,
the authors chose deterministic algorithms based on the Gauss-Newton method as a reference to the
machine learning methods. The Gauss-Newton method is often used in electrical tomography because
it is quite effective. The next algorithms were based on machine learning methods [8,58], in which an
innovative approach to tomographic problems was presented.
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2.3.1. Image Reconstruction

Process tomography also belongs to the problems of the inverse electromagnetic field. The inverse
problem is the process of optimization, identification, or synthesis in which the parameters describing a
given field are determined based on the possession of information specific to this field. Such issues are
difficult to analyze. They do not have unambiguous solutions and are ill-conditioned due to too little
or too much information. They are sometimes contradictory or linearly dependent. Knowledge of the
process can make image reconstruction more resistant to incomplete or damaged data. The numerical
analysis of the problem was carried out using the finite element method.

The colors of individual pixels on the image correspond to the conductance of the examined
cross-section parts. An approach in which each of the separately trained subsystem generates only one
output, that is, the value of a single pixel of the output image allows for better mapping of the values
of electrical measurements.

To confirm the above thesis, a number of experiments were carried out using three neural networks
differing in structure and number of outputs. Three types of ANN with the following structures were
trained: 96—10—1 (96 predictors, 10 hidden neurons, 1 response), 96—10—10 (96 predictors, 10 hidden
neurons, 10 responses) and 96—20—10 (96 predictors, 20 hidden neurons, 10 responses). The smaller
the Mean Square Error (MSE) and the bigger the regression (R), the better is the quality of ANN.
Responses (output pixels) were chosen randomly. The set of 50,000 cases was randomly divided into
3 subsets: training, validating and testing in the proportion of 70:15:15. The results of the experiments
are presented in Table 1.

Table 1. Comparison of the neural networks with 1 and 10 responses.

Quality Indicators for Testing Set
ANN Type

96—10—1 96—10—10 96—20—10

MSE 0.0069 0.0087 0.0086

R 0.7548 0.6994 0.6897

Only the testing set was used to assess the network quality. To increase the objectivity of
experiments, the indicators in Table 1 (MSE, R) were the arithmetic mean of 10 experiments performed
for each of the three types of ANN.

As you can see, the best results were obtained for the ANN with a single output (96—10—1).
A more complex 10-output network (96—20—10) was better than the simpler 96—10—10 ANN having
10 neurons in the hidden layer. However, both neural networks with 10 responses turned out to be
worse than ANN with a single response. The abovementioned tests proved that the variant of ANN
with one output turned out to be the best. For this reason, in the research multiple LARS, Elastic net
and ANN systems were used, in which each of the subsystems generated only one response value.

Figure 7 presents an outline of a machine learning system that was applied to all 3 methods:
LARS, Elastic net and ANN. A distinguishing feature of the presented concept is the separate training
of each of the 2883 machine learning subsystems. Their number is equal to the resolution of the image
output grid (2883 pixels).
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Figure 7. A mathematical neural model for converting electrical signals into images.

2.3.2. Gauss-Newton Method

The Gauss-Newton method is an effective approach to solve inverse problem in the electrical
impedance tomography. It is worth emphasizing that such a problem is nonlinear and ill-posed.
In difference imaging, the Gauss-Newton method can be used to minimize differences between
reference and inhomogeneous data [12,59].

In general cases, image reconstruction involves determining the global minimum of the objective
function, which can be defined as follows:

F(σ) =
1
2

{
‖Um − Us(σ)‖2 + λ2‖L(σ−σ∗)‖2

}
(8)

where:

Um—voltages obtained as a result of the measurements
Us(σ)—voltages received by numerical calculations (FEM) for given conductivity σ

σ*—conductivity represents known properties
λ—regularization parameter (positive real number)
L—regularization matrix.

Using appropriate approximations, it can be shown that the conductivity in the iteration denoted
by k + 1 is given by the following formula:

σk+1 = σk + αk

(
JT

k WJk + λ2LTL
)−1[

JT
k W(Um − Us(σk))− λ2LTL(σk −σ∗)

]
(9)

where: W—weighting matrix (it is usually a unit matrix), Jk—Jacobian matrix calculated in k-th
step, αk—step length. The Gauss-Newton method with Laplace regularization was implemented in
our research.

2.3.3. LARS

Machine learning is related to the ability of the software to generalize based on previous
experience. The important thing is that these generalizations are designed to answer questions
about both previously collected data and new information. Using statistical methods with different
regression models was presented in [60]. This approach enables quick diagnosis combining low cost
and high efficiency. The selection of variables and the detection of data anomalies are not separate
problems. To use the variables and outliers at the same time, the low angle regression (LARS) algorithm
is used. While it is prudent to be cautious about the generalization of a small set of simulation results,
it seems that LARS combined with dummy variables or row samples can provide computationally
efficient, robust selection procedures. The proposed multiply LARS algorithm calculates all possible
Lasso estimates for a given problem using an order of magnitude of less computing time. Another
variation of LARS implements the linear regression of forward stagewise, this combination explains
similar numerical results previously observed for Lasso and Stagewise and helps to understand the
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properties of both methods. A simple approximation of LARS degrees of freedom is available, from
which the estimated prediction error value is taken.

If the regression data has only additional outliers, then we can start with a simple
regression model:

Y = Xβ + ε (10)

where Y ∈ Rn, X ∈ Rn×(k+1) denote the observation matrices of response and input variables,
respectively, and β ∈ Rk+1 denotes the vector of unknown parameters. The object, ε ∈ Rn presents
a sequence of disturbances. The Least Angle Regression algorithm selects the subset of appropriate
variables from entire set of available input variables. The linear model is built by employing the
forward stepwise regression, where at each step the best variable is inserted to model.

The algorithm of Least Angle Regression is applied as follows:

1. standardize input variables;
2. select the most correlated input variable with the output variable. Add input variable to the

linear model;
3. determine the residual from the obtained model;
4. add a variable which is the most correlated with the residual to the model;
5. move coefficient β towards its least-squares coefficient;

Repeat steps 2–5 for the suitable number of iterations.

2.3.4. Elastic Net

Elastic net is a regularized regression method that linearly combines the L1 and L2 penalties of
the Lasso and ridge methods [61–63]. Lasso is a regularization technique. The implemented multiply
method can be used to reduce the number of predictors in a regression model or it selects among
redundant predictors.

The equation is used to determine the linear regression:

min
(β0,β′)∈Rk+1

1
2n

n

∑
i=1

(
yi − β0 − xiβ

′)2
+ λPα

(
β′) (11)

where xi = (xi1, . . . , xik), β′ = (β1, . . . , βk) for 1 ≤ i ≤ n and Pα is an Elastic net penalty
Pα is defined as:

Pα

(
β′) = (1 − α)

1
2
‖β′‖L2 + α‖β′‖L1

=
k

∑
j=1

(
1 − α

2
β2

j + α
∣∣β j
∣∣) (12)

We see that the punishment is a linear combination of norms L1 and L2 of unknown parameters
β′. The introduction of the parameter-dependent penalty function to the objective function reduces the
estimators of unknown parameters.

2.3.5. Multiply Neural Network

This chapter presents the neuronal model enabling efficient reconstruction of tomographic images.
Effective use of multiply artificial neural networks in tomography is possible, but the effectiveness
of this tool depends on many conditions. First of all, ANNs (artificial neural networks) are able to
effectively visualize objects, many of which are already known. Each subsystem means one neural
network. All neural networks were trained based on a set of 50,000 simulation-generated cases.

A serious problem limiting the ability to generalize ANNs is overfitting. A good technique to
reduce overfitting is to fundamentally limit the capacity of the model. These approaches are called
regularization techniques. Among them, the following techniques can be distinguished: parameter
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norm penalties, early stopping, dropout, and transfer learning. In the case described, the technique of
early stopping was used [64].

This technique tries to stop an estimator’s training phase prematurely, at the point where it has
learned to extract all meaningful associations from the data, before beginning to model its noise. This is
done by monitoring MSE (Mean Squared Error) of the validation set and terminating the training
phase when this metric stops falling. This way, the estimator has enough time to learn the useful
information but not enough to learn from the noise.

All cases were randomly divided into 3 sets: training, validating and testing in 70:15:15
proportions. The training set (35,000 cases) was used to properly train each of the subsystems. The
validation set (7500 cases) was used to determine the moment of stopping the iterative training process.
The condition for stopping the learning process was a non-decreasing MSE for the validation set for the
next 6 iterations. The test set (7500 cases) can be used for independent assessment of network quality
after the learning process (MSE, R). The structure of each of the neural networks can be described as
follows: 96—10—1. This means that each ANN was a multi-layered perceptron with 96 predictors, one
hidden layer with 10 neurons and the output layer with one neuron. Logistic functions were used as
the activation functions. All ANNs were trained using the Levenberg-Marquardt algorithm.

Algorithm 2 in the form of Matlab code represents the iterative process of training the multiple
neural network shown in Figure 5. In a single structural variable called nets_for_pixels, all 2883 neural
networks were recorded.

Algorithm 2. The Matlab code for training multiple ANN system

% X′- input matrix 96 × 50000 of training cases
% Y′- output matrix 2883 × 50000 of training cases
% Choose a Training Function
trainFcn = 'trainlm'; % In this case Levenberg-Marquardt backpropagation was chosen
hiddenLayerSize = 10; % Choose a number of hidden layers
net = fitnet(hiddenLayerSize,trainFcn); % Create a fitting network under variable ‘net’
% Choose input and output pre/post-processing functions
% ‘removeconstantrows’ - remove matrix rows with constant values
% ‘mapminmax’ - map matrix row minimum and maximum values to [−1 1]
net.input.processFcns = {'removeconstantrows','mapminmax'};
net.output.processFcns = {'removeconstantrows','mapminmax'};
% Setup division of data for training, validation, testing
net.divideFcn = 'dividerand'; % Divide data randomly
net.divideMode = 'sample'; % Divide up every sample
net.divideParam.trainRatio = 70/100; % 70% of cases is allocated for training
net.divideParam.valRatio = 15/100; % 15% of cases is allocated for validation
net.divideParam.testRatio = 15/100; % 15% of cases is allocated for testing
net.performFcn = 'mse'; % Mean Squared Error will be used for performance evaluation
x = X';
y = Y';
N=2883; % The resolution of output picture grid
parfor i=1:N % Start ‘for’ loop with parallel computing

% Assign an i-th row of reference cases to the variable t. Each of the 2883 lines corresponds
% to one pixel of the output image
t = y(i,:);
% Train the network. The variable ‘nets_for_pixels’ is a structure that consists of 2883
% separately trained neural networks.
[nets_for_pixels{i},~] = train(net,x,t);

end % End ‘parfor’ loop
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It should be emphasized that the algorithms used for the multiply Elastic net and multiply LARS
methods, although created in R programming language, have an analogical logical structure. Therefore,
they are not included in this paper.

3. Results

This chapter presents the results of image reconstruction based on designed numerical models
and laboratory measurements. Data analysis is an important part of the diagnosis of the process based
on tomography. Knowledge of the process can make the image reconstruction better. Inside the tested
object, as its cross-section, a mesh of finite elements is generated. As a result of the calculations it
obtains a reconstructed image. The inverse problem was solved using both deterministic and machine
learning methods.

Figures 8–15 present the results of reconstruction of images based on laboratory measurements
of the examined objects. These are not reconstructions based on artificial measurements obtained
from a simulation generator. The reconstructions presented below are the result of real measurements
generated using a physical model (Figure 3). They contain natural noises and other imperfections,
caused by disturbances of the EIT system and the measurement process. As a result, the tomographic
images presented below constitute an appropriate comparative basis, enabling objective evaluation of
individual reconstruction EIT algorithms.

The systems with 16 and 32 electrodes were used here. Previous research proves that deterministic
methods effectively reconstruct the image based on real measurements. The results obtained using
multiply neural networks depend primarily on the quality of the training set. In the presented
experiments, the data set for ANN was 10 times larger than for LARS or Elastic net and included more
cases both in terms of the number of objects (tubes) and their distribution. It is possible that this fact
caused the higher quality of the ANN reconstruction. The multiply LARS method is quite sensitive,
while multiply Elastic net is quite universal, because by selecting the appropriate regularization
parameters you can get enough good reconstructions on the actual data.

All reconstructions presented in this section refer to the three variants of tube arrangements
presented in Section 2.2 (Figure 4). Reconstructions were obtained on the basis of test cases generated
using the appropriate script. The white color means background. The objects are blue. The colors of
the image are correlated with the conductance of the area represented by particular points on the mesh
of a given cross-section. All reconstructed images were not improved by data filtering or denoising.

3.1. Gauss-Newton Method

The Gauss-Newton with Laplace regularization method was used to reconstruct the image in the
electrical tomography for the 16 and 32 electrode systems (Figures 8 and 9). The reconstructions were
obtained using the Gauss-Newton method using Laplace regularization. The numerical algorithm
operated on a differential basis. So, in this case, we solve the inverse problem after the first iteration.
The regularization parameter was 0.08. The reconstructed images illustrate variants with 2, 3 and
4 artifacts.
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(a) (b) (c)

Figure 8. Image reconstruction for 16 measurement electrodes by the Gauss-Newton method with
Laplace regularization: (a) 2 objects, (b) 3 objects, (c) 4 objects.

(a) (b) (c)

Figure 9. Image reconstruction for 32 measurement electrodes by the Gauss-Newton method with
Laplace regularization: (a) 2 objects, (b) 3 objects, (c) 4 objects.

By comparing the reconstructive images from Figures 8 and 9 to Figure 4 from Section 2.2, it can
be seen that the visual mapping of the position of the objects is correct, but their diameters are larger
than in the reference images. The background noise is also visible because it should be uniformly
white. There are also significant differences in the quality of images obtained from 16 and 32 electrode
systems. The use of 32 electrodes gives much better results in this case.

3.2. Multiply Neural Networks

Image reconstruction in the case of multiply neural networks depends largely on the training set.
An interesting observation is that the use of 32 electrodes (Figure 11) with respect to 16 (Figure 10)
does not affect the visual quality of the imaging.
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(a) (b) (c)

Figure 10. Image reconstruction for 16 measurement electrodes by Multiply Neural Networks:
(a) 2 objects, (b) 3 objects, (c) 4 objects.

(a) (b) (c)

Figure 11. Image reconstruction for 32 measurement electrodes by Multiply Neural Networks:
(a) 2 objects, (b) 3 objects, (c) 4 objects.

Comparing the reconstructive images of Figures 10 and 11 to Figure 4, it can be seen that the visual
representation of the position and also the size of the objects is clearly better than for the Gauss-Newton
method. Noise is visible, but it is relatively small and rather point-like.

3.3. Multiply LARS

Another algorithm was based on the multiply LARS method. A training set of 5000 elements was
used here. In this case, the obtained results for a system with 16 electrodes (Figure 12) are slightly
worse than for a system with 32 electrodes (Figure 13). The key element in this method is the separation
of a group of independent measurements. The visual mapping of the position of the objects is correct,
but their diameters are larger than in the reference images.
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(a) (b) (c)

Figure 12. Image reconstruction for 16 measurement electrodes by multiply LARS: (a) 2 objects,
(b) 3 objects, (c) 4 objects.

(a) (b) (c)

Figure 13. Image reconstruction for 32 measurement electrodes by multiply LARS: (a) 2 objects,
(b) 3 objects, (c) 4 objects.

3.4. Multiply Elastic Net

The final algorithm is multiply Elastic net. It is more universal due to its character and gives quite
precise results.

q p

(a) (b) (c)

Figure 14. Image reconstruction for 16 measurement electrodes by multiply Elastic net: (a) 2 objects,
(b) 3 objects, (c) 4 objects.
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(a) (b) (c)

Figure 15. Image reconstruction for 32 measurement electrodes by multiply Elastic net: (a) 2 objects,
(b) 3 objects, (c) 4 objects.

The same training set was used as for the previous method. Reconstructions for systems with 16
and 32 electrodes are shown in Figures 14 and 15, respectively. The diameters of inclusions are larger
than the reference ones, however, the two-fold increase in the number of electrodes gives significantly
better results. The accuracy of the mapping increases and the amount of background noise decreases.

3.5. Comparison of Image Reconstructions

Visual comparison of individual methods (Gauss-Newton, multiply Neural Networks, multiply
LARS and multiply Elastic net) is not very precise. In order to increase the fairness of the comparison,
special indicators calculated using mathematical methods were applied. To make this possible using the
simulation method, reference images (vectors) were designed for all 6 cases examined. The dimensions
of the physical model presented in Section 2.2 were used for this purpose. It is quite easy because in all
tested variants the pixels of the background are white (value 1) and the identified objects (tubes) have
a dark blue color (value 0) on the cross-section.

In order to compare the methods, the following evaluation metrics were used: Mean Squared
Error (MSE), Relative Image Error (RIE), Image Correlation Coefficient (ICC) and the Expected Time of
Image Reconstruction expressed in seconds. MSE is evaluated according to (13)

MSE =
1
n

n

∑
i=1

(
y′ i − y∗ i

)2 (13)

where n is the output image resolution, y′ i is the value of i reference pixel, and y∗ i is the value of i
reconstructed pixel.

RIE is evaluated according to (14).

RIE =
‖y′ − y∗‖

‖y′‖ (14)

ICC is evaluated according to (15).

ICC =
∑n

i=1
(
y∗i − y∗

)(
y′ i − y′

)
√

∑n
i=1
(
y∗i − y∗

)2
∑n

i=1
(
y′i − y′

)2
(15)

where: y′ is the mean value for reference pixels; y∗ is the mean value for reconstructed pixels.
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The smaller the MSE and RIE, the better the reconstruction quality. ICC is vice versa, the closer to
1, the better the reconstruction.

Table 2 presents the analysis of the quality of image reconstruction for individual methods.
The column headers contain information about the number of electrodes in the measurement system
(E16 or E32) and the number of hidden objects (O2, O3, O4). For example, E16_O2 means a measuring
system with 16 electrodes applied to a case with 2 objects hidden inside the tested tank.

Table 2. Comparison of image reconstruction indicators.

Methods Evaluation Metrics
Tested Cases

E16_O2 E16_O3 E16_O4 E32_O2 E32_O3 E32_O4

ANN

MSE 0.0074 0.0086 0.0076 0.0060 0.0061 0.0058
RIE 0.0869 0.0936 0.0886 0.0782 0.0785 0.0771
ICC 0.7356 0.7371 0.8218 0.7484 0.8163 0.7946

Expected time of image
reconstruction [s] 0.1501 0.1578 0.1574 0.2776 0.2785 0.2787

Elastic net

MSE 0.0111 0.0148 0.0197 0.0081 0.0131 0.0174
RIE 0.2466 0.3499 0.3451 0.2120 0.2661 0.3300
ICC 0.5024 0.4651 0.4535 0.5090 0.4785 0.4702

Expected time of image
reconstruction [s] 0.00062 0.00066 0.00071 0.0013 0.0014 0.0014

LARS

MSE 0.0115 0.0153 0.0203 0.0074 0.0121 0.0160
RIE 0.1053 0.1216 0.1402 0.0871 0.1113 0.1280
ICC 0.4658 0.4586 0.4438 0.5261 0.5072 0.5082

Expected time of image
reconstruction [s] 0.00041 0.00095 0.00092 0.0019 0.0018 0.0018

Gauss-Newton
with Laplace
regulari-zation

MSE 0.0199 0.0267 0.0351 0.0110 0.0164 0.0225
RIE 0.1661 0.2524 0.3415 0.1563 0.1755 0.2402
ICC 0.5290 0.4643 0.4181 0.5853 0.5984 0.5412

Expected time of image
reconstruction [s] 0.01248 0.01010 0.00940 0.01159 0.01229 0.01197

Analyzing the indicators in Table 2, it can be noticed that for all 6 tested variants and 3 indicators
the best quality of reconstruction was obtained with the multiply ANN. The rest of the methods differ
in relation to both variants and indicators. For example, in the reconstruction of E16_O2, the best MSE
was with Elastic net (MSE = 0.0111), the best RIE was for LARS (RIE = 0.1053) and the best ICC was
for Gauss-Newton with Laplace regularization (ICC = 0.5290). So, it is impossible to unambiguously
determine the best method from the multiply Elastic net, multiply LARS and Gauss-Newton, but
indisputably, the best results were obtained using ANN in the tested cases. At the same time, it can be
noticed that multiply ANN is the slowest method among all the tested algorithms, while the fastest
methods proved to be multiply Elastic net and multiply LARS.

The learning times of tomographic algorithms based on the analyzed methods belonging to the
machine learning group depend on a lot of factors. For example, the training time of the multiply
ANN for 16 electrodes, by employing one central processing unit (CPU) core took about 27 hours but
with 24 cores it was 4.4 hours. The multiply Elastic net and multiply LARS methods are much faster
than multiply ANN. With one core it was about 90 seconds and with 24 cores the training time was
about 25 seconds. In the case of 32 electrodes, the training times are about 13% longer for ANN and
5 times longer for Elastic net and LARS.

4. Conclusions

The monitoring systems are aimed at automation, analysis and optimization of technological
processes using industrial tomography, which allows for analysis of processes taking place in a facility
without interfering with its interior. Such solutions enable better understanding and monitoring of
industrial processes and facilitate process control in real time. The collected information is processed
by an algorithm that reconstructs the image. This type of tomography is characterized by a relatively
low image resolution. Difficulties in obtaining high resolution result mainly from a limited number of
measurements, non-linear current flow through a given medium and too-low sensitivity of measured
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voltages depending on changes in conductivity in the area. The main challenge in this area is to design
precise measuring devices and algorithms for image reconstruction.

Data analysis is an important part of the diagnosis of the process based on tomography.
The inverse problem is the process of optimization, identification or synthesis, in which the parameters
describing the field are determined based on the possession of information relevant to this field. Such
problems are difficult to analyze. They do not have unambiguous solutions and are misunderstood due
to too little or too much information. Knowledge of the process can make image reconstruction more
resistant to incomplete information. In the article, the authors used the deterministic method based
on the Gauss-Newton method with Laplace regularization as a reference for the selected machine
learning methods.

In the process based on electrical tomography, there is no ideal method for reconstructing and
analyzing data. Methods and models need to be properly selected depending on the specificity of
the problem that needs to be solved. Deterministic methods are usually more awkward with many
hidden objects requiring reconstruction. Multiply Neural Networks give better results, but this is
mostly dependent on the quantity and quality of the training set. With a large training set, especially
for smaller objects, they are really effective. Machine learning methods based on multiply LARS,
especially multiply Elastic net, seem to be less accurate, especially for real measurement data, but
they are much faster than multiply ANN. The disadvantage of ANN is the long training time and the
relatively long reconstruction time. The obtained results were illustrated graphically, which gives the
possibility of visual analysis of the processes taking place inside the object, as well as with the use
of numerical indicators. The proposed algorithms and gained knowledge should bring benefits to
various economic and industrial sectors.

Further works will be focused on improving the methods of image reconstruction using
deep learning and the development of measuring devices for both electrical tomography and
ultrasound tomography.
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Abstract: Wire-mesh sensors are used to determine the phase fraction of gas–liquid two-phase flow
in many industrial applications. In this paper, we report the use of the sensor to study the flow
behavior inside an offshore oil and gas industry device for subsea phase separation. The study
focused on the behavior of gas–liquid slug flow inside a flow distribution device with four outlets,
which is part of the subsea phase separator system. The void fraction profile and the flow symmetry
across the outlets were investigated using tomographic wire-mesh sensors and a camera. Results
showed an ascendant liquid film in the cyclonic chamber with the gas phase at the center of the pipe
generating a symmetrical flow. Dispersed bubbles coalesced into a gas vortex due to the centrifugal
force inside the cyclonic chamber. The behavior favored the separation of smaller bubbles from the
liquid bulk, which was an important parameter for gas-liquid separator sizing. The void fraction
analysis of the outlets showed an even flow distribution with less than 10% difference, which was
a satisfactorily result that may contribute to a reduction on the subsea gas–liquid separators size.
From the outcomes of this study, detailed information regarding this type of flow distribution system
was extracted. Thereby, wire-mesh sensors were successfully applied to investigate a new type of
equipment for the offshore oil and gas industry.

Keywords: wire-mesh; flow distribution; subsea gas–liquid separation; two-phase flow; cyclonic chamber

1. Introduction

Sensing technology for two-phase flow monitoring has evolved from simple visualization
techniques and global parameters measurement (such as pressure drop and temperature) to use
of tomographic and imaging techniques to discover details of flow behavior in pipes and equipment.

Sensors 2019, 19, 193; doi:10.3390/s19010193 www.mdpi.com/journal/sensors239
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The current use of computational power to simulate complex flow and to predict its behavior has also
pushed the development of measurement techniques to measure flow parameters with greater detail,
i.e., high spatial and temporal resolution [1]. Among tomographic techniques based on a variety of
measuring principles—such as gamma-ray, X-ray, impedance, ultrasound and others—a technique
known as the wire-mesh sensor has emerged as a very competitive alternative, due to its high spatial
and temporal resolution (up to few millimeters and few kilohertz range). It has been applied in
a number of pilot plant studies around the world [2–6]. Hence, in this paper, the wire-mesh sensor
was applied for the first time to characterize the flow inside reduced-scale subsea equipment from the
oil industry.

Offshore deep-water discoveries have driven the interest of the industry in new subsea separation
technologies. According to the International Energy Agency, the petroleum withdrawn on platforms
represents 30% of all world production. The crude oil of offshore reservoirs is generally mixed with
many components, such as liquid water, gas and solids. In this way, devices are used to separate those
components, e.g., gravitational separator devices in the offshore platform [7].

In the past years, there is a trend to move the processing unit from the topside to the seabed
level, to optimize oil production in deep water environments [8]. Separation of liquid and gas
phases at the wellhead level can mitigate the hydrate risk after the separation and increase liquid
boosting of submersible centrifugal pumps, or any artificial lift process used, among other advantages.
Subsea separation also allows the debottlenecking of topside water treatment (water/hydrocarbon
separation and subsea water reinjection) [9]. Gravitational and centrifugal separators are generally
used for this purpose due to their high separation efficiency. However, they require large dimensions,
which makes the construction, installation and maintenance of this equipment difficult at offshore
deep-water applications.

Numerous alternatives to conventional separators based on gravity and centrifugal flow have been
proposed. Separators that use the cyclone concepts as VASPS (Vertical Annular Separation and Pumping
System) [10], include the CS (Cyclone Separator) [11,12] and the GLCC© (Gas–Liquid-Cylindrical
Cyclone) [13,14]. The concept is based on tangential inlets in vertical pipes to provide the swirling
motion to the incoming mixture. The resulting centrifugal force enhances phase separation since
the liquid phase flows near the wall and the gas phase flows in the middle of the pipe, which is
induced by the difference of density between the phases. Compact GLCC separators are smaller
than conventional separators and could reduce the costs of the development of an oilfield. However,
reducing the size of separators also reduces the separator robustness to handle fluctuations in the
flow rate and composition. Hence, some authors proposed the combination of cyclone devices as
pre-separators or as partial separators [15]. Another alternative to solve the problems of conventional
cyclonic separators is to reduce its dimensions by distributing the flow to smaller vessels with reduced
wall thickness [16]. The distributor ideally will produce symmetrical flow rates across all outlets to
optimize the separator dimensions project.

In this context, a novel design of a flow distributor system, proposed by the authors,
is experimentally investigated. Tomographic instrumentation and a camera were applied to evaluate
the two-phase flow behavior inside the distributor device presented in Figure 1. A cyclonic chamber,
in which the entries are tangentially located at the bottom and outlets at the top, was used as
a pre-distribution/separation device. Due to the positioning of the inputs being tangential in the
distributor, an ascendant liquid film flow, driven by a centrifugal field, results when the liquid-gas
mixture enters the cyclonic chamber. This flow has the characteristic, in which a thin liquid film flows
near the wall under the action of centrifugal and gravitational fields until the outlets. The device could
be coupled with gas-liquid separators such as the VASPS. The study focused on the slug flow pattern,
since it is the worst-case scenario, as the gas and the liquid flow could be unevenly distributed to
different separators. Wire-mesh sensors were used to identify the flow pattern and to measure the void
fraction at the input, inside the cyclonic chamber and at the four outputs. A camera was also used to
capture the flow behavior through the transparent pipeline.
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Figure 1. Schematic representation of the flow distribution system.

2. Experimental Setup

Figure 2 shows a schematic representation of the experimental flow loop used in this work.
The water-air mixture flows through an acrylic pipe of 26 mm (1 inch) internal diameter and 7 m
in length. Tap water circulates throughout a closed loop using a pump, and air flow is produced
by a compressor and stored in a vessel. Air and water flow rates are independently measured by
a rotameter and a Coriolis flow meter. The pipe ends in a vertical direction, where the flow is divided
into two channels and tangentially enters the cyclonic chamber. The flow is distributed through four
outputs with a 13 mm diameter (1/2 inch). The rotameter readings are compensated by the pressure
difference at the pipe entrance and the pressure at the measurement point. Temperatures, pressures
and flow rates are monitored using industrial sensors connected by Foundation Fieldbus. The flow
rate is also controlled by a frequency inverter, by National Instrument System acquisition, using
LabVIEW. We wanted to evaluate the slug flow pattern at the input, so we used a flow map (Figure 3),
which is a simple method of determining flow regimes based upon a known range of phase velocities.
We followed the flow map elaborated by [17] for the setup of gas and liquid superficial velocities
(The superficial velocity is normally defined as Q/A, where Q is the volumetric flow rate (e.g., m3/s)
of the fluid, and A is the cross-sectional area (e.g., m2)), as it had the same vertical, 1 inch, water-air
two-phase flow as in our experiment. The highlighted rectangle comprises a test setup with superficial
gas velocities (JG) from 0.5 to 1.0 m/s, and superficial liquid velocities (JL) from 0.5 to 2.0 m/s with
a 0.5 m/s step.
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Figure 2. Schematic representation of the measurement plant with the wire-mesh sensors (WMS),
ultrasound (US), pressure and temperature sensors (P) and (T).

 

Figure 3. Flow map test setup for slug flow based on [17].

To investigate the behavior of the liquid-gas flow inside the distribution system, we analyzed the
variation of the void fraction through the system. A wire-mesh sensor (WMS) was used to measure the
void fraction [18]. This technique is a reliable flow visualization tool with high spatial and temporal
resolution. The sensor consists of transmitter and receiver wires measuring the electrical properties
of the flow within its slightly spaced crossing points. The transmitter electrodes are consecutively
activated while keeping all other transmitter electrodes at ground potential. The pair of electrodes
measured the electrical permittivity of the surrounding flow phase at the crossing point and then
converted it to phase fraction, by calibration routines taken before the measurements. More details
on the capacitive wire-mesh sensor can be found at [19]. The electronics, commercialized by HZDR
Innovation GmbH, was configured with a frame-rate of 1000 Hz. The gas-liquid mixture flows through
a 12 × 12 WMS at the system input, then into a 12 × 12 WMS inside the cyclonic chamber, and finally
through the four 4 × 4 WMS at the system output, as described in Figure 2. The number of wires is
proportional to the pipeline diameter: 1 inch uses 12 × 12 wires and 1/2 inch uses 4 × 4 wires. A simple
camera was used to register the flow image at the same wire-mesh acquisition points as a comparison.
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The gas fraction α is achieved using the acquired voltages V for all crossing points. The values
are calibrated using the sensor covered with a high permittivity material VH (liquid water) and a low
permittivity material VL (air). Equation (1) shows the relation between the variables. Data are stored
in a three-dimensional matrix α(i,j,k), where i and j denote the wire indices and k is the temporal
sampling point index (Figure 4).

α(i, j, k) =
V(i, j, k)− VL(i, j)
VH(i, j)− VL(i, j)

(1)

Figure 4. Spatial coordinates of the wire-mesh processing data. Void fraction is represented in the
color scale.

Based on the α matrix, one can process the void fraction data to analyze the flow behavior.
Figure 5 depicts a different data representation of wire-mesh sensor readings, which are explained by
Equations (2)–(4). More details can be found on [19].

 

Figure 5. Signal processing of water/gas slug flow acquired with the wire-mesh sensor: (a) Averaged
void fraction time series, (b) cross-sectional and (c) axial cut slice images, and (d) three-dimensional
isosurface plot to view the gas-phase boundaries.
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We evaluate the overall void fraction behavior of the flow by using the one-dimensional data of
the averaged void fraction (α) time-series, presented in Figure 5a and Equation (2):

α(k) =
1

Ni Nj

Ni

∑
i

Nj

∑
j

α(i, j, k), (2)

where Ni and Nj are the total number of samples in each axis.
To analyze the flow structure in detail we extract a two-dimensional void fraction data of the

cross-section αcross, represented by Figure 5b and Equation (3):

αcross(i, j) =
1

Nk

Nk

∑
k

α(i, j, k), (3)

where Nk is the total number of time samples. Additional 2D data are obtained by selecting a specific
chord, ichord (which in general, is the central chord), to get an axial cut of the void fraction matrix,
as described in Figure 5c and Equation (4):

α(j, k) = α(ichord, j, k). (4)

In contrast to making slices, a different way of exploring volumetric data is to view the
three-dimensional boundaries. In Figure 5d, we create a polygon using the isosurface data from
the α matrix and an isovalue (threshold). We use it to view the void fraction structure at the input
to confirm the flow pattern. In addition, we can view the flow structure inside the cyclonic chamber,
which will be clear in the Results section.

3. Results and Discussion

In the first test, wire-mesh sensors were installed at the input, inside the cyclonic chamber, and at
two outlets. We proposed a qualitative analysis of the void fraction flow pattern in all test sections.
We used a camera in the same position as the WMS, installed in the cyclonic chamber afterward to
compare the flow structure. In the second test, WMS were installed at the input and the four outlets.
The flow distribution rate at each outlet was quantitatively analyzed using a set of slug flow patterns
at the input. Table 1 shows the wire-mesh setup in each experiment.

Table 1. Arrangement of wire-mesh sensors in each test.

Test Input Cyclonic Chamber Outlet

Flow pattern analysis 12 × 12 12 × 12 Two 4 × 4
Flow distribution analysis 12 × 12 – Four 4 × 4

3.1. Flow Pattern Analysis

In this test setup, we evaluated the void fraction of the intermittent flow through the distribution
system. The first result was a comparison between the slug flow at the input and inside the cyclonic
chamber. Camera and 3D wire-mesh data images are presented in Figure 6.
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Figure 6. Slug flow images with wire-mesh and camera: (a) Input and (b) inside the cyclonic chamber.

Figure 6a shows the slug flow pattern at the input for superficial gas velocities (JG) of 1.5 m/s
and liquid velocities (JL) of 1.0 m/s, which had a dispersed bubbly gas phase followed by a Taylor
bubble. The direct tomographic data from the wire-mesh sensor enabled a better view inside the
mixture. Figure 6b depicts the flow pattern inside the cyclonic chamber. Centrifugal forces pushed the
liquid phase onto the wall of the pipeline with a formation of a gas core in the center. The intermittent
gas-liquid flow pattern changed to a rotating flow, where the dispersed bubbles coalesced in
a gas vortex.

The same behavior occurred in another test, with only dispersed bubbles (JG = 0.5 m/s and
JL = 1.5 m/s), as presented in Figure 7. Wire-mesh data at the input showed the bubbles at the input
and the resulting gas vortex inside the cyclonic chamber. This behavior was highly desirable in the
gas-liquid separator system context. Most separators are sized to provide enough retention time to
allow gas bubbles to form and separate out [20]. Hence, the cyclonic chamber may reduce the separator
size, in addition to the flow distribution advantage.

Figure 7. Tomographic wire-mesh data in a dispersed bubbly flow with (JG) = 0.5 m/s and (JL) = 1.5 m/s.
(a) Dispersed bubble at the input and (b) gas vortex inside the cyclonic chamber.
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Flow distribution can be measured based on the instrumented outlets. Figure 8 depicts a detailed
axial and longitudinal view of the void fraction measured at the input, inside the cyclonic chamber
and at two outlets with the WMS. Original data were synchronized, as the measurement occurs in
different test points.

Figure 8. Axial and longitudinal view of void fraction using the WMS in two-phase flow with
JL = 1.0 m/s and JG = 1.0 m/s. (a) Input, (b) cyclonic chamber, (c) outlet 1 and (d) outlet 2.

Figure 8a shows the slug flow pattern at the input. Large gas bubbles were separated by liquid
slugs and smaller bubbles were mixed in the liquid slug. The changed flow pattern inside the cyclonic
chamber is presented in Figure 8b. Gas and liquid phases maintained the same intermittency as the
input. The main difference was the dispersion of the bubbles, inside the liquid slug, which concentrated
in the middle of the pipeline due to the centrifugal force. The void fraction at the outlets also followed
the slug flow pattern and were equally distributed (Figure 8c,d). Besides the symmetry in flow
distribution, the synchronized comparison also showed that the intermittent behavior propagated
from the input to the outlets. We also observed the mean void fraction behavior in the input, inside the
cyclonic chamber and at the two outlets as the liquid and gas superficial velocities increased.

Figure 9 shows the mean void fraction measured by the WMS for three sets of superficial velocities:
JL = 0.5/JG = 0.5, JL = 1.0/JG = 1.0 and JL = 1.0/JG = 2.0. Figure 9a depicts the void fraction at the input
and Figure 9b inside the cyclonic chamber using 12 × 12 WMS. The mean gas phase was dispersed at
the input and more concentrated in the center of the pipeline, inside the cyclonic chamber with a liquid
film around. The effect was better observed in lower gas velocities. In higher gas velocities, the gas
phase almost occupied the entire pipeline. With JL = 1.0 and JG = 2.0, the mean void fraction profile at
the input was almost the same as inside the cyclonic chamber. Figure 9c,d presents the void fraction in
the outlets. As they were horizontally oriented, the liquid phase stayed at the bottom of the pipeline.
As already observed, both outlets had the same void fraction profile.
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Figure 9. Axial view of the mean void fraction by WMS for three sets of gas and liquid superficial
velocities: (a) Input using 12 × 12 WMS, (b) inside the cyclonic chamber using 12 × 12 WMS, (c) outlet
1 using 4 × 4 WMS, and (d) outlet 2 using 4 × 4 WMS. The bottom of the pipeline is indicated in
the outlets.

3.2. Flow Distribution Analysis

In this test setup, the WMS was installed at the input and at the four outlets to verify the flow
distribution, according to the input slug flow pattern (Figure 10). Original time series was synchronized,
as the measurement occurs in different test points. A slug flow of JL = 1.0 and JG = 1.0 was observed at
the input (Figure 10a) and propagated through the outlets (Figure 10b–e) with the same liquid-gas
profile. The flow distribution was visually symmetrical in the outlets.

A longer void fraction time-series of 30 s, using superficial gas and liquid velocities of 1.5 m/s is
presented in Figure 11. In this setup, numerous gas pockets followed by liquid bulks were observed,
which enabled a reasonable quantitative analysis of the flow distribution. The void fraction at the
input (59%) agreed with the mean void fraction at the outlets (62.40%). The distributed void fraction
between the outlets was almost the same, with a worst-case difference of approximately 3.5% between
outlet 3 (63.7%) and outlet 4 (60.2%).

We also compared the mean void fraction profile in three different sets of velocities: JL = 0.5 m/s
and JG = 0.5 m/s; JL = 1.0 m/s and JG = 1.0 m/s; JL = 1.0 m/s and JG = 2.0 m/s (Figure 12). The mean
void fraction at the input increased from 44.8% to 68.8%, as the superficial gas velocity increased from
0.5 m/s to 2 m/s. An important result was the similarity between the void fraction profiles of the four
outlets, even with different superficial velocities.

The complete result is summarized in Table 2, where eleven different sets of superficial gas and
liquid velocities are evaluated. These results show a void fraction difference between the outlets to
a worst-case difference of 8.2%. Using this flow distribution system, four smaller separators with
1/4 of the original size may be used with only an additional tolerance of 10% due to the uneven
flow distribution. The difference between the outlet’s decay at higher flow rates (JL ≥ 1.0 m/s and
JG ≥ 1.0 m/s), allowing a tolerance of around 5%.
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Despite using the same sensors in the outlets, we needed to consider the effects of the 4 × 4 WMS
uncertainties. According to [21], WMS can measure the void fraction within 11%—relative to other
methods—but the accuracy can be better, depending on the flow pattern. There was also a spatial
resolution issue, as WMS pitch effects caused differences in the order of 1 to 4% for bubbly flows,
but up to 20% peak at a low void fraction. In future work, we may use a higher resolution WMS and
also evaluate the liquid flow rate after the separation process to enhance this study.

Figure 10. Axial and transversal view of the void fraction, using the wire-mesh sensor in two-phase
flow with JL = 1.0 m/s and JG = 1.0 m/s. (a) Input and (b–e) outlets 1–4.

Figure 11. Void fraction time series (30 s. JL = 1.5 m/s and JG = 1.5 m/s): (a) Input and (b–e) outlets 1
to 4.
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Figure 12. Mean axial void fraction (αm) measured in 30 s by WMS in three set of superficial velocities:
JL = 0.5 m/s and JG = 0.5 m/s; JL = 1.0 m/s and JG = 1.0 m/s; and JL = 1.0 m/s and JG = 2.0 m/s.
(a) Input and (b–e) outlets 1 to 4. WMS data at the outlets are rotated due to a different installation.

Table 2. Summary of mean void fraction results.

JL (m/s) JG (m/s)

Void Fraction (%)

Input Outlet 1 Outlet 2 Outlet 3 Outlet 4 Mean Worst Case Difference

12 × 12 4 × 4 4 × 4 4 × 4 4 × 4 Outlets Value %

0.5 0.5 44.84 46.30 41.63 47.91 41.34 44.29 3.61 8.2
0.5 1.0 60.18 64.22 60.23 65.66 58.17 62.07 3.90 6.3
1.0 0.5 33.08 40.68 38.67 42.01 37.78 39.79 2.22 5.6
1.0 1.0 50.59 55.04 52.82 56.47 52.29 54.15 2.32 4.3
1.0 1.5 62.03 63.63 62.27 65.20 60.54 62.91 2.38 3.8
1.0 2.0 68.83 69.62 68.70 70.93 66.67 68.98 2.31 3.3
1.5 0.5 29.93 40.63 38.41 41.44 37.88 39.59 1.85 4.7
1.5 1.0 47.69 53.48 52.59 54.96 50.44 52.87 2.42 4.6
1.5 1.5 59.00 63.41 62.19 63.79 60.21 62.40 3.20 5.1
2.0 0.5 30.80 44.14 44.32 46.14 41.93 44.13 2.20 5.0
2.0 1.0 45.49 56.99 55.71 57.80 54.73 56.31 1.58 2.8
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4. Conclusions

This work presents an experimental analysis of a flow distribution system for gas-liquid
separation, using tomographic wire-mesh sensors. The study focused on a qualitative analysis of the
slug flow pattern at the input, its behavior through the cyclonic chamber, and the flow distribution
symmetry across the outlets. Use of wire-mesh sensors and a camera enabled the visualization of
complete flow inside the cyclonic chamber. Results showed an ascendant liquid film in the cyclonic
chamber with the gas phase at the center of the pipe generating a symmetrical flow. Dispersed bubbles
coalesced into a gas vortex, due to the centrifugal force inside the cyclonic chamber. The behavior
favored the separation of smaller bubbles from the liquid bulk, which was an important parameter for
gas-liquid separator sizing. The void fraction analysis of the outlets showed an even flow distribution
with less than 10% difference. At higher flow rates, the distribution rate difference decayed to 5%.
A part of the observed difference could be due to the 4 × 4 WMS uncertainties. In future work,
we may use a higher resolution WMS and also evaluate the liquid flow rate after the separation process.
In summary, these results contribute to a new flow distribution system design, which is suitable
for subsea gas-liquid separation problems. Hence, wire-mesh sensors were successfully applied to
investigate a case study of the offshore oil and gas industry.
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