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Abstract—Displacement-current phase tomography (DCPT) is
a process tomographic technique originally proposed to overcome
the limitations of electrical capacitance tomography (ECT) for
two-phase flows where one phase is electrically conductive, such
as water. Both DCPT and ECT are two-dimensional cross-
sectional imaging techniques. In this paper, two new develop-
ments based on DCPT are described. First, we describe the ex-
tension of DCPT to perform direct volumetric imaging. Second, a
new method for fluid flow velocimetry (three-dimensional velocity
profiling) based on volumetric DCPT is proposed. Simulation and
experimental results are provided to demonstrate the proposed
techniques for imaging of water-dominated vertical flows.

Index Terms—displacement-current phase tomography, vol-
ume tomography, velocity profiling, two-phase flows.

I. INTRODUCTION

D ISPLACEMENT-current phase tomography (DCPT) is
a non-invasive and non-intrusive soft-field process to-

mographic technique which performs imaging of the dielec-
tric loss distribution in a cross-sectional region of interest
(RoI) [1]. DCPT has spun off from electrical capacitance
tomography (ECT) [2], a permittivity distribution imaging
method. DCPT is based on a similar multi-electrode sensor
as ECT [3], but uses the phase angle of the measured inter-
electrode admittance instead of the mutual capacitance, which
is the case for ECT. ECT has found widespread industrial
applications including cryogenic two phase flow imaging [4],
presymptomatic disease detection for plant roots [5], moni-
toring moisture in cement-based materials [6], and bubbling
and slugging detection in fluidized beds [7]. Since ECT is
based on capacitance measurements, which is associated to
the permittivity distribution inside the RoI, it works optimally
when no lossy media (such as water) is present in the RoI.
The presence of lossy media may be tolerable to some
degree at low conductivity ∼ µS levels (such as low salinity
water) and when the lossy media do not correspond to the
continuous phase in the flow [8]–[11]. Otherwise it becomes
very challenging to image the flow adequately using ECT as is
the case, for example, of water-dominated bubbly flows [12].
In contrast, DCPT [1], [13] is better suited for multiphase
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flows with lossy continuous phase because it is based on the
measurement of the admittance phase, which is dependent on
both the imaginary (i.e. the medium loss) and real parts of
the permittivity distribution in the the RoI. It should be noted
that multi-frequency ECT acquisition based methods have
also provided some promising results for multiphase flows
involving lossy phases [14]–[16]; however, these methods
typically require modifications on the ECT hardware.

ECT was originally developed for two-dimensional (2D)
cross-sectional imaging and later applied to three-dimensional
(3D) imaging by stacking multiple 2D ECT sensor images
along the flow axis. More recently, a direct volumetric ECT
imaging was developed based on the acquisition of mutual
capacitance measurements by a 3D sensor [17], [18]. Such
electrical capacitance volume tomography (ECVT) has been
successfully deployed for various industrial and scientific
applications [19]–[23]. In addition to volumetric imaging,
direct velocimetry (3D velocity profiling) of a flow can also be
carried out with such a system, whereby each voxel within the
RoI is assigned with a (possibly time-varying) velocity vector.
Such transient velocity information is valuable for further
understanding the flow dynamics under investigation [24].
The derivation of a ECVT-based velocity profiling algorithm
in a computationally scalable fashion was recently discussed
in [25], [26] and applied to different flow conditions [27].
However, since this velocity profiling approach is based on
ECVT sensors, it inherits the same limitations discussed above
with respect to water-dominated flows and other flow scenarios
involving lossy media.

In order to better accommodate such scenarios, the present
work describes a volumetric DCPT sensing methodology and
new flow velocimetry approach based on it. These develop-
ments are tested in water-dominated flows consisting of low
permittivity (air) bubbles in high permittivity and conductive
(water) background, where conventional ECT-based imaging
strategies would normally fail. The velocimetry method de-
scribed here captures the velocity profile of the dispersed phase
only. Such velocity information can be combined with volume
fraction information to provide mass flow rate in pneumatic
conveying applications [28] or it can be used to understand the
flow dynamics in fluidized bed applications [29]. The present
method is not applicable to flows where no temporal variation
in the permittivity inside the RoI exists (e.g. annular flows)
or to single phase flows. Both simulation and experimental
results are provided to demonstrate the proposed techniques.
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Fig. 1. (a) A 12-electrode 1-layer sensor suitable for cross-sectional (2D)
imaging. (b) A 24-electrode 4-layer sensor suitable for volumetric (3D)
imaging.

II. FORMULATION

A. Volumetric DCPT

DCPT imaging is a two step operation consisting of bound-
ary electrode measurements and subsequent application of
image reconstruction algorithms. In the first step, a computer
controlled acquisition is used to collect mutual admittance
measurements between the boundary electrodes surrounding
a RoI, which is referred as the forward problem. In the
second step, the collected measurements are fed to a chosen
reconstruction algorithm to obtain the spatial material loss
distribution inside the RoI, which is referred as the inverse
problem. Fig. 1a shows a typical ECT/DCPT sensor mounted
on an insulating pipe surrounding the RoI. These electrodes
usually wrap the RoI to form a single layer arrangement with
equidistant gaps in between. Data acquisition is performed
by activation of a particular electrode with an AC voltage
and measuring the resulting displacement current in a second,
grounded electrode, while all the remaining electrodes are
grounded. The DCPT operating frequency is typically less than
8 MHz, resulting in electro-quasistatic (EQS) regime [30].
This process is continued for all possible electrode pairs.
Due to the reciprocity of the system, this results in M =
Np(Np − 1)/2 number of independent measurements for a
sensor composed of Np electrodes. Such a single-layer sensor
allows the measurements to be sensitive to the 2D spatial loss
distribution along the cross-section only, i.e. the xy plane. For
volumetric DCPT, additional layers of electrodes are necessary
to capture the axial (z) variations in the flow. This can be
accomplished using a multi-layer sensor as shown in Fig. 1b.
The acquisition process here is same as the 2D sensor. Since
the operation of all electrode pairs is identical, it is sufficient
to consider only one, which can be modeled as a two-port
circuit. The mutual admittance Y of each measurement under
a voltage excitation of magnitude V and angular frequency of
ω for a RoI with volume of V can be expressed as [1]

Y =
1

|V |2

[∫
V
%
∣∣E∣∣2 dv + jω

∫
V
ε′
∣∣E∣∣2 dv] , (1)

where the integrals represent the average dissipated power due
to a loss factor % and the average storage energy due to an
electric permittivity distribution ε′ subject to electric field E.
Here, % ≡ σ + ωε′′ includes both material conductivity σ and
dielectric loss ε′′ given that complex electric permittivity can
be represented by ε = ε′−jε′′. This equation holds true within
EQS regime given that there is no magnetic material present
in RoI. With (1), the phase of the admittance can be expressed
as π/2− ϕ where ϕ is a small angle perturbation written as

ϕ = tan−1

( ∫
V %

∣∣E∣∣2 dv∫
V ωε

′
∣∣E∣∣2 dv

)
. (2)

For forward modeling, it is desirable to simplify (2) into
a matrix equation. A common approach is to employ a Born
approximation, which allows the perturbed term to be taken
out of the integral under the assumption that this term is
small [31], [32]. The significance of this assumption is to
decouple the nonlinear relationship between the loss factor
and electric field distribution inside the RoI. The Born ap-
proximation is a linearization of the problem that assumes that
any perturbation on the loss factor associated to a voxel does
not disturb the electric field distribution inside and around
it. From a practical perspective, as the perturbation on the
loss factor in the RoI increases, the Born approximation will
cease to be valid. In particular, an increase in the loss factor
% due to increase on the frequency of operation will decrease
the skin depth and therefore affect the field distribution. In
addition, the imaging is not expected to be effective if the
skin depth becomes smaller than the RoI dimensions. After
this linearization step and the discretization of the RoI into a
discrete set of N voxels, (3) is reduced to the matrix equation
written as

ϕ = S δ , (3)

where the perturbation on the measured M × 1 phase vector
ϕ due to the perturbation on the discretized loss factor present
in the RoI δ (arranged in an N × 1 column vector according
to a chosen indexing) is related through the so called M ×
N sensitivity matrix S, which is the pre-computed Jacobian
matrix of the problem [33]–[35]. Computation of S requires
determination of the electric field ~ξi corresponding to each
electrode i when activated with 1 V potential and all other
electrodes at ground potential in an unperturbed (i.e. empty)
domain. This is typically done by a finite element (FE) solver.
Once the electric field due to each electrode is determined,
calculation of S for a pair of electrodes ij follows as [36]

Sij(k) =

∫∫∫
δυk

(
~ξi · ~ξj

)
dυ k = 1, 2, . . . N (4)

where δυk corresponds to the volume of the kth discretized
element. Each row of S contains perturbation information for
each voxel k in the RoI corresponding to a pair of electrodes
ij. Likewise, each column contains perturbation information at
one particular voxel for all the electrode pairs. This completes
the forward modeling.

The inverse problem is defined as the determination of
δ for given ϕ and S. The inverse problem has its own
challenges as the S matrix is ill-conditioned [37]. Different
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reconstruction algorithms including direct methods, iteration
based and nonlinear optimization methods can be use to solve
the inverse problem [38], [39]. For the scope of this paper,
linear back projection (LBP) and Landweber iteration method
will be used since they are widely applied in real-time process
tomography. Landweber iteration can be written as

δ̂
k+1

= δ̂
k
+ ϑk S

t (ϕ− S δ̂
k
) k ≥ 0 , (5)

with δ̂
(0)

being the initial guess and where the superscript k
indicates iteration number. The initial guess δ̂

(0)
is assumed

to be the LBP solution given as δ̂
(0)

= Stϕ. An LBP solution
gives only a crude approximation which is the reason for
adopting an iterative method such as Landweber iteration [38].
The optimal step size ϑk for the update procedure can be
written as [40]

ϑk =
‖St δ̂

(k)
‖2

‖SSt δ̂
(k)
‖2
. (6)

It is also a common practice to incorporate projection opera-
tion to increase stability of solution.

B. DCPT-based volumetric flow velocimetry

In this section, volumetric DCPT will be extended for
velocity profile reconstruction. The objective is to find the
velocity vector associated with the flow at each voxel within
the RoI. Before proceeding, we note the analogy between the
forward equations for DCPT ϕ = S δ discussed above and
that of ECT c = S g, where the (real part of the) permittivity
distribution vector g is mapped to the measurement (mutual
capacitance) vector c, both through the sensitivity matrix S.
This analogy would allow us to avoid the entire derivation
for the velocity reconstruction algorithm for DCPT, while
providing only the key steps here based on [25]. We start
with the definition of sensitivity gradient

~F = ~∇S = âx
∂S

∂x
+ ây

∂S

∂y
+ âz

∂S

∂z
(7)

which maps the displacement in material loss distribution ~u
to a change in the admittance phase ϕ2 − ϕ1 between two
successive frames. Based on this, the forward problem for
velocity reconstruction is given as

ϕ2 −ϕ1 = (G1 � F x)ux
+ (G1 � F y)uy + (G1 � F z)uz (8)

where ϕ1 and ϕ2 correspond to two successive frames,
(ux,uy,uz) are N × 1 column vectors with the (unknown)
displacement profiles across the three Cartesian directions, and
(F x,F y,F z) are M ×N (pre-computed) sensitivity gradient
matrices. The M ×N image matrix G1 is defined as

G1 =
[
δ̂1 δ̂1 . . . δ̂1

]T
(9)

where δ̂1 is the reconstructed image corresponding to frame
ϕ1 (the image reconstruction step outlined in the previous
section is involved here). The symbol � denotes element-wise
product of two matrices, i.e., Z = X � Y ⇔ zij = xijyij .
Once the image reconstruction is completed, the image vector

δ̂ can be used to construct the G1 matrix as given in (9).
For notational convenience, let us define fx , G1 � F x,
fy , G1 � F y , and fz , G1 � F z , so that (8) becomes

ϕ2 −ϕ1 = fxux + fyuy + fzuz. (10)

After that, the inverse problem can be addressed with linear
back projection (LBP) which gives the displacement profile as

ûx = fTx (ϕ2 −ϕ1) (11a)
ûy = fTy (ϕ2 −ϕ1) (11b)

ûz = f
T
z (ϕ2 −ϕ1). (11c)

Linear back projection (LBP) provides only a crude approx-
imation. For a more accurate image, these results can be fed
into Landweber iteration as

û(k+1)
x = ûkx − ϑxfx

T
(
fxû

k
x

+ fyû
k
y + fzû

k
z − (ϕ2 −ϕ1)

)
(12a)

û(k+1)
y = ûky − ϑyfy

T
(
fxû

(k+1)
x

+ fyû
k
y + fzû

k
z − (ϕ2 −ϕ1)

)
(12b)

û(k+1)
z = ûkz − ϑzfz

T
(
fxû

(k+1)
x

+ fyû
(k+1)
y + fzû

k
z − (ϕ2 −ϕ1)

)
(12c)

where ϑx, ϑy , and ϑz are positive scalars and set according to
the procedure given in [25]. Finally, the velocity profile can
be found form the displacement profile as

(vx,vy,vz) = fr × (ux,uy,uz) (13)

where fr is the frame rate. The whole reconstruction process is
illustrated by the block diagram in Fig. 2. In order to provide
very fast reconstruction rates for some real-time applications,
the Landweber iteration step in (12a), (12b), and (12c) can
be bypassed by just using a constant multiplier with the LBP
results, but at the cost of image quality [26].

The method described here is more robust as compared to
earlier methods used for velocimetry [41] that rely on cross-
correlation between two successive volumetric images δ̂1 and
δ̂2 to determine the velocity profile. In addition to their higher
computational cost, a problem with correlation-based methods
is that they may not work for cases where two images have
no correlation, which is considered in an example in the next
section.

III. SIMULATION RESULTS

In this section, we provide simulation results for a number
of test cases in order to verify the DCPT-based volumetric
imaging and velocity profiling. The solution of the forward
problem for obtaining the mutual admittance values between
electrodes is found using the commercial-grade FE solver
COMSOLTM. A complete ECVT sensor can be simulated in
COMSOL’s AC/DC module considering realistic material loss
factor % and permittivity ε′. Once the excitation voltage and
frequency are specified, the following differential equation for
electric potential φ is solved for in the RoI:

~∇ ·
(
(%+ jωε′)~∇φ

)
= 0 (14)
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Fig. 2. Schematics for successive image and velocity DCPT-based reconstruc-
tions. Meaning of the symbols: ϕ: admittance phase, δ: image, v: velocity
profiles (vx, vy , and vz), where the subscript indicates the corresponding
frame. S: sensitivity matrix, F: sensitivity gradient matrices (Fx, Fy , and
Fz), t: measurement acquisition time, and fr : frame rate.

which can be derived from Gauss’s law in a charge-free
medium. After φ has been determined over the RoI, other
quantities of interest such as electric field ~E, current density
~J , admittance Y , conductance G, and capacitance C can be
calculated. Mutual capacitance values extracted from such a
simulation lies in the picofarad range, which is in good agree-
ment with values measured by ECT hardware [42]. Even if
some discrepancy exist between simulation and measurement,
it is mostly mitigated after proper normalization of phase [1]
or capacitance [27] data. For DCPT, proper normalization of
the small phase angle vector ϕ and the sensitivity matrices S,
F x, F y , and F z in (3) and (8) is required, which is performed
following the approaches described in [1] and [25].

A cylindrical RoI with 3 cm radius and 9 cm height is
considered for the simulation cases. An insulating wall made
of a dielectric (εr = 3 and σ = 0 S/m) with 0.3 cm thickness
separates the RoI from the sensing electrodes. The RoI is
surrounded by 4 layers of electrodes, with 6 rectangle sized
electrodes in each layer, as shown in Fig. 3. This translates
into M = 24(24 − 1)/2 = 276 measurements. Within each
layer, plate size to gap ratio is kept at 75% and among layers, a
staggered sensor design is adopted, meaning that each layer is
off-centered by 30◦ as compared to adjacent layers. The lateral
size of each sensor plate is 1.6 cm and there exists 0.867 cm of
axial gap between adjacent plates. The plates are excited with
2 MHz voltage signal. The domain is discretized by a regular
grid with 20×20×30 voxels, resulting in a total of 8281 voxels
inside the cylindrical RoI. This translates into N = 8281
unknowns, which, given M = 276 measurements, produces
an undetermined system. In spite of this, it is customary in
ECVT to choose a discretization in the order of 20× 20× 20
so that a reasonable resolution is maintained [25], [43]. The
dispersed phase (red sphere) is composed of air (εr = 1 and
σ = 0 S/m) and the continuous phase is composed of tap
water (εr = 80 and σ = 5 mS/m).

Four simulation examples consisting of three different cases
for a single air bubble and one case for two air bubbles
dispersed in a (fresh) water-dominated flow are investigated.

For the single air bubble, displacement in vertical, horizontal
and combination of both are studied whereas for the double
air bubbles case only vertical motion is considered. When it
comes to the implementation, the air bubbles are modeled as
spheres for each of these four cases. Two separate frames
are created for the reconstruction of the velocity. These two
frames, named as Frame 1 and Frame 2 are shown in the first
and second row of Fig. 3 respectively. For these frame images,
white arrows are added to indicate the direction of simulated
air bubble for easy reference. For the first experiment, an air
ball of radius 2 cm is placed at (0, 0, 0) [cm] and then relocated
to (0, 0, 1) [cm] as shown in Fig. 3(a). For the second and third
simulations, the same ball is moved from (−0.5, 0, 0) [cm] and
(0, 0, 0) [cm] locations to (0.5, 0, 0) [cm] and (0.6, 0, 0.8) [cm]
respectively as shown in Fig. 3(b)-(c). The fourth simulation
considers two spheres of radius 1.4 cm that are displaced
from (1, 0, 2) [cm] and (−1, 0,−2) [cm] to (1, 0, 3) [cm] and
(−1, 0,−3) [cm] respectively as shown in Fig. 3(d). In all of
the simulation examples, this displacement of each sphere is
adjusted to be 1 cm between frames and frame rate is assumed
to be 1 frame per second (fps), meaning that these two frames
are captured 1 s apart. The fourth example with two objects
moving in opposite directions would be a challenging case
for velocimetry methods based on cross-correlation as there
would be no correlation between the frames.

As shown in Fig. 2, the inverse problem consists of two
parts, first one being the image reconstruction of Frame 1 and
the second part being the velocity reconstruction based on the
image and Frame 2. In all simulation cases, the initial stage
is conducted with Landweber method as shown in (5) with
optimal step length ϑ that is updated at every iteration using
(6). The second stage is completed with Landweber method
for velocity reconstruction by using constant step length ϑx,
ϑy , ϑz for each dimension as outlined in [25]. Reconstruction
results are provided in the last row of Fig. 3, which shows
that DCPT is fairly accurate in volumetric image and velocity
reconstruction for the given flow setup, except from the fact
that the number of iterations for velocity reconstruction varies
from case to case. This happens due to the nonlinear nature of
the problem, which worsened in the water dominated case due
to the high permittivity of water. This needs to be addressed in
order to make the method more robust in such cases. In Fig. 3,
each column is put in the same orientation axis view where the
orientation coordinates are only included for first row images.
In addition, the corresponding image (Frame 1) and velocity
reconstruction results are shown overlapping each other, but
with different color-bars. In these plots, certain sections of
3D cylindrical RoI is removed to provide the best view for
each simulation case. To highlight these removed sections, a
white edge is featured on resultant surfaces of RoI. 3D DCPT
reconstruction of Frame 1 is included as the surface plot where
color-bar scale is normalized to 0−1 as DCPT currently only
provides contrast information [1]. The velocity vector field is
plotted on the same surface by using small arrow-like cones
that indicate local vector direction. Each discretized domain
contains 8281 voxels inside cylindrical RoI to discretize a
vector field in 3D space. The magnitude information of these
vectors are represented by both the color and size of the cones.
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(a) (b) (c) (d)

Fig. 3. Simulation setups for Frame-1 and Frame-2 are shown in the first and second row, third row shows the reconstruction results. Landweber for velocity
reconstruction uses [ϑx, ϑy , ϑz ] = [0.15, 0.15, 0.22] . (a) Results produced with 30 Landweber frame iteration, 12 Landweber velocity iteration. (b) Results
produced with 30 Landweber frame iteration, 3 Landweber velocity iteration. (c) Results produced with 30 Landweber frame iteration, 7 Landweber velocity
iteration. (d) Results produced with 30 Landweber frame iteration, 60 Landweber velocity iteration.

All of the results are put under the same color-bar which is
only included for the first row of reconstructed images. The
importance of the inclusion of only Frame 1 comes from the
fact that this vector acts as an envelope for the sensitivity
matrix as given in (8). In addition, the Frame 2 result can
be deduced from the combination of Frame 1 and velocity
data. This envelope feature can be clearly seen from the
reconstructed results, where vector field magnitude and the
DCPT Frame 1 magnitude distributions are correlated. Vector
field magnitudes are also inline with the 1cm displacement
distance under the assumption of 1 s time slot in between.

Before proceeding to next section, we discuss here two
parameters related to sensor design: the fringe field effect
and the axial sensitivity variation. The fringe field effect can
be defined as the sensor being sensitive to regions outside
its RoI, which introduces errors in the image reconstruction.
Some electrode pairs in an ECVT sensor exhibit significant
amount of fringing, which can be visualized from the sen-
sitivity distribution S inside the RoI. Fig. 4 shows such a

distribution, where the sensitivity magnitude averaged over all
the electrode pairs is plotted along the axial (xz) plane. Two
sensor configurations are provided: a 6 × 4 ECVT sensor in
Fig. 4a and a 12× 3 ECVT sensor in Fig. 4b, which are used
for simulation and experiment respectively. The electrodes and
the insulating pipe boundary are shown by black line lateral
segments. The RoI in the figures is clipped at a small offset
from the insulating pipe boundary in order to suppress the high
magnitude fields near the plates. This helps to visualize the
sensitivity elsewhere. The fringing effect can be noticed below
and above the RoI as the nonzero sensitivity values outside
the RoI. Fringing is present in both sensor configurations
but is somewhat more intense for the 6 × 4 sensor due to
its smaller electrodes size. This suggests that the 4-layer
sensor is more prone to errors while imaging objects near
the fringing region. However, the sensitivity inside the RoI is
more uniform for the 4-layer sensor, which is advantageous for
image reconstruction, resulting in better resolution for objects
inside the RoI. The fringe effect would be unavoidable for
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(a) (b)

Fig. 4. Average normalized sensitivity at xz plane (y = 0) showing fringe
field effect. RoI is shown with the cyan colored rectangle. Any sensitivity
outside RoI is due to fringing. (a) 6 × 4 sensor used for simulation. (b)
12× 3 sensor used for experiment.

(a) (b)

Fig. 5. Average normalized axial sensitivity gradient (Fz)at xz plane (y = 0)
showing the effect of different electrode layer implementation. RoI is shown
with the cyan colored rectangle. More layers result in more uniform sensitivity
in the RoI. (a) 6× 4 sensor used for simulation. (b) 12× 3 sensor used for
experiment.

large sized objects, e.g. a gas slug. However, it can be avoided
for small objects, e.g. a gas bubble, assuming that the bubble
is located inside the RoI when the frame is captured. The other
parameter, i.e. the axial sensitivity variation, is important for
calculating the axial velocity component. It can be seen as
the magnitude of the axial sensitivity gradient Fz , averaged
over all the electrodes. Such a distribution is shown in Fig. 5
for the 6 × 4 and the 12 × 3 sensors. As it can be observed,
this quantity depends on the number of electrode layers, being
more uniform for the 4-layer sensor as compared to the 3-layer
one. Although more desirable, implementation of a 4-layer
sensor requires a higher signal-to-noise ratio (SNR) in order to
reliably measure small signal variations corresponding to the
mutual capacitance between top-to-bottom layer electrodes.
For this reason, a 3-layer sensor is used for the experiment
to be discussed in the next section.

(a) (b)

(c)

Fig. 6. Experimental setup images. (a) Side view of the PVC tube filled
with tap water and sensors installed. (b) Top view of the PVC tube filled
with tap water and table tennis ball is placed with 3D printed holder (c) Data
acqusition hardware, courtesy of Tech4Imaging LLC.

IV. EXPERIMENTAL RESULTS

To verify the performance of DCPT for the 3D velocity
reconstruction of two-phase flows, we conduct a series of
controlled experiments. To this end, 3 layers of 12 electrode
plates, each having 1.09 cm of radial width and 3 cm of axial
height are wrapped around a cylindrical PVC tube with an
outer diameter of 6.3 cm. The plates are separated by 0.55
cm gaps in the azimuth direction and by 1 cm gaps in the
axial direction. The PVC dielectric vessel is 0.3 cm thick and
has εr = 3 and σ = 0 S/m. The RoI has a circular diameter
of 6 cm and a height of 11 cm. The complete experimental
setup is shown in Fig. 6(a). The RoI is discretized using a
regular grid with 20×20×20 voxels, from which 6320 voxels
cover the RoI. The axial discretization utilizes 20 voxels, as
compared to 30 in the simulation because of more nonuniform
and reduced axial sensitivity of the 3-layer sensor versus the
4-layer sensor. This is illustrated in Fig. 4 and 5 respectively.
The experiments are conducted at 2 MHz (EQS regime) with
a 100 fps data acquisition system.

Three separate experiments are conducted exploring the
velocity reconstruction of an air bubble dispersed in tap
water for horizontal, vertical, and both horizontal and vertical
displacements. For the implementation, a table tennis ball of
4 cm diameter is used to mimic an air bubble (εr = 1.5 and
σ = 0 S/m) and positioned inside of a tap water (εr = 80
and σ = 5 mS/m) filled PVC tube as shown in Fig. 6(a).
The volume fraction of the ball is Vball/VRoI ≈ 11%. Similar
to simulation cases discussed before, the ball is displaced by
an amount of 1 cm between two frames and the frame rate
is assumed to be 1 fps. The ball is placed inside of water-
filled tube with the help of a 3D printed holder as shown in
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(a) (b) (c)

Fig. 7. Reconstruction results for experimental data. Landweber for velocity reconstruction uses [ϑx, ϑy , ϑz ] = [4, 4, 3]. (a) Results produced with 50
Landweber frame iteration, 6 Landweber velocity iteration. (b) Results produced 50 Landweber frame iteration, 8 Landweber velocity iteration. (c) Results
produced with 50 Landweber frame iteration, 8 Landweber velocity iteration. The arrows adjacent to each figure indicate the object movement direction.

Fig. 6(b). The ball was placed in center of the RoI and, with
help of the holder, moved by the aforementioned displacement
amounts for the Frame 1 and Frame 2 measurements. The
measurements were conducted by computer controlled ECVT
hardware as shown in Fig. 6(c).

Cut-view plots of the reconstruction results for the ex-
perimental case are shown in Fig. 7. These results include
both the 3D velocity profile for displacements and DCPT
image results for Frame 1 measurements. Each of these results
share the same color-bar scales. Individual orientation axis
information is added as the coordinate axis. These DCPT-
based results show good performance but some artifacts are
present especially on the top of the domain. These artifacts
can be attributed to fringe capacitance effects in the topmost
sensing plates, as illustrated in Fig. 4, which is possibly
capturing the plastic rod used to hold the ball from the top of
the tube. Even though these artifacts are visible on the DCPT
image results, they do not appear in the velocity reconstruction
results because the differential operation between Frame 1
and Frame 2 automatically suppresses them. In other words,
the artifacts appear as stationary objects for the velocity
reconstruction algorithm, which results in zero velocity, hence
being automatically suppressed in the velocity image. It should
be noted that both Frame 1 and Frame 2 are measured for
a stationary object, implying an infinite frame rate. In a real
flow, a high frame rate would be good enough for velocimetry,
which is also a requirement for good quality imaging. A good
quantitative example can be found in [25] (section VB) for
reference.

V. CONCLUDING REMARKS

In this study, we have extended DCPT to 3D volume
imaging and have also shown its potential for two-phase flow
velocimetry. Volumetric DCPT is based on the same hardware
as ECVT and can be applied to certain flow imaging applica-
tions that are difficult to tackle using conventional ECVT, such
as some water-dominated flows. Simulation and experimental

results have verified that DCPT has good potential for imaging
of flow media that includes medium losses. In addition, the
results of this work provides the platform for combining
ECVT and DCPT into a dual-modality image reconstruction
algorithm for flows constituted by low-loss phases, which
would combine the advantages of each method. This dual
modality approach could provide a more complete picture of
the flow under investigation since often times the information
on the real part of the permittivity distribution in the RoI
(obtained by ECVT) and the imaginary part thereof (obtained
by DCPT) are somewhat complementary. This also means
that if there is good agreement in reconstructed images by
each modality, a greater confidence would be achieved on the
accuracy of the imaging results.
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