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A novel strategy for making effective use of on-line process tomography measure-
ments for process monitoring is described. The electrical resistance tomography (ERT)
sensing system equipped with sixteen electrodes provides 104 conductivity measure-
ments every 25 ms. The data has traditionally been used for construction of images for
display purpose. In this study, ERT data was used for multivariate statistical process
control. Data at predefined normal operational conditions was processed using princi-
pal component analysis. The compressed data was used to derive two statistics, T2 and
squared prediction error (SPE). T2 and SPE charts predict the probability that the
process being monitored has undergone statistically significant changes from previous
state or the so-called normal operational state, in terms of mixing quality. The method-
ology is illustrated by reference to a case study of a sunflower oil/water emulsion
process. VVC 2010 American Institute of Chemical Engineers AIChE J, 57: 2360–2368, 2011
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Introduction

Process tomography is now an established imaging tech-
nique for studying the mixing behavior of multiple phase
fluid systems in vessels and pipelines.1–4 It samples a sub-
stantial proportion of the process volume rather than at a sin-
gle point; therefore, it is particularly useful for investigating
the dynamic performance of a manufacturing process.
Among various process tomography techniques, electrical re-
sistance tomography (ERT) is one of the most established
and widely used. It comprises a sensor array, a data acquisi-
tion system, and a personal computer with control and data
processing software.4 The sensor array consists of multiple
electrodes arranged around or within the region of interest at

fixed locations in such a way that they make electrical con-
tact with the fluid inside the vessel without interfering the
flow or movement of materials. The most common configu-
ration is a circular pipe or vessel with 16 electrodes as
shown in Figure 1. The data acquisition system injects cur-
rent between electrode pairs and measures the resulting vol-
tages on electrode pairs according to a predefined measure-
ment strategy. Common strategies include the adjacent and
opposite. Figure 1 represents the adjacent strategy, according
to which current is injected between an adjacent pair of elec-
trodes and voltage is measured at remaining adjacent pairs
of electrodes (excluding the injection pair). The injection
pair is switched until all independent combinations have
been completed. A 16-electrode sensor array provides 104
independent measurements for this protocol. Then the elec-
trical conductivity tomography (or distribution) within the
sensing zone can be displayed by applying an image recon-
struction algorithm to the measured voltages.
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ERT has become an acceptable technique for investigating,
monitoring, and controlling industrial processes. There has
been a wealth of literature reporting successful use of ERT in
industrial applications. Lucas et al.5 reported the use of a
dual-plane ERT system for measuring the local solid-volume
fraction distribution and the local solid-axial velocity distribu-
tion in solid–liquid flows. Wang et al.6 applied ERT to mea-
sure the formation and characteristics of asymmetric solids
distributions and particle trajectories in a horizontal pipe sub-
jected to swirling flows. Mann et al.7 applied ERT to the
investigation of the mixing behavior of a plant scale stirred
tank for detection of the air-core vortex and dynamic behavior
of miscible fluid mixing and gas–liquid mixing. Sun et al.8

applied ERT to concentration measurement in a cyclone dip-
leg. Holden et al.9 also used the ERT to observe several path-
ological mixing behavior caused by equipment malfunction
inside a plant scale stirred vessel, such as settling at the vessel
base, accumulation behind baffles, and settling on the impel-
ler. Authors are referred to a recent review for more informa-
tion about ERT application for wet particulate processing.4

Through visual inspection on the reconstructed conductivity
tomography images, process operating condition is monitored.
Abnormalities in the vessels or pipelines, such as settlement
of particles in some zones, can be detected. The detection ac-
curacy clearly relies on the quality of the reconstructed
images, which is dependent on the algorithm and conductiv-
ities of two phases of the fluid used in the image reconstruc-
tion process. In addition, it might not be always straightfor-
ward for a user (e.g., a process engineer) to make judgment
on the process status by visually inspecting the images which
update continuously in real-time. When there is a perceived
change in process condition, it can be challenging to assess
the significance of the change, e.g., on the judgment if this
means moving into an abnormal operational state.

This article presents a methodology for making novel use
of ERT measurements for multivariate statistical process
control (MSPC). It uses the raw measurements of the 104
voltages, to derive two statics T2 and squared prediction
error (SPE). T2 and SPE charts predict the probability of the
monitored process being at normal or abnormal operational
state and can be used for 6r process control.

The rest of the article is organized as follows. The materi-
als and instrument used and experiments conducted are
described in the next section. The MSPC model based on

ERT measurements is introduced in Results and Discussions
section. Results of applying the MSPC model to a case study
process in our Particle Manufacturing Laboratory, a sun-
flower oil–water emulsion manufacturing rig, are presented
in Final Remark section, which is followed by conclusions
in the final section.

Experiments

Schematic of the experimental system

The experimental system is shown in Figure 2. The system
combines an ultrasound sensor and an ERT sensor to realize the
simultaneous measurements of particle size, concentration, and
the visualization of flow pattern of the emulsion, whereas the
process of emulsification continues. It mainly contains three
parts: a cross flow membrane emulsification rig (Figure 3) that
generates emulsions, an emulsion tank for storage of emulsions
made, and a circulation loop through which the emulsions were
pumped out of the emulsion tank and returned to the tank. On
the circulation loop, an ERT sensing system and an ultrasound
spectrometer (USS) were installed. USS was used for measuring
droplet-size distribution of the dispersed phase. In addition to
ERT and USS, there are other sensors for measurements of pH,
conductivity, temperature, and flow rate in the circulation loop.
The ERT sensor not only is used for charactering mixing behav-
ior but also provides concentration information as a critical pa-
rameter for the particle-size distribution analysis with the USS
spectrometer. The flow rate of the emulsion in the circulation
loop where ERT and USS are mounted is set to be 0.25 m/s.

Crossflow membrane emulsification

Membrane emulsification is a technique for size-controlled
production of particulates thus became a very important pro-
cess for food, chemical, cosmetics, and pharmaceutical
industries. The development of this technique can be traced
back to late 1980s, its recent progress can be found in a
review by Vladisavljevic and Williams.10 Crossflow mem-
brane emulsification is a method by which the dispersed
phase flows through the porous membrane from one side of
its surface to the other to form droplets and these droplets are

Figure 2. The flow diagram of the experimental rig
used in this study.

ERT, electrical resistance tomography; DLS, dynamic light
scattering; USS, ultrasound spectroscopy.

Figure 1. The electrical resistance tomography.
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then scoured away by the cross flow of the continuous phase.
In this way, the emulsion can be manufactured under lower
shear conditions than with conventional emulsification techni-
ques and the droplet-size distribution can be largely controlled
through the choice of the pore size and size distribution of the
membrane and the flow conditions of the continuous phase.

The main components, as shown in Figure 3, of a typical
crossflow membrane emulsification apparatus normally
include a continuous-phase circulation loop, a membrane
module, a dispersed-phase tank, a pressurizing source, and a
control panel. The circulation loop mainly contains a tank to
store the continuous phase and the emulsion product and a
pump to provide the driving force for circulation to scour
away droplets formed on the surface of the membrane to
form emulsion. The membrane module contains a membrane
and a container to hold the membrane under high pressure.
The dispersed-phase tank is used to store the dispersed phase
and able to hold high pressure. The membrane module is
connected to both dispersed-phase tank and the circulation
loop. The pressurizing source provides high-pressure air to
push the dispersed phase from its storage tank through the
membrane into the circulation loop. Finally, the control
panel provides the control for power connection and the flow
of the continuous phase.

The size and size distribution of the emulsion droplets
largely depend on the pore size and pore-size distribution of
the membrane. There is no rigorous quantitative relationship
between them. However, in general, the final mean droplet size
would be expected to be 2–8 times of the average pore size of
the membrane depending on the type of the membrane (materi-
als and wettability to the dispersed and continuous phases),
pressure applied, surfactant used, and process conditions such
as flow rate of the continuous phase and temperature.

Electrical resistance tomography

For details for the mechanisms of operation of the USS,
readers are referred to a recent publication.11 Although ERT
was also introduced in the reference, for better readability of
this article, here we still briefly describe the ERT system

used. The ERT system used was a standard circular sensor
with 16-electrods developed by Industrial Tomography Sys-
tems,12 as shown in Figure 1. The diameter of the ERT vessel
is 4.5 cm. In total, 16 electrodes are arranged at equal inter-
vals in the same plane around the periphery of the circular
vessel. Current is applied through two neighboring electrodes,
and the voltages are measured from the remaining pairs of
neighboring electrodes. The procedure is repeated until all the
independent measurements have been made. The adjacent
measurement strategy yields N2 measurements, where N is the
number of electrodes. However, of these only N(N � 1)/2 are
independent. To avoid electrode contact impedance problems,
the voltage is not measured at a current-injecting electrode,
and therefore, the total number of independent measurements
is reduced to N(N � 3)/2. Therefore, a 16-electrode sensor
gives 104 independent measurements. These voltages are then
converted into conductivities to construct an image showing
conductive and nonconductive regions.

Materials and experimental conditions

Sunflower oil was used as the dispersed phase, whereas 2
wt % sodium dodecyl sulfate surfactant aqueous solution is
the continuous phase with a conductivity 2.59 mS/cm and
pH 6.5 at temperature 25�C. For the sunflower oil, the den-
sity is 0.93 g/cm3 and viscosity is 6.43 � 10�2 Pa/s�1. Other
physical properties required by USS for particle-size distri-
bution are: ultrasound speed 1.77 � 103 m/s, thermal dila-
tion 6.67 � 10�4 m3/K, thermal conductivity 0.17 W/m/K,
specific heat 1.98 J/kg/K, and attenuation coefficient
42.52f1.69 dB/m, where f refers to frequency. The emulsifica-
tion was carried out continuously at room temperature
around 25�C. The flow rate of the continuous phase, i.e., the
flow rate between the emulsion tank and the membrane, was
kept constant at 539 l/min. The membrane tube used has an
average pore size of 0.2 lm. The pressure pushing the oil
through the membrane into the continuous phase varied from
3.0 to 5.5 bar along with the continuous experiment. The
continuous phase (SDS solution) was filled in the emulsion
tank as labeled in Figure 3, then it is pumped around to fill

Figure 3. The emulsion rig used in this study.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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in all the process lines. Although the continuous phase is
thus circulated in the process lines, N2 is switched on to com-
press the oil membrane holes into the continuous phase. When
the concentration of the emulsion reaches the target value, N2

is switched off to stop pushing oil into the emulsion. The
emulsion concentration in circulation will, therefore, be kept
constant. It is from this point that the tomography measure-
ments are used for the study in this work. At this constant con-
centration, clearly circulation flow rate can still be adjusted.
To produce emulsions of different concentrations, the same
procedure is followed. During the experiments, solution con-
centrations and flow rates were changed. The flow rate change
covers 0.190, 0.166, 0.133, 0.108, 0.083, 0.055, and 0.041 l/s.
The volume concentration change covers 33%, 30%, 25%,
20%, 15%, 10%, 5%, 3%, 2%, and 1% volume concentration.

MSPC models using ERT data

Process conditions need to be monitored so that major dis-
turbances can be detected and diagnosed as early as possible
before appropriate actions can be taken. MSPC based on Hotel-
ling’s T2 and SPE charts are key techniques for this purpose.

A significant development in MSPC has been the intro-
duction of principal component analysis (PCA) for compres-
sion of data before deriving.13,14 PCA uses a projection tech-
nique that transforms the original data to some latent varia-
bles, principal components (PCs). The number of PCs
depends on how much the PCs retain the variance of the
original data. The transformation can be described using the
following equation:

X ¼ TPT þ E (1)

where X[m � n] is the normal operational data matrix which
composes of m observations about n process variables, T[m �
k] is the score matrix, P[n � k] is the loading matrix, and E[m
� n] is the error matrix. For MSPC, the first few PCs, k PCs,
are used rather than the original variables. This means that k
dimensions are used instead of n dimensions in loading matrix,
P
_½k � n�. When the new observation obtains, x[1 � n], the new
score vector, t[1 � k], can be calculated by

t ¼ xP
_T

(2)

Then, the first statistic monitoring, Hotelling’s T2, can be
calculated by

T2 ¼
Xk

i¼1

t2i
S2ti

(3)

where ti is the score of ith process variable, Sti
2 is the estimated

variance of ti and k the number of retained PCs.
The second statistic monitoring aims to monitor the ab-

sence of the information by SPE:

SPE ¼
Xk

i¼1

ðynew;i � y
_

new;iÞ2 (4)

where y
_

new;i and ynew,i are the reconstructed value of the ith
process variable from the reference PCA model and the

measured value of this variable, respectively. SPE is also
referred as Q-statistic or distance to the model.

The meaning of the Hotelling’s T2 and SPE can be
described by the distance definition approach. The Hotel-
ling’s T2 is defined as the distance from the measured data
to the mean which is called Mahalanobis distance. In other
words, the Hotelling’s T2 monitors the dispersion of data
around the mean. For SPE, it is defined as the distance dif-
ference between data predicted from model and data from
measurement. It can be said that SPE is the error between
the original measured data and predicted data from MSPC.

Control limits for both statistical monitoring charts can be set
as 95%, 97%, or 99%. Care has to be taken for setting the control
limit for SPE chart, because as Louwerse and Smilde15 discov-
ered in a study for fault detection of batch processes, unlike T2

charts, the SPE control limit is very difficult to set as either 99%
or 99.9%. In the case studies to be presented in the next section,
the control limits for T2 and SPE charts are set as 99%.

There are various variations of MSPC models depending on
the PCA method being linear or nonlinear,16,17 the way of scal-
ing the data, whether it is used together other techniques such
as wavelets18 and inductive data mining,19,20 using PCA or in-
dependent component analysis for dimension reduction21–26 as
well as the process being continuous or batch.27 Comprehen-
sive review of research in this area has been made by a num-
ber of researchers.20,28–30 Readers are referred to these review
papers and books for further details of the methods. The proce-
dure of developing MSPC models for monitoring mixing con-
ditions using ERT tomography data are described below.

First, historical ERT data at predefined normal operational
conditions in terms of mixing is collected. Because MSPC
was aimed at detecting abnormal events, it requires a normal
operational state to be defined and data collected to build the
MSPC models. As a matter of fact, MSPC models can be
built using data representing any specific operational state,
not necessarily real normal operation state. It can then be
used to detect the probability of an event that is abnormal in
comparison with the data used in MSPC model construction.

The collected historical data has to be preprocessed before
further analysis. In here, the word ‘‘frame’’ is first intro-
duced. These 104-voltage measurements (indication of 104
conductivities) are analogues to the traditional sensor meas-
urements of temperature, pressure, and flow rate used in tra-
ditional MSPC models. For every frame, the 104 measure-
ments were scaled using the following equation:

Vnewðp; qÞ ¼ Vrawðp; qÞ � VminðpÞ
VmaxðpÞ � VminðpÞ ðq ¼ 1; 2; 3;…; 104Þ

(5)

where Vnew(p,q) and Vraw(p,q) are the qth preprocessed and
raw voltage measurements, respectively, on the pth frame,
Vmin(p) and Vmax(p) are the minimum and maximum raw
values on the pth frame, respectively. For each frame, the 104
voltage measurements give information about the distribution
of conductivity values across the cross-sectional area of the
pipe. The scaling using Eq. 5 for each frame makes such
information for all frames comparable. After scaling voltage
for every frame, auto-scaling is applied for normalization of
the data for all frames, to make each measurement has the
same variance. Auto-scaling is a standard step in normal-
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ization of data that makes the standard deviation to unit by
scaling (dividing) all the values by the standard deviation of
the original data, more detail can be found in Wold et al.31

PCA is subsequently applied to the preprocessed data. The
data was decomposed into linear combination form, Eq. 1.
There are various techniques and software systems for ana-
lyzing PCA, e.g., MATLAB, SIMCA-P, and WEKA. Then,
the MSPC models for Hotelling’s T2 and SPE are developed
by using the selected PCs, instead of the original 104 meas-
urements, as described by Eqs. 3 and 4.

When new measurement frames are obtained, the MSPC
model is applied for monitoring mixing condition. The new
frames need to be preprocessed by scaling over each frame
using Eq. 5, and normalizing for all frames via auto-scaling
as described above. The scores of new frames were calcu-
lated using Eq. 2 with the appropriated number of k. Conse-
quently, the new scores were used for predicting their Hotel-
ling’s T2 and SPE. Plotting of Hotelling’s T2 and SPE on a
chart in association with control limits represents the MSPC
chart, which can be used as monitor for tracking the mixing
condition. If both statistical indices are bounded under con-
trol limit, it means that the system is statistically in control.
Otherwise, if either index is over bounded their control limit,
the system is undergone in a way of out-of-control or an
abnormal event occurring. Fault diagnosis and identification
should then be applied. The next section will present moni-
toring charts for ERT data of sunflower oil/water emulsion.

Results and Discussions

The tomography voltage measurements at flow rates
0.166, 0.133, and 0.108 l/s of concentrations from 33% to
5% were used as normal operational data to develop the
PCA-based MSPC models. Remember that the MSPC mod-
els were developed for monitoring mixing behavior only.
Here, the mixing behavior is characterized by the distribu-
tion of conductivity over the cross-sectional area of the pipe
where electrodes were mounted. If the conductivity is uni-
formly distributed, it is regarded as good mixing; if the con-
ductivity in part of the cross-sectional area of the pipe is sig-
nificantly lower or higher than in other parts of the cross-
sectional area, the mixing is considered as poor. The total
data of 23,768 frames (each with 104 voltage measurements)
was collected for MSPC model development. The data was
preprocessed first for each frame using Eq. 5 and then for all
frames via auto-scaling, as described in the previous section.
PCA was applied to the preprocessed data to develop the
MSPC models. The result showed 20 PCs were needed,
which explained about 73% variance of the data. Finally, the
20 PCs are used to construct MSPC monitoring charts.

The MSPC models obtained was applied for monitoring
new operations. Figure 4 shows an example for the emulsion
at 20% of concentration and various flow rates. It can be seen
that significant increases of both SPE and Hotelling’s T2

occurred after the flow rate was reduced to below 0.055 l/s,
and both values have exceeded the 99% control limits. This
indicates that there is 99% probability that the mixing behav-
ior became poor below this flow rate. This detected event of
moving away from the predefined normal mixing condition
can also be clearly seen in the PC1 � PC2 scatter plot, as
shown in Figure 5, where the PC1 � PC2 projections of the

tomography measurements at high-flow rates on the PC1 �
PC2 plane are grouped into one cluster, whereas the points at
lower flow rates are out of this cluster (points representing
flow rates of 0.055 l/s and 0.041 l/s). Figure 6 shows the
reconstructed conductivity tomography during the period of
flow rate reduction (from 0.055 l/s to 0.041 l/s), from which
the poor mixing can be clearly observed when flow rate is
reduced. It is worth noting that the images in this figure were
reconstructed using a fixed color-scaling template rather than
the color template originally used by the on-line tomography
instrument. The on-line instrument uses a changeable color
scale for maximally visualizing the difference within a single
image. Here probably, it is not appropriate to call the deviation
of 0.055 l/s as a fault. It is just that at this low-flow rate, the
conductivity across the cross-sectional area of the pipe
becomes no longer uniform, indicating poor mixing. This could
in future help flow pattern analysis, e.g., different flow regimes,
bubble, slug, multiple bubble and annular flow regimes.

Figure 4. Monitoring charts for the sunflower oil–water
emulsion at concentration 20% and different
flow rates, (a) SPE and (b) T2.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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As well as for the emulsion at concentration 15%, the
Hotelling’s T2 and SPE monitoring charts at different flow
rates are shown in Figure 7. It was shown that there are two
time periods where the SPE exceeded its control limit, in
one of which, both SPE and T2 exceeded their control limits.
The first increase in SPE occurred at the beginning of
experiment and at 0.190 l/s of flow rate. During this time, a
certain amount of sodium dodecyl sulfate solution was added
into the reactor to produce the emulsion with a lower con-
centration. This dilution process might have caused the mix-
ing state of the emulsion to become different. The second
period with a significant increase in SPE is located at the
time when the flow rate was changed from 0.190 l/s to 0.166
l/s. This sudden change at flow rate could have been the
course led to the change of mixing behavior.

Figure 5. The projection of tomography measurements
on the PC1 � PC2 plane for sunflower oil–
water emulsion at concentration 20% and dif-
ferent flow rates.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Figure 6. The change of the reconstructed conductivity
tomography at fixed color scale for some
frames of the sunflower oil–water emulsion at
concentration 20% due to the change of flow
rate (‘‘*’’ the number at bottom of each image
is the time stamp for the image).

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Figure 7. The monitoring charts for the sunflower oil/
water emulsion at 15% of concentration and
different flow rates, dash line is 99% upper
control limit of individual control chart.

(a) Hotelling’s T2 and (b) square prediction error charts.
[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Figure 8. The change of the reconstructed conductivity
tomography of the sunflower oil/water emul-
sion flow using fixed color scale at concen-
tration 15% and at the different flow rates.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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The period with an increase in both SPE and T2 occurred
at the flow rate 0.041 l/s. This low-flow rate might have
caused the oil particles to be separated into an area, as dem-
onstrated from the reconstructed conductivity tomography
images, Figure 8, where more oil particles are gathered in
the central area.

Because Hotelling’s T2 is calculated by the summation of
squared scores (Eq. 3), the cause of out-of-control can be

diagnosed using score contribution analysis. The methodol-
ogy of performing score contribution is discussed in detail in
literature.32 In the first step, score plots are used to identify
the latent variables, i.e., PCs that contributed most to out-of-
control of T2 statistic. Figure 9a shows the score plots for
the 20 PCs to T2 at different time frames for the emulsion
concentration of 20%. It can be seen that at around time
frame of 4748, where T2 is out of control as shown in Figure
7a, PC1 and PC2 have shown to give higher contribution
than PC3 � PC20. This is indication that the cause of out-
of-control in T2 at time frame 4748 was most likely due to
PC1 and PC2. Once the PCs are identified, the next step is
to find the original process variables. This can be achieved
by plotting the contribution plots of scores of original pro-
cess variables to PCs1 and PC2. Figures 9b, c show the plots
of scores of each process variable (i.e., the voltage pair) on
PC1 and PC2 at time frame 4748 (flow rate 0.055 l/s) and
5248 (flow rate 0.041 l/s), respectively. A cluster of meas-
ured voltage pairs are found to be responsible. For contribu-
tion to PC1 by original variables, Figures 9b, c, there are six
sets of the voltage pairs that give high contributions to PC1.

Figure 9. The contribution plots of scores at concen-
tration 20%.

(a) Score plot of 20 selected PCs at various flow rates, (b)
contribution plots to PC1 and PC2 by 104 voltage measure-
ments at frame 4748 (flow rate 0.055 l/s), and (c) contribu-
tion plots to PC1 and PC2 of 104 voltage measurements at
frame 5248 (flow rate 0.041 l/s). [Color figure can be
viewed in the online issue, which is available at
wileyonlinelibrary.com.]

Figure 10. Contribution plots of squared prediction
error at concentration 20%.

(a) Contribution to SPE for all PCs over time frames. (b)
Top: contributions to SPE at time frame 4748 (flow rate
0.055 l/s); bottom: contributions at time frame 5248 (flow
rate 0.041 l/s). [Color figure can be viewed in the online
issue, which is available at wileyonlinelibrary.com.]
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They are set A[1–4], B[11–16], C[23–29], D[36–40], E[48–
51], and F[95–104] noting that the numbers in square
bracket refer to measured voltage pairs. In the case of contri-
bution analysis to PC2, Figures 9b, c, even if they are not
clearly identified the sets of variables, they can also be
grouped as cluster-like PC1 because the variables in the
same sets of PC1 also have high contributions. Therefore, it
can be concluded that the sets A–F of measured voltage
pairs are identified as the causes.

To find out the root cause of abnormal event detected by
SPE, e.g., Figure 7b at time frame around 4748, score contri-
bution plots similar to T2 can be performed.32,33 The first
step is to identify the contributing PCs. Figure 10a shows
the score contribution plots of PCs to SPE over a set of time
series for the emulsion concentration of 20%. Figure 10a
shows that at around time frame 4748 it was found difficult
to identify which PCs are dominant. As a result, contribution
plots to SPE by original measured variables are analyzed.
The plots of Figure 10b are contributions of original varia-
bles at time frame 4748 (flow rate 0.055 l/s) and 5248 (flow
rate 0.041 l/s), respectively. It can be seen that measured
voltages which highly contribute to SPE are grouped and
identified as the sets of voltages A–F. This result is consist-
ent to the contribution analysis for T2.

The contribution plots presented above have only related
poor mixing to the voltage pairs of the electrodes. It would
be more meaningful if it is able to relate to such kind of pro-
cess variables as flow rate and pressures, though it is not
clear how this can be done for the case studies presented in
here. Nevertheless, the methodology of performing contribu-
tion analysis can be useful for some other purposes. For
example, it is possible to make use of process tomography
based MSPC monitoring and contribution plots presented
above to correlate mixing behavior with flow regimes such
as bubble, slug, multiple bubble, and annular flow regimes.
Dong et al.34 had presented interesting attempts to correlate
the measurements of voltage pairs with flow regimes. The
work MSPC and contribution plots approach presented in
this work have potential advantages because it is an unsuper-
vised method, therefore does not need training.

Final Remarks

Multiple sensors of electrical resistance process tomography
(ERT) provide real-time information about process conditions,
e.g., mixing behavior. In this study, the ERT system has 16 elec-
trodes that give measurements of 104 voltages every 25 ms. Tra-
ditionally, the measurements have been used to reconstruct color
images to be visually displayed to users. In this study, it was pro-
posed to make use of the tomography data for MSPC. MSPC
gives the probability, i.e., a statistical confidence level, of e.g.,
99% depending on how the control limit is set, of a predicted or
perceived event being abnormal. This is clearly advantageous
than purely relying on observation by human operators of the
reconstructed images for monitoring purpose, not only because
continuous observation by human operators of the ever updating
images is challenging as MSPC-based monitoring is tireless but
also because sometimes, it is difficult for an human expert to
make conclusions, in a quantitative way, if a perceived event is
abnormal. The study has demonstrated the methodology by
developing MSPC charts for monitoring mixing behavior for

processing oil/water emulsions. The results have been shown that
at the low-flow rates the mixing condition was poor as detected
by the MSPC chart. The diagnosis of variables that caused the
system out-of-control can be represented as a set of measured
voltages pairs of ERT system.
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