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ABSTRACT

Two different data fusion approaches, namely the thresholding and fuzzy logic-based data fusion, have
been proposed to address the challenges in the use of dual-modality electrical tomography (ERT-ECT)
for visualising gas-oil-water horizontal flow. This paper introduces both methods and compares their
performance on visualisation of six common flow regimes in horizontal pipe flow of industrial-scale
multiphase flow testing facility, including stratified flow, wavy stratified flow, slug flow, plug flow, bubbly
flow, and annular flow. The paper reports experimental results which reveals specific advantages and
limitations of each approaches. Overall, the threshold-based approach, including data fusion and
phase decomposition, is simple at the aspects of understanding and implementation. It is fast and
requires little computing resources, and therefore suitable for online purpose. The selection of
thresholding values, however, have obvious impacts on the results since the determination of the
thresholding values requires prior knowledge, which could be affected by site and operation factors. In
contrast, fuzzy logic-based method is much more complicated than the thresholding method since it
utilises the fuzzy inference system and decision tree to perform the fusion and carry out the
decomposition respectively. Accordingly, this advanced method costs more time and computing
resources to derive the final results. However, it does not need prior knowledge on threshold values
and hence is insensitive to the changes of membership functions, which makes this method more
robust than the thresholding value method. In addition, the results from visualisation of industrial flows
demonstrated the fuzzy logic fusion method has a better performance on reporting phase boundaries.

Keywords dual-modality electrical tomography, gas-oil-water horizontal flow, multiphase flow visualisation,
multi-dimensional data fusion, thresholding fusion, fuzzy logic fusion

Industrial Application Oil and Gas

1 INTRODUCTION

Gas-oil-water three-phase flow is a common physical phenomenon in many industrial sectors, e.g.
gas&oil production. When fluid is extracted from a well, it generally contains time-varying ratios of gas,
oil, and water. Due to the unpredictable and complex interactions between the phases, it is extremely
challenging to understand such phenomenon. Process tomography as a non-intrusive approach has
been intensively studied and applied to multiphase flow visualisation and measurement (Wang, 2015).
Due to the incapability of single-modality tomography on characterising the flow containing more than
two phases, multi-modality tomographic systems have been proposed to deal with three-phase flow
(Hoyle et al., 2001, Qiu et al., 2007, Sun and Yang, 2015). The majority of the efforts have been made
on the hardware and reconstruction algorithms, but very limited investigations have been conducted on
the method of data fusion based on specific characteristics of multiphase flows.

Data/image fusion has been intensively investigated in the past a few decades, and a variety of
approaches have been proposed in many areas, e.g. medical imaging and multi-sensor fusion. It
seems trivial to migrate those mature approaches to multi-modality process tomography with little effort.
This, however, is not the case due to the unique characteristics of multi-modality process tomography
and multiphase flow. In general, multi-phase flow visualisation and measurement requires not only
spatial information but also temporal contents to reflect flow dynamics, e.g. flow regimes. In addition,
both qualitative (e.g. images) and quantitative (e.g. phase concentrations) information is needed for
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multiphase flow characterisation. In case of electrical tomography, the data fusion becomes more
complicated primarily because of the low spatial resolution.

So far, the primary approach in process tomography-based three-phase flow visualisation relies on the
thresholding basis, i.e. using threshold values to binarize each tomograms from different modalities, e.g.
the methods reported by Qiu et al. (2007), and Sun and Yang, (2015). Unfortunately, there are
commonly shared limitations existed in these threshold-based approach, e.g. their capabitlities were
evaluated from limited flow conditions. Few advanced algorithms have been proposed, like fuzzy
clustering for two-phase flow with ERT-ECT (Yue et al., 2013), and fuzzy logic for ECT and Ultrasound
tomography (Pusppanathan et al., 2014). However, their applicability to ERT-ECT-based three-phase
flow visualisation did not be reported.

The focus of this paper is to address the challenges in the use of dual-modality electrical tomography
for quantifying and qualifying gas-oil-water three-phase horizontal flow. Two different approaches have
been investigated (Wang 2017). One of them is built upon the conventional threshold-based the other
employs fuzzy logic with decision tree. Both methods have been evaluated using the data acquired
from a dual-modality electrical tomography (ERT-ECT) from an industrial-scale flow testing facility at
the National Engineering Laboratory (NEL). The results on typical flow regimes are reported in the
paper, which covers the six common flow regimes, i.e. stratified flow, wavy stratified flow, plug flow,
slug flow, annular flow, and bubbly flow.

In this paper, both approaches are briefly introduced, and their performance on the six common flow
regimes will be compared based on experimental data acquired from a flow facility with a commercial
ERT-ECT systems.

2 METHODOLOGIES

2.1 Data pre-processing

When using ERT-ECT systems to visualise gas-oil-water horizontal flow, there are several inherent
challenges. Due to the differences in image format and data sampling rate of the engaged modalities
and image reconstruction algorithms, the resultant electrical tomograms represent distributions of
different electrical properties, with different spatial and temporal resolutions. Therefore, how to
integrate the tomograms containing different spatial and temporal information is the first challenges to
be addressed. In addition, due to the nature of multiphase flow, cross-sectional images may not be
enough to reflect flow dynamics, e.g. flow regimes, and hence alternative representations need to be
figured out so that more flow dynamics information can be conveyed. Another challenging issue is the
low spatial resolution of electrical tomograms for visualising multiphase flow, e.g. blurred boundaries
between bubbles and liquid. This limitation affects the application of the image fusion algorithms
utilising image features and visible objects, which means only pixel-level fusion methods are applicable
to electrical tomograms.

In order to convey more flow dynamics information, the cross-sectional tomograms are firstly stacked
along pipe axis. That is, axially-stacked tomograms are generated from two sets of original tomograms
to provide both spatial and temporal information of the flow under investigation. Afterwards, two
axially-stacked tomograms are registered from their own coordination systems to a common
coordination system so that every corresponding pixels in the tomograms represents exactly the same
physical phenomenon in both spatial and temporal terms.

In this study, commercial ERT (V5R) and ECT (M3C) were utilised for the experiments. The ERT
features with the sampling speed at 62.5 frame per second (fps), whereas the ECT works at the speed
of 12.5 fps. In addition, due to the difference between the reconstruction algorithms, the reconstructed
cross-sectional tomograms are with different mesh definitions, i.e. ERT tomograms are 20*20 whereas
ECT tomograms are 32*32. Therefore, the tomograms have to be registered at spatial and temporal
axes. Due to the simplicity in theory and implementation terms, linear interpolation was chosen for the
registration.
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2.2 Data fusion

After the transformation and registration, the resultant tomograms are ready to allow pixel-level fusion
algorithms to be performed. Based on the unique characteristics in this area, two algorithms were
dveloped to overcome the challenges, including the threshold-based fusion and fuzzy logic with
decision tree-based fusion. The principles behind two approaches are briefly introduced in the following
sections.

2.2.1 Threshold-based data fusion

Transformed ECT
data at (i,j)

Yes No
(stfDEEEECT

Transformed ERT

fijis gas data at (i,j)
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ERT ERT o
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Figure 1: Data flow of the threshold-based fusion (Wang et al. 2017).

The principle behind the threshold-based fusion is to use ECT to distinguish gas from water and oil, and
use ERT to distinguish water from gas and oil. The over procedure of the fusion is depicted in Figure 1.

In principle, the concentration sl.E].CT of a pixel at (i, j) in the processed ECT tomogram is firstly

compared with a threshold EECT. If the pixel concentration is beyond the threshold EECT, the pixel is
considered to be fully occupied by gas, or otherwise it contains oil and/or water. In later case, the

concentration sl.EfT of the processed ERT tomogram at the corresponding pixel (i, j) is compared to

another threshold value T°*". If the value is below T ™", the corresponding pixel is filled with water,
or otherwise it contains a mixture of oil and water.

2.2.2 Fuzzy logic with decision tree-based data fusion

The major issue of conventional threshold-based fusion is whether the threshold values is not trivial as
it may be affected by many factors, e.g. hardware, image reconstruction algorithms, and flow conditions,
and so on. To enhance the visibility, assumptions are made to describe the general contribution of
individual phase to tomograms Taking account of the threshold in electrical tomograms of each
modality (i.e. ERT or ECT) is usually taken at middle of a full concentration range, i.e. 50% of the full
concentration range [0%, 100%] can be divided into four sub-ranges, namely low, low-mid, mid-high,
and high concentration sections. Considering the widely accepted overall uncertainty around 5% of
local disperse phase concentration imaged with electrical tomography, the concentration at the pixel is
assumed only to be filled with water for ERT, or a liquid (water-oil mixture) for ECT as the pixel
concentration is less than 5%. In the mid-low concentration section, the flow assumed to be a mixture
of gas, oil, and water for both ERT and ECT imaging. In the high concentration section, the flow is
assumed only a gas-oil mixture (low conductivity) for ERT, but gas (low permittivity) for ECT. In the
mid-high section where the threshold falled in, the flow can be those in low-mid and high sections.
Figure 2 illustrates how the four concentration sub-ranges depict the possible fluid phase components
form the method to fuse ERT and ECT images.
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Figure 2: Possible component distribution for ERT and ECT concentration tomograms.

Following above fundamental principle, a fuzzy inference system (FIS) can be constructed to determine
possible combinations of gas, oil, and water phase, as well as the probability of each combination if
there are more than one combinations. With the combinations and the probability assumption, a
mixture can be decomposed into individual phase and concentration values of each phase can be
estimated. Overall, the FIS for our purpose has two inputs from ECT and ERT images and two outputs
for gas+oil and oil+water. The inputs are fuzzified firstly using membership functions to obtain
corresponding membership degrees. Afterwards, 16 pre-defined rules are identified as illustrated in
Figure 2 and evaluated according to the membership degrees, of which the results are aggregated for
later process. Finally, the aggregation is defuzzifized to a crisp value as a basis for the decomposition
and estimation. Based on the defuzzifized results, a decision tree is applied to derive pixel
concentrations of individual phases. Interested readers can refer to Wang (2017) for technical details.

2.3 Data post-processing

Data post-processing is to decompose individual phases and derive their pixel concentrations, and
finally display decomposed results with conventional colour mapping. Let

P= {px’y |xe{1,2,L ,N},yE{,2,L ,0}} denote the decomposed pixel concentration, where N

and Q are the dimensions of the fused tomograms. Since for every pixel D, in the fused result F,
phase composition can be described as:

o

pxa)’ = (af,y’ax,y’a;fy);aj,y E[Oal]’ (1)

where a;‘y represents local pixel concentration of the phase x, which satisfies:
g o W
a;, ta,, +a;, =1 (2)
Based on Equation 1 and Equation 2 and the decomposition procedure (Wang et al., 2017) for the
threshold-based approach and the fuzzy logic with decision tree based approach (Wang 2017), the

decomposed pixel concentration P can be derived.

A predominant visualisation approach for scalar data is colour mapping, i.e. transferring scalar data to

different colours in line with a lookup table. A colour space
C={c,, |x€{,2,L ,N},yE{l,2,L ,Q}} forthe fused tomogram can be defined as:
Coy = (rx,y,gx,y,bx,y), rx,y,gx,y,bx,y €[0,255] 3)
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where r, g, and b are the fundamental colors in RGB space, i.e. red, green, and blue. Accordingly, a
transfer function T can be defined using matrix multiplication:

255 0 0
[rx,y,gx,y,bx’y] =[aiy,a;y,a;fy] 0 255 O (4)
0 0 255

3 EVALUATION

3.1 Experimental setup

Experiments were carried out on gas-oil-water flow in industry-scale flow facilities in TUV NEL UK, of
which its multiphase flow loop is a three component flow facility featuring oil, water and gas. A graphical
representation of the flow facility is shown in Figure 3. For measurement purposes, Paraflex (HT9) oil is
used alongside substitute salt water (Magnesium Sulphate MgS04) and a dry gas (Nitrogen) is injected
externally via a pressurised storage tank.. Different Water-in-Liquid Ratio (WLR) and Gas Volume
Fraction (GVF) were combined in order to produce common flow regimes in horizontal pipe. The
selected testing matrix for the evaluation of the proposed imaging approach is shown as Table 1.

Three-phase separator ’

Pressure control

Liquid
Nitrogen

T 50 m Pump

Test section

A

= Gas

:@ High-frequencypum@ Low-frequency pump ® Turbine flow meter [ Valve

Figure 3: Schematic of NEL Multiphase Flow Facility (Millington, 2016).

Table 1: Selected flow conditions for evaluating the proposed approach.

WLR(%) GVF(%)

Stratified flow 50 60
Wavy stratified flow 75 70
Slug flow 75 42

Plug flow 75 5
Annular flow 90 92
Bubbly flow 90 35
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3.2 Data fusion results
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Figure 4: Axial stached images from high-speed video (the first from the top to bottom in each image column), ECT
(the second), ERT (the third), threshold-based fusion (the fourth), and fuzzy logic-based fusion (the fifth), for (a)
stratified flow; (b) wavy stratified flow; (c) slug flow; (d) plug flow; (e) annular flow; and (f) bubbly flow.
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Table 2: Mean concentrations of different flow regimes by conventional threshold-based method
and the proposed approach.

Stratified flow Wavy stratified flow  Slug flow

Threshold  FIS Threshold  FIS Threshold  FIS
gas (%) 48.63 48.15 51.56 51.84 49.62 47.58
oil (%) 19.57 21.08 11.62 14.18 12.60 17.50
water (%) 31.80 30.77 36.82 33.97 37.78 34.92

Plug flow Annular flow Bubbly flow

Threshold  FIS Threshold  FIS Threshold  FIS
gas (%) 2.84 5.92 91.54 93.72 10.99 0.97
oil (%) 30.05 58.38 1.90 4.06 35.66 74.27
water (%) 67.11 35.58 6.56 2.22 53.35 24.76

The results are depicted in Figure 4. For each flow regime, stacked images from high-speed camera
and 4 axial cross-sectional images extracted from 500 consecutive frames of ECT, ERT,
threshold-based fusion, and fuzzy logic-based fusion are presented together show their capability in
visualisation of typical five flow patterns in horizintal flows. Table 2 lists the mean concentrations for all
tested flow conditions by threshold-based method and the proposed approach.

From visual perspectives, the proposed approaches fused images are overall competitive with those by
conventional threshold-based methods. As ECT and ERT are able to approximately identify the
interface between each phase, e.g. in Figure 4b, FIS-based approach generates qualitative images
very close to the ones by the thresholding method, despite some distortion close to phase interface.
This, however, reflects the limitations of electrical tomographic system, e.g. blurred boundaries
between gas and liquid. However, when either of the applied modalities is incapable of presenting
good-quality tomograms, the FIS-based results are not as good as the ones by thresholding method,
e.g. the bubbly flow in Figure 4f.

3.3 Impacts of selective parameters on performance
In order to evaluate the impacts of the parameters on both methods, different parameters are selected
for each method. For each threshold, particular low-mid, mid-high, and high membership functions

(MFs) are defined for both ECT and ERT input MFs, as specified in Table 3. The detailed definitions of
the MFs can be found in Wang (2017).

Table 3: Different threshold values and membership functions.

Threshold Low-mid MF Mid-higg MF High MF

0.4 0.050.22504 0.2504055 040.51.0331.3

0.45 0.050.250.45 0304506 0.450.551.0331.3

0.5 0.050.2750.5 03505065 0.50.61.0331.3

0.55 0.050.30.55 0405507 0.550.651.0331.3
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The first experiment was to change the ERT threshold values, including 0.4, 0.45, 0.5, 0.55, while kept
the ECT threshold value at 0.5. The resultant mean concentrations of the phases for different ERT
threshold values are listed in Table 4 from both threshold-based method and FIS-based method, and
the images are demonstrated in Figure 5. Overall, both methods produce consistent results in terms of
mean concentrations and images. In threshold-based method, the change of ERT threshold values
have almost no effects to the mean concentrations of the phases, which is because the boundaries
between water (the conductive phase) and gas and oil (the non-conductive phase) are sharp due to the
application of sensitivity therom-based back-project (SBP). In contrast, in the FIS-based method, there
is a tiny impact on the results with MFs change. The . From visualisation point of view, the integrated
images are very similar except the boundaries between gas and oil in the FIS-based method are little
blurred. This is primarily because of the blurred boundaries between gas and liquid in the original ECT
images, which actually reflects the limitations of ECT tomograms in multiphase flow visualisation, as
well as the nature of multiphase flow in terms of interfaces are usually mixed together.

Table 4: Mean concentrations.

Threshold-base method FIS-based method

ERT threshold Gas (%) Oil (%) Water (%) Gas (%) Oil (%) Water (%)

0.4 32.53 40.62 26.85 33.28 41.05 25.66

0.45 32.53 40.62 26.85 33.28 40.84 25.87

0.5 32.53 40.62 26.85 33.28 40.70 26.02

0.55 32.53 40.61 25.86 33.28 40.57 26.14
TECT=0.5, TERT=°'4 TECT=0'4’ TERT=0.5

100 200 300 400 500 100 200 300 400 500
TECT=O'5’ TERT=0'45 TECT=0'45’ TERT=0'5
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TECT=°'5' TERT=0.5 TECT=0'5' TERT=0.5

100 200 300 400 500 100 200 300 400 500
TECT=0'5' Tsm=°'55 TECT=0.55, TERT=0.5
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Figure 5: Images with same ECT threshold but different ERT thresholds by (a) conventional thresholding method; and
(b) FIS-based approach.

The second expeirment was to change the ECT threshold values, including 0.4, 0.45, 0.5, 0.55, while
kept the ERT threshold value at 0.5. The derived mean concentrations are listed in Table 5, and the
integrated tomograms are depicted in Figure 6. Table 5 shows that with the threshold increase, the gas
concentration decreases, but the oil concentration increases. The gas concentration derived by the
thresholding method declines a little faster than the one by the FIS-based method. From visualistion
perspective, the results by both methods are very similar to the ones from the first experiment.
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Table 5: Mean concentrations of each phase by different ECT thresholds for conventional method and different
definitions of ECT membership functions for FIS-based approach.

Threshold-base method FIS-based method

ECT threshold Gas (%) Oil (%) Water (%) Gas (%) Oil (%) Water (%)

0.4 3554 3760 2686 3557 3841  26.02
0.45 3381 3933 2686 3455 3943  26.02
05 3253 4062 2686 3328 4070  26.02
0.55 31.23 41.92 26.85 32.12 41.86 26.02
Topr=05 =0.4,T_ =05
o45 TERT 5 or=0.45, T =0.5
os, err=05 o 5T, -o 5
o 55 TERT 5 o 85, Ty

Figure 6: Images with different ECT thresholds but same ERT threshold by (a) conventional thresholding method; and
(b) FIS-based approach.

4 CONCLUSIONS

Two different data fusion algorithms, i.e. threshold-based and fuzzy logic with decision tree-based
algorithms, are introduced, and their performances on the six common flow regimes in a horizontal pipe
are comparedin the paper. The data from each modality containing different spatial and temporal
information are fused successfully with both algorithms. However, due to the lack of local velocity
information, the quantitative comparison was directly on the mean concentrations derived by both
algorithms, rather than with reference values, e.g. gas volume fraction or water-liquid ratio.

Overall, the threshold-based approach is easy to be understood, simple to be implemented, and
requires acceptable time and resources. Therefore, it is suitable for online purpose. However, its
primary limitation is the determination of the threshold values, which usually requires a priori knowledge.
As the values have considerable impacts on the fusion results, they have to be chosen with extreme
care. In contrast, fuzzy logic with decision tree-based approach is theoretically complicated, and
involves substantial amount of computation, and therefore is time and resource-expensive. On the
other hand, it is insensitive to the changes of different membership functions, resulting in more stable
outcomes in both qualitative and quantitative terms. However, it is worth noting that the latter approach
is sensitive to the quality of the input data.
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