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Abstract—Coriolis flowmeters are commonly usedto measure
single phase flow In recent years attempts are being made to
apply Coriolis flowmeters to measure twoephase flows. This
paper presents a neural network based approach that has been
applied to Coriolis flowmeters to measureboth the liquid flow
rate and the gas void fraction of a twephase flow. Experimental
tests were conducted on a purposkuilt two-phase flow test rig
on both horizontal and vertical pipelines. The mass flow rate
ranges from 700 kg/h to 14500 kg/hwhilst the gas volume
fraction is between0 and 30%. A set of variables including
observeddensity, apparentmass flow,pressure of the fluid and
signals to maintain flowtube oscillation, are considered as inputs
to a neural network Two neural networks are established
through training with experimental data obtained from the flow
rig on horizontal and vertical pipelines, respectively The
performance of both neural networks is assessed in comparison
with the referencereadings Experimental results suggest thathe
relative errors of the corrected mass flow rateof liquid for the
vertical and horizontal installations are no greater than +1.5%
and +2.5%, respectively.The gas volume fractionis predicted
with relative errors of less than+10% and +20%, respectively,
for vertical and horizontal installations in most cases

Keywords—two-phase flow flow measurement;Coriolis mass
flowmeter, gas volume fractionneural network

[.  INTRODUCTION
Coriolis flowmeters for singkphase mass flow

correct the mass flow errors of a Coriolis mass flowmeter for
the measurement of twghase flow [4] Xing et al [5] applied
Coriolis flowmeters in combination with an ultrasonic
flowmeter to measure the individual mass flowrate of- gas
liquid two-phase flow under low liquid loading. Theote
meansquare errors of gas and liquid mdkswrates were
3.09%and 12.78%respectivelyVery little research has been
undertaken to estimate the gas volume fraction (GVREn
important characteristic parameter in a-tigisid mixture, from

the outputs of a Coriolis flowmeter.

In this paper the principle of the masuremenbf liquid
mass flow rate andsVF and using Coriolisflowmeters in
conjunction withneural networksare described in detailA
range of experimental tests were conducted on a pulpolse
two-phase flow rig on both horizontal and vertical pipe$in
The characteristics of the original mass flow errors from
Coriolis flowmeters are analyze@ihrougha selectionprocess,

a set of variables that may be used as inputs to the neural
network is consideredA threelayer neural networkis
establishedfor the Coriolis flowmeter on each pipeline. In
order to further improve the performance of tieeiral network,

the initial weights and thresholds between the layers are
optimized usinga genetic algorithm. Experimental results
suggest that the neural netwdrksed soft computing method is
feasible and costffective for the measurement of the liquid
massflow rate as well as the gas volume fraction under two
phase flow conditions.

measurement have been successfully applied to a range of

industrial applications particulgrin oil field, food processing

and chemical industries. In recent years, many researchers have

attempted to use Coriolis flowmeters for tpbase or
multiphase flow measurementHowever, despite recent
progress in sensor and transmitter technologies flig,

IIl. METHODOLOGY

NeuralNetwork (NN) is a common softomputing method
for modelling a nonlinear system with multiple inputs and
outputsand has beewidely usedfor a range ofprediction and

accuracy for liquid flow measurement with entrained gas in théorecastingapplications In this study, a BRback propagation)
liquid still remains a challenge. A bubble effect model wagheural networks established for each Coriolis flowmeter under

proposed to study gdisiuid two-phase flow for Coriolis

two-phase flowcondtions for the correction of the measured

flowmeters [2], but it cannot deal with positive errors in theliquid mass flowate and the prediction of gas volume fraction.
mass flowmeasurement. Subsequently, Liu et al [3] used & BP NN comprises input layer, hidden layer and output layer.
neural network to correct mass flow errors in a Coriolis mas$he input layer accepts variables from a Coriolis flowmeter
flowmeter which was based on a horizontal flow tube and thend other sensorédifferertial pressuretransduces in this

flow rate was limied to 1.53.6 kg/s. Although the mass flow

study)while the output layer gives the corrected mass flow rate

errors were reduced twithin 2%, the gas entrainment was not and predicted gas volume fraction. The hidden layer connects
quantified and different installation conditions were notthe input and output layers and represents their quantitative
considered. A method based on fuzzy systems was proposed to



relationshipsFig.1 shows the basprinciple and structure of  corresponding fitness values are used to determine the quality
the measurement system. of the chromosome. In thisusly, the objective functiorf, is

defined as the norm @n error matrix between the predicted
| valuesand expected valugse.
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whereY is the matrixof the output variable setsprrected
mass flow ratey, and predicted GVF, , i.e. Y =(¥;,¥,);
Fig. 1.Principle and structure of the measurement system Y is the matrixof the referene mass flow ratey, and GVF
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The candidatanputs usually includevariables which might
be irrelevant to the target or redundant. Irrelevant sypdtl The fithess function is the ordered output froime
noise and compléty to the model, while redundanayan objective function A subset ofchromosomes witlthe highest
increase the dimensionality of the model without providing anyerformance is selectdtbm the set of fithess values parent
additional predictive benefit. Consequentlykey step before generationthrough aselecton pracedure. The genes of the
establishing thénternalstructure of a NNs to select the input parent generatioare exchanged and recombined in a mating
variables, which affecs the performance of the NN pool to form offspring for the next generation. The new
significantly Forward selection is a classic and effectivechromosomesave superior characteristicdhan theprevious
approach twariable selection in statistics. It is realized throughgenerationOnce the evolution of all generatioisscompleted
adding variables to the NN one by one until no remaininghe optimaleights and thresholdseobtained
variables (outside the model) can add himg significantly to
the dependent variables-P. In this study, five variables are m
considered as listedin Table 1 The first four variables are
from the Coriolis flowmeter while the sa one is from a A Teg Conditions
Differential Pressure (DPjyransducer.

. EXPERIMENTAL RESULTS ANDDISCUSSION

Fig.2 shows the schematic of the tpbase flow rig that

Table 1 \ariables andcorrespondingymbols was used in thistgdy. The measurement data obtainedttua
Symbol Variable test rig and subsequent conclusions drawn fromdtta are
X1 Observed density drop expected to be transportable to other liegéd twephase flow
X2 Apparent mass flow conditions. Two independent Coriolis flowmeters were
X3 Sensor A/ Sensor B ratio installed before the mixer to praé references for the
X4 Drive level/ Sensor ratio individual mass flow rates of the liquid and gas phases. In the
Xs Differential Pressure downstream, two additional Coriolis flowmeters of the same

type were installed in the vertical and horizontal test sections,

Normalized RooMeanSquare Deviation (NRMSD) is respectively. These are the meters under teshssess the
used to assess ehsensitivity of each variable on the Performance of the NN approachhe mass flow accuracy of

performance of a NN. NRMSD is defined as gaS reference meter (m|n| CORLOWTM M15) is +0.5% u.l]
The Coriolis flowmeter onthe water flow section was
118 "2 ) calibrated with the weighing scale befoitee test and the

NRMSD:§ ﬁzl:(yi -%) relative erro was 0.0437%The In view of the effect of

gravity and buoyancy on twphase fluid, both horizontal and
wherey; is the reference mass flow rate of the liquid phase overtical installations of the meters are considered. A DP
GVF, V is the meanfy;, . is the corrected mass flow rate or transducer was used to record the DP value across each
|

predicted GVF from the NN accordingly, ands the number flowmeter under test.
of samples used. Two series obxperimental tests, Tests | and Tests Il, were

Apart from the input variables, initial weightand conducted for the liquid mass flow rate ranging from 700 kg/h
thresholdsbetween thehree layersaffect theperformanceof to 14500 kg/h and GVF from 0 to 30%, the Iatt(ir corresponds
the NN as well The initial weights and threshold are producedto the observeq density drop from Oo to 50%. The fluid
randomly, which can fall into the local extreme points easil};emperatgrg during the tests weasund 20°C. For the purpose
during the training process and cause slow convergencin [8]. of NN training, 237 data sets were coIIe_ctm:tn Tests | while
order to determinean optimal set of initial weightsnd 23 data sets recorded from Teltfor testing the performance
thresholdsfor the NN, a genetic algorithm isleployed which ~ ©f the NN
is a powerful optimisation technique based on the underlying
principles of natural evolution and select[@A10]. The genetic
algorithmused for NN optimization normally cagrises five
steps including poplation initialization, fitness function,
selection, crossover and mutatiofll the members of the
initial population are evaluated by an objective function and the
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respectively.The Coriolis flowmeter orthe vertical section
gives negative errors at the flow rateldw 4000 kg/h. At the
higher flow rag, the mass flow errors become positiand
crossing thezeroline and therreturnto negative errors again.
This isbelieved to be due to treffects offlow regime.At a
lower flowrate, theflow was nearly plug flowas obsered
during test while the flow regime becamearadually to
dispersed bubbldlow as the flowrate and entrained gas
increaseFor the Coriolis flowmeter othe horizontal pipeline,

the rangeof mass flow error is larger thanaton the vertical
pipeline due to the effect ajravity and buoyancyPositive
errors occurunder the conditiomf the mass flow rate of 700
kg/h and D00 kg/h and observed density drop below 16%.

the same installation, the results are generally reproducible
thanks to the new generation flow transmitte?][ The mass
flow errors in Figs. 5 and 6 are the results from Test Il and
have similar tend to Figs.3 and 4 respectively.

Fig. 2 Schemtéic of the twephase flow rig

B. Variable selection

Tables 2and3 outlinethelogical steps andutcome of the
variable selection procefs the mass flow rate correction and
GVF prediction respectivelyThe most sensitive variables in
each selection stage are underlinEtbm the two tablesye
can sedhatvariables X, x, and % affect the performance of
the NN more significarly than the other two. The NRMSD is
reduced slightly when variable; s added At the Step IV in

Table 2, x3 has negative effect on the performance of the

model. Consequently,1xX», X4 and » areselected as the input
variables to the NNor the correction of thenass flow rate as
well as predictiorof GVF.

Relative Error (%)

&0
Observed Density Drop (%)
~T00 kgh  —=—1000kgh 1750 kg/h 2500 kg/h —3250 kg/h
4000 kgh —=—4750 kg ——5500 keh —T000ka/h - --8500 kg/h
== 10000 kg/h-= - 11500 kg/h-« - 13000 kg/h-+- 14500 ke/h

Fig. 3. Uncorrected mass flow errors on the vertical pipeiiom Test |

Table2 Variable selectioior mass flow rate correction (NRMSBx)

Relative Error (%)

1 X1 X2 X3 Xa X5
NRMSD 79.07 5.72 54.07 | 60.67 | 6.51 4001
II X1, X2 X2, X3 X2, X4 X2, X5 -50 ! ! ! .
(1] 10 20 30 40 50 60
NRI“I/IISD —069 4.45 119 442 Observed Density Drop (%)
X1 X2, X3 X1 X2 Xg X1 X2 X5
— — — —T00kgh - 1000kg/m — 1750 kg — 2500keh ——3250 ke/h
NRMSD 0.73 062 0.39 4000 kg/h ~~~4750 kg/h —— 5500 ka/h ——7000 kg/h -~ -8500 kg/h
v X1 X2 X3 X5 | X1,X2X4Xs - +~10000 kg/h - » - 11500 ke/h -~ 13000 ke/h- - - 14500 ke/h
NRMSD 040 035 Fig. 4. Uncorrected rass flow errors on the horizontal pipelinem Test .
\% X1,X2,X3 X4, X5
NRMSD 037
15
Table3 Variable selection for gas volume fraction predictiNiRMSD: %) . ’f
= -
T X1 X2 X3 Xa Xs E Vs
NRMSD | 26.41 81.41 69.02 | 82.47] 70.32 Pl N ———= i +
II X1, X2 X1, X3 X1, X4 X1, X5 E Y \x““o_k P —_— .
NRMSD 6.85 10.61 12.18 | 12.85 = :; B
I1T X1,X2, X3 X1,X2, X4 X1,X2, X5 —:-‘S
NRMSD 8.05 9.74 5.75 0 5 10 15 20 25 30 35 40 45
v X1,X2,X3 X5 X1,X2, X4 X5 Observed Density Drop (%)
NRMSD 6.07 5.66 ——2000kgh —e— 4000 kg 6000 ke'h

C. Experimental results

The typical uncorrected mass flow errors of the Coriolis
flowmeteis under tesin Tess | are plotted in Fig. 3 and Fig, 4

8000 kg/h —s— 10000 kg/h ——12000 ke/h

Fig. 5.Uncorrected mass flow errors on the vertical pipdiiom Test Il
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Fig. 6.Uncorrectedmass flow errors on the horizontal pipeline from Test Il

The experimental datdrom Test lare used to trainthe
neural network while the data from Test llwas used for
testingthe performance of the netwarkFigs. 7and 8 depict
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(b) Predicted gs volume fraction errors

Fig.8.Results from the neural network filhe horizontainstallation.

IV. CONCULSIONS
A neural network based safomputing method has been

the errors othe corected mass flow rate and predicted GVFapplied to measure géiquid two-phase flow rate using

for vertical and horizontal installatisyseparatelyThe relative
error ofthe corrected mass flow rate isund to beno greater
than +1.5% for the vertical installationand £2.5% for the

horizontal installation Moreover, the large errors normally

existat lower mass flow rate Theerror of thepredicted GVF
is within +10% and +20% for vertical and horizontal
installatiors under the majority of the conditions
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Fig. 7.Results from the neural network for the verticatallation.

g
25
g "o
[
3 2F e}
&
=
s 15F
= o
-3
=1
s i
g
g 0.5 M
o r o & A +
£ o A A
8 + +
5 0 O
8 [u} o
w -05F
o
2
g 1 I I I I I I I
& 5 10 15 20 25 30 35 40 45
Density Drop (%)
O 2000 kg/h 4000 kg/h 2 6000 kg/h 8000kg/h O 10000kgh + 12000 kg/h

(a) Correctedmass flow rate errors

Coriolis mass flowmeters under different installation
conditions. The effectiveness of this method has been verified
through a range of experimental tests. Based on the
experimental data from each meter, the relative error of the
corrected mass flow rate is no greater thars% and 2.5%,
respectively, for the vertical and horizontal installations. In
comparison withthe original uncorrected errors, ttapproach

has provided significant improvementin measurement
accuracyAdditonally, he gas volume fractiois alsopredicted
through thesameNN and the relative error of the perdictin
less than+10% and +20% for the vertical and horizontal
installatiors in most casedt must be stressed that the reduced
errors in mass flow rate measurements from the Coriolis mass
flowmeters and gas volume fraction predictions are achieved
by using the existing datacim the Coriolis flowmeters and a
simple differentialpressure transducer without the use of any
other devices. This outcome has effectively extended the
applicability of Coriolis mass flowmeters such as liquid flow
measurement with a significant volumeeottrained gs. Effort

will be made in future to improve the accuracy GVF
prediction. Meanwhile, the neural network approach will be
extended tothe measurement ajther liquids with different
viscositiesunder twephase omulti-phase flowconditiors.
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