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A B S T R A C T

In this paper, we investigate the prediction of multiphase flowrate based on multi-modal time series sensing data
by using machine learning. The time series differential pressure data generated from Venturi tube, and pressure,
temperature data are employed as network input. We implement and compare the performance of three machine
learning methods including Deep Neural Network (DNN), Support Vector Machine (SVM) and Convolutional
Neural Network (CNN). The multi-modal multi-phase flow sensing data are collected in a laboratory-scale flow
facility under various flow conditions. Moving average of the collected instantaneous sensing data is applied to
train the developed DNN, SVM and CNN. The result analysis shows that DNN and SVM methods can achieve
satisfactory liquid and gas flowrate prediction accuracy under various flow conditions, such as different water in
liquid ratio, different gas volume fraction and different flow regimes.
1. Introduction

Gas-liquid flows as a typical type of multiphase flow can be frequently
observed during the production process in petroleum and energy in-
dustries, and carbon capture processes. Accurately monitoring the dy-
namic flow status and measuring the key flow parameters, e.g. flowrate,
play a vital role in promotion of efficiency, reduction of emission and cost
during the production process.

Over the past decades, separation of the multiphase flow into single
phase flow has been a common method to perform the multiphase
flowrate measurement in petroleum industry [1]. Many single phase flow
meters are able to provide accurate flowrate measurement in both lab-
oratory and real applications. However, in modern petroleum and energy
industries, the separation process has its inherent obstacle which requires
bulky and expensive separators, and is also highly intrusive [2]. Such
restrictions are more obvious in offshore oil and gas production pro-
cesses, where the available space for the transmission pipeline is limited
and occupation of extra space usually causes high economic expenditure.
In addition, traditional multiphase flow separation procedure is lack of
efficiency.

In recent years, multiphase flow measurement apparatus and data
processing methods have been emerging, targeting at directly
the elsarticle package on CTAN.
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measuring key flow parameters without phase separation. Such tech-
niques usually adopt a combination of various single phase flow mea-
surement techniques and data analytic methods. Examples include
radiation based flow meters [3,4], electromagnetic flow meters [5],
differential pressure meters [6], ultrasonic meters [7], and terahertz
meters [8]. To tackle the limitation of the devices, different data
analysis methods were investigated. Dong et al. attempted to measure
mulitphase flowrate by implementing cross-correlation method to
measure the phase velocity [9]. However, it is limited to a narrow range
of flow patterns. Another approach is to modify the multiphase flow to
generate a more homogeneous mixture, making it easier to measure
flow parameters [1].

Differential pressure instruments (DPI) with its reliable performance
on single phase and wet gas flowrate measurement have been widely
used to estimate the multiphase flowrate [10]. Measurement principle of
DPI is based on Bernoulli equation, which describes a relationship be-
tween the differential pressure and velocity of fluid [11]. Orifice plates
[12] and Venturi tubes [13,14] as two typical DPI are widely studied in
multiphase flowrate measurement. However, most studies in gas-liquid
mixture or multiphase flowrate measurment were carried out within a
certain category of flow patterns. In these cases, empirical or semi-
empirical correlation models are usually applied to obtain the flowrate of
er 2020
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Fig. 1. Schematic illustration of the multiphase flow testing facility.

Fig. 2. Schematic of Venturi tube with key sensing parameters.
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the mixture but such models are only valid for certain flow conditions [2,
15]. Another major source of uncertainty is over-reading when extending
DPI to measure the gas-liquid flowrate, where the in-situ changing of the
liquid phase leads to an obvious higher reading of the differential pres-
sure [16].

In recent years, the continuing advancement of machine learning
makes it a promising data analytic/fusion method for multiphase
flowrate estimation [17]. Machine learning exhibits powerful capa-
bility in dealing with multiple input parameters and large amount of
sample data, which can be implemented to analyze the differential
pressure data collected from DPI. Recently, several attempts have been
made to utilise machine learning to estimate the multiphase flowrate,
e.g. the application of Convolutional Neural Networks (CNNs) and
Flow Adversarial Networks (FANs) on gas-liquid flowrate estimation
[10].

However, most existing machine learning based multiphase flow-
rate estimation methods assume flow regimes as a pre-known condi-
tion. The flow conditions are carefully designed and the generated/
simulated mixture can only stand for a narrow range of multiphase
flow. In real applications, the multiphase flow regime keeps changing
and it is difficult to be observed during the transportation process.
Therefore, the assumptions based on certain flow regimes or stable
mixture flow conditions cannot broadly represent the complex pro-
duction process.

In this paper, we investigate the feasibility of predicting the flowrate
of gas-liquid flow based on multi-modal time series sensing data and
machine learning methods. We create dynamic oil/gas/water three-
phase flows on a laboratory-scale multiphase flow test facility to mimic
the real flow transportation phenomenon during the production process.
Real-time sensing data are collected from Venturi tube, pressure and
temperature sensors as network input. Three machine learning methods,
i.e. Deep Neural Network (DNN), Support Vector Machine (SVM) and
CNN are developed and comprehensively compared for liquid and gas
flowrate prediction.
2

2. Methodology

2.1. Multiphase flow facility and data acquisition

A laboratory-scale multiphase flow experiment facility (see Fig. 1) at
Tsinghua Shenzhen International Graduate School was utilized for flow
sensing data collection. The experiment facility contains four main sec-
tions, i.e. three single phase pipelines supplying the liquid (oil and water)
and gas single phase flows, a multiphase flow mixing and testing part
installed with multi-modal flow sensors, a multiphase flow separator and
storage tank, and control units for actuators, e.g. electro-valves.

Before multiphase flow experiments, the pressure controller adjusts
the experiment facility to a fixed pressure, and two oil and water sup-
pliers’ pumps then produce respectively water and oil single-phase flows
from the separator. To simulate the multiphase mixture transportation
process in oil and gas field, cycling compressor transmits varying amount
of gas to the testing part according to different Gas Volume Fraction
(GVF) settings, which can be controlled by the electro-valves. The



Fig. 3. DNN with four input parameters.
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instantaneous flowrate of each single phase flow is recorded as reference
by single-phase flow meters. Afterwards, the three single phase flows are
blended together in the testing section and passes through various flow
sensors, e.g. the Venturi tube, temperature and pressure sensors. The
schematic of Venturi tube is illustrated in Fig. 2. When multiphase flow
travels through the throat of the Venturi tube, the change of cross
sectional diameter will lead to a pressure change related to the flowrate.
In this work, we collect three types of sensing data in real-time, i.e.
standard pressure (P), former differential pressure (ΔP1) and posterior
differential pressure (ΔP2), and temperature (T).

2.2. DNN based flowrate prediction

Deep Neural Network (DNN) as a prevailing supervised machine
learning method has been widely applied in solving various regression
problems. In this Section, we first develop a DNN model (see Fig. 3) for
multiphase flowrate prediction based on the given inputs.

As stated in Section 2.1, two differential pressure data from Venturi
tube, temperature and standard pressure data are utilized as network
input. In Fig. 3, the “þ1” cell represents the bias layer, which stores the
value of 1 and has free connection with previous layers, which means
that the bias layer will not influence of the output from the previous
layer. The input parameters will propagate through the fully connected
hidden layers and the output is the predicted flowrate of the liquid/gas
phase. This is also known as the forward propagation process of DNN,
where the vector expression of the ith cell’s value at the lth layer can be
written as [21]:

zli ¼
XNl�1

k¼1

Wl
ika

l�1
ik þ bli (1)

where W and b are the weights and bias at the lth layer, respectively; a is
the output from the ðl�1Þ layer; Nl�1 represents the total cell number at

the ðl�1Þ layer; i is the ith cell at the lth layer; k is the kth cell at the ðl� 1Þth
layer and Wl

ik corresponds to the weight of the ith and kth cell.
Eq. (1) can also be written as matrix form, i.e.
3

2
6 zl1

3
7

2
6 Wl

11 Wl
12 … Wl

1Nl�1

3
7
2
6 al�1

1

3
7

2
6 bl1

3
7
66664

zl2
⋮
zlNl

77775
¼

66664
Wl

21 Wl
22 … Wl
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⋮ ⋮ … ⋮
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Nl1 Wl
Nl2 … Wl

NlNl�1

77775
66664
al�1
2

⋮
al�1
Nl�1

77775
þ
66664
bl2
⋮
blNl

77775
(2)

To calculate the output of the lth layer, simple mathematical manip-
ulation can be performed, which gives:

2
666664

al1
al2
⋮
alNl

3
777775
¼ f

0
BBBBB@

2
666664

zl1
zl2
⋮

zlðNlÞ

3
777775

1
CCCCCA

(3)

Eq. (3) can be simplified as:

al ¼ f
�
zl
�¼ f

�
Wlaðl�1Þ þ bl

�
(4)

where f ð:Þ is the activation function. In this work, we choose the Expo-
nential Linear Unit (ELU) function as the activation function for effi-
ciency and avoid over-fitting [20]. Suppose the actual liquid/gas flowrate
is y, then the square loss function (J) is calculated by finding the mean
square subtraction value between the output of DNN and y, which is:

J ¼ 1
2

���� al � y
����2 ¼ 1

2

���� f �zl�� y
����2 (5)

Based on (5), we could obtain the gradient of the weights, which is
calculated as:

∂J
∂Wl

¼ ∂J
∂al �

∂al

∂zl �
∂zl

∂Wl
(6)

Similarly, the sensitivity degree of DNN is defined as:

∂l ¼ ∂J
∂zl ¼

∂J
∂zlþ1

� ∂z
lþ1

∂zl (7)

Such process on determining and updating the gradient of weights
and sensitivity degree is also known as the Back Propagation (BP) pro-
cess. If all the updated parameters during the BP process are denoted as
Θ, then the training process on predicting the gas/liquid flowrate can be
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formulated by:

Θl;g ¼ arg min|fflfflfflffl{zfflfflfflffl}
Θl;g

Jl;g
�
P;ΔP1;ΔP2; T ;Θl;g

�
(8)

Meanwhile, the Levenberg-Marquardt (L-M) method [22] was used to
competently optimise the best solution for the liquid/gas flowrate pre-
diction problem during the DNN training process. As an improvement of
Newton method on finding the best solution of the gradient, L-M method
exhibits more flexibility and reliability in solving non-linear least squares
problems.

2.3. SVM based flowrate prediction

Support Vector Machine (SVM) as a typical supervised machine
learning model has been broadly applied to deal with classification
problems. Previous work reported the utilization of SVM for multiphase
flow regime recognition based on electrical capacitance tomography
[20]. However, there is a lack of study on using SVM to predict multi-
phase flowrate. This may be due to that SVM is not a conventional
method on solving regression problems and the multiphase flowrate
prediction is also complicated, which cannot be simply regarded as a
linear regression problem. In this work, we improve the traditional SVM
classifier by manipulating the input parameters and implementing a
Gaussian kernel during the data analysis process.

Principle Component Analysis (PCA) is first utilized to handle the
variance-covariance characteristic of the input parameters so that they
can be analyzed by SVM. The fundamental idea of PCA is to map the
original n-dimension input to the reconstructed k-dimension data. In
detail, PCA can be performed in two different ways, i.e. based on the
minimum mapping distance or the maximum mapping variance. We
perform the input data reformation by utilising PCA based on the latter
idea. The initial step is to properly express the n-dimension data set (D)
with m data input into vector form D ¼ ðx1; x2;…; xmÞ and perform
centralisation on the input data, which can be mathematically expressed
as:

xi ¼ xi � 1
m

Xm
j¼1

xj (9)

where xi indicates the data included in D. Then, we calculate the
covariance matrix of X, which can be expressed as:

σcov ¼ 1
n
X XT (10)

The eigenvalue of the covariance matrix can be obtained and the
corresponding eigenvectors can also be calculated by using Lagrange
multiplier method. Then, a new matrixW can be obtained by subtracting
the kth maximum value of the eigenvectors. An alternative way to
calculate W is to set a threshold, which is defined as:

η¼
Pk

i¼1λiPn
i¼1λi

(11)

where λi is the eigenvector, n and k are the original and reconstructed
dimension of the data set, respectively. It is obvious that η ranges be-
tween 0 and 1. The eigenvector matrixW is usually determined when η is
greater than 85% [20].

Once the eigenvectors matrix W is obtained, then the new sample zi,
which is also the output of the PCA, can be deducted as:

zi ¼WTxi (12)

Therefore, the new data set (D0 ) we obtained by performing PCA can
be expressed as D0 ¼ ðz1;z2;…;zmÞ. SVM is then applied on the reformed
data zi. By combining with Gaussian kernel, the improved model is able
to achieve the regression function, where the decision function can be
4

formulated as:

DSVMðzÞ¼ sign
�X

ζ

εnynKðzn; zÞþ b
�

(13)

where sign(.) denotes the signum function; the support vector and weight
factor are represented by ζ and ε, respectively. y is the flowrate of the
liquid/gas phase; constant b is bias and K denotes the normal form of
Gaussian kernel.

2.4. CNN based flowrate prediction

In recent years, Convolutional Neural Network (CNN) has attracted
many interests in solving regression problems. Examples include
measuring particle size distribution [23] and addressing the patch
matching issue [24]. To implement CNN for multiphase flowrate pre-
diction, the multi-modal sensing data need to be carefully manipulated to
fit the CNN model. There are several attempts of using 1D CNN model to
analyze time series data [25,26]. The main differences between 1D CNN
and conventional CNN lie in the dimension of input data and the working
principle of filters. Such differences could be explicitly seen from the
existing two applications of CNN on multiphase flow prediction, which
are reported by Hu et al. (conventional CNNmodel) [10] and Zhang et al.
(1D CNN model) [27], respectively. This section aims to evaluate the
feasibility of applying CNN in dealing with differential pressure, pressure
and temperature data with the goal of predicting the multiphase
flowrate.

A comprehensive CNN model contains input layer X, where X ¼
½x1; x2;…; xm�T , the convolutional layer which contains the convolution
core with a customised size and followed by pooling layer, fully con-
nected layer and the output layer Y, where Y ¼ ½y1; y2;…; yn�T . The
forward propagation in CNN can be concluded into three steps: 1) from
the input layer to the convolution layer, 2) from the hidden layer to the
convolution layer, 3) from the hidden layer to the pooling layer, and 4)
from the hidden layer to the fully connected layer. The first step can be
expressed as:

al ¼ f
�
Xl�1 *Cl þ bl

�
(14)

where a represents the second layer of CNN; C is the convolution kernel; *
stands for the convolution operation; b is the bias; f ð:Þ is the excitation
function and the superscript is the layer index. Since (14) describes the
initial propagation process, hence l ¼ 2.

The mathematical expression of the second step can be written as:

al ¼ f
�XM

k¼1

al�1
k *Cl

k þ bl
�

(15)

whereM is the matrix obtained from the output of the hidden layer and k
is the number of the convolution kernel. It is actually the same as (14)
whilst the only difference is the input, where the input of (15) is the
output from previous hidden layer rather than the initial input.

The third connection between the hidden and pooling layer can be
regarded as the information extraction step. In other words, the size of
the input matrix is reduced by extracting and storing useful information
into a newmatrix. If the size of the input matrix is N � N and followed by
k� k pooling area, then the output will have a size of N

k � N
k . Two

frequently used pooling methods are maximum and average pooling
[28].

The last connection occurs between the hidden layer and the fully
connected layer. Considering that the fully connected layer actually fol-
lows the normal DNN structure, the forward propagation can then be
defined in (4).

Once the forward propagation is finished, CNN will update all the
corresponding parameters such as bias and weights to generate more
accurate prediction results. The parameter updating process is also



Fig. 4. Schematic of CNN structure for multiphase flowrate prediction.

Fig. 5. The laboratory scale multiphase flow testing facility.

Table 1
MULTIPHASE FLOW EXPERIMENTAL TEST MATRIX.

Liquid flowrate (m3/h) WLR Gas flowrate (m3/h) Gas volume fraction

1 0–100% 0–20 0–95%
2 0–100% 0–40 0–95%
3 0–100% 0–60 0–95%
4 0–100% 0–30 0–90%
6 0–100% 0–60 0–90%
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known as back propagation (BP). For a given CNN model, the calculation
of the loss function of the previous hidden layer (Ll) depends on the
property of the current layer. If the deduction starts from the fully con-
nected layer, then Ll can be calculated as:

Ll ¼ �
Cðlþ1Þ�TLðlþ1Þ � f ðÞ0�zl� (16)

where zl is the unexcited output of the current layer l and � denotes the
XNOR operation.

If we are currently at a convolution layer, then Ll can be calculated as:

Ll ¼Lðlþ1Þ * rot180
�
Clþ1

�� f ðÞ0�zl� (17)

When the current layer is a pooling layer, then Ll can be obtained
from (18):

Lðl�1Þ ¼ upsample
�
Llþ1

�� f ðÞ0�zl� (18)

Based on the obtained loss function, the weight and bias parameters
could be updated as well. The refreshing process for W can be described
as:

∂JðC; bÞ
∂Wl

¼ al�1*Ll (19)

Fig. 4 illustrates the network structure of CNN in this work. The CNN
implemented contains 13 layers with three convolution layers and two
max pooling layers.

The input includes the measured multiphase flow parameters (P;ΔP1;
ΔP2;T), which are pre-processed by using moving average method. De-
tails of the moving average method is stated in Section 3.1. Further pre-
processing on the input data sets is performed to fit the unique structure
of CNN. In this work, every 100 sensing parameters are selected to form a
3D batch with a size of 10 � 10 � 4. The new reference data corre-
sponding to the batch is calculated by taking average of the original 100
reference data.

The size of the Kernel function is chosen as 2� 2 due to the restriction
of the input data, which only contains four different types of parameters.
The depth of the convolution layer increases from 8 and ends up with 32.
The weights of the first twelve layers were fixed to avoid overfitting. As
the multiphase flowrate estimation is a regression problem, a regression
layer has been connected behind the fully connected layer as the last
output layer of the CNN and the final output is the predicted liquid/gas
flowrate.

3. Results and discussion

Experimental setup and performance evaluation of the given machine
learning methods are demonstrated and discussed in this Section. Addi-
tionally, we also discuss the pre-processing of time series sensing data
collected from Venturi tube, temperature and pressure sensors. The
validation error of DNN, SVM and CNNmethods are carefully considered
and minimum validation error is regarded as the main index during the
training and model selection process to ensure that the optimal results
5

can be obtained of different methods. To effectively compare the per-
formance of different machine learning models, the best flowrate pre-
diction results were presented in following sections.
3.1. Experimental setup and data pre-processing

We conducted a series of multiphase flow experiments with various
gas and liquid flow rates and Water in Liquid Ratios (WLR) on the
multiphase flow testing facility (see Fig. 5).

Specifically, we study the oil, gas and water three-phase flow. The
details of the test matrix are shown in Table 1. The gauged flowrate of
each single phase was measured and calculated as reference in the su-
pervised machine learning process. The volumetric flowrate of liquid
(water þ oil) ranges from 1 to 6 m3/h, and the WLR changes from 0 to
100% with a step of 10%. Meanwhile, the volumetric flowrate of the
pumped gas ranges from 0 to 60 m3/h, which is changed in accordance
with the variation of the liquid flowrate.

The time series of four multiphase flow parameters, i.e. P, ΔP1, ΔP2
and T are acquired by Venturi tube, temperature and pressure sensors,
which is placed within the multiphase flow testing section. Each of these
parameters contains 39,990 instantaneous sensing data in total. We
applied moving average [29] to the data, which takes the average of



Fig. 6. Example of moving average of one input parameter with window length
of 300 and gap of 10.

Fig. 7. Multiphase flowrate prediction results of (a) liquid phase and (b) gas
phase by using DNN.

Fig. 8. Relative error of (a) liquid phase and (b) gas phase flowrate prediction
by using DNN.
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every 300 data points with a gap of 10 data points. Fig. 6 demonstrates
the moving average process of one parameter vector, where the process
ends up when the maximum value of the ‘window’ reaches 39,990. Thus,
the amount of input samples to DNN and SVM are 3970. In this work, we
randomly select 75% data from the whole pre-processed data set as
training subset, 15% as validation subset and the remaining 15% as
testing subset, respectively. The epoch number for both DNN and SVM
was selected as 100, at which point the training error will not further
reduce. As mentioned in Section 2.4, further pre-processing of the input
data is required for CNN. The amount of samples for CNN after
pre-processing is 3871, where we randomly select 75% as training data,
6

15% as validation data and 15% as test data. The epoch number of CNN
was chosen as 12.

In addition to absolute error, we also calculate relative error of the
predicted liquid and gas flowrates, in order to evaluate the performance
of each machine learning method. Relative error is obtained by:

δ¼
����υp � υr

υr

���� (20)

where υp and υr are the predicted and reference flowrate, respectively.
3.2. Results from DNN

Fig. 7a and Fig. 7b show respectively the predicted liquid and gas flow
rates by using DNN. The liquid and gas flowrate was separately estimated
by training the network with the same input but different target data.

The results demonstrate that the proposed DNN is able to generate
satisfactory multiphase flowrate prediction without requiring flow
pattern as prior information. Liquid flowrate results in Fig. 7a show that
most liquid phase flowrate prediction results are located around the



Fig. 9. Multiphase flowrate prediction results of (a) liquid phase and (b) gas
phase by using SVM.

Fig. 10. Relative error of flowrate prediction results for (a) liquid phase and (b)
gas phase by using SVM.
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standard line and all the predicted results are bounded within the �0.5
m3=h absolute error range. Comparable performance can be found in the
gas flow rate prediction results in Fig. 7b but with wider absolute error
range, which is �5 m3=h, as the gas flowrate is much higher than the
liquid flowrate (see Table 1). The relative error of predictions reflects this
phenomenon in a more straightforward way, which is shown in Fig. 8.

The relative error of the liquid phase indicates most predictions are
within the acceptable range except a few glitches. Whereas the relative
error of gas phase fluctuates obviously at lower flowrates, but most of the
larger gas flowrate predictions still fall in an acceptable range. The
phenomenon is normal as it is extremely challenging to accurately pre-
dict small flowrates of both phases. In such cases, little fluctuation could
incur large relative errors.
3.3. Results from SVM

Thus far, SVM has not yet been applied in multiphase flowrate esti-
mation without acquiring flow pattern as prior information. Fig. 9 shows
the liquid and gas flowrate prediction results based on SVM on the same
data set. When implementing SVM, it was found that the liquid and gas
flowrate estimation results still have plenty potential to be improvedwith
7

relative large deviation. Therefore, we reduce the moving average length
to 25 with the same gap of 10, based on empirical trials.

The results shown in Fig. 9a and b demonstrates optimistic potential
of SVM on multiphase flowrate prediction based on the multi-modal
sensing data. Fig. 9a shows only five predicted results do not fall into
the acceptable range, whilst all the other results locate quite close to the
standard line. Comparable outcomes are obtained for gas flowrate pre-
diction in Fig. 9b. The results demonstrate very good linearity near the
standard line with most points locating within the acceptable range.

Fig. 10 illustrates the relative error, which shows similar trends of
both liquid and gas phases as the DNN results. This further confirms that
SVM can be regarded as a satisfactory multiphase flowrate prediction
method with the given input training parameters.

3.4. Results from CNN

In this subsection, we introduce CNN in multiphase flowrate predic-
tion in view of its robust ability in dealing with regression problems. The
predicted liquid and gas flowrate results are illustrated in Fig. 11.

Observing Fig. 11a and b, it is explicit that the results exhibit general



Fig. 11. Multiphase flowrate prediction results of (a) liquid phase and (b) gas
phase by using CNN. Fig. 12. Relative error of flowrate prediction results for (a) liquid phase and (b)

gas phase by using CNN.

Table 2
MSE OF FLOWRATE PREDICTION USING DNN, SVM AND CNN.

Method MSE of flowrate prediction

Liquid Gas
DNN 0.0081 2.8454
SVM 0.0079 1.8139
CNN 0.5947 9.211

H. Wang et al. Measurement: Sensors 10-12 (2020) 100025
linear relationships between the predictions and reference data for both
liquid and gas phases. However, comparing with DNN and SVM, the
amount of results outside of the acceptable range in Fig. 11 increases
significantly. This indicates that non-negligible prediction error occurs
when implementing CNN for multiphase flowrate prediction, and such
phenomenon becomes more obvious for the liquid phase. It may be due
to the limitation of training data. Since the input of the CNN is calculated
by taking every 100 data sets as a batch, where each of these 100 data has
a corresponding target data. The challenge is to find a representative
target data from the 100 target data as a matched target of the CNN input
sample batch. We took the average value of the corresponding target data
to match with the corresponding input sample batch. Therefore, one
possible reason is that the averaged target cannot perfectly fit the input
sample batch.

The relative error shown in Fig. 12 further supports the above dis-
cussion. It is worth noting that the relative error shows that gas flowrate
prediction results are relatively more stable than the liquid ones, except
for small gas flowrates. Both relative error results in Figs. 12a and b
indicate the association between the input parameters and the predicted
flowrate. It suggests that it is feasible to employ CNN to predict the
multiphase flowrate given proper flow sensing data with a relatively
8

large training data set.

3.5. Comparison between DNN, SVM and CNN

In this subsection, we calculate the Mean Square Error (MSE) to
compare quantitatively the performance of each methods in multiphase
flowrate prediction. MSE is defined by:

MSE¼ 1
n

Xn

i¼1

ð~y� yÞ2 (21)
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where n is the number of the test samples; ~y is the predicted flowrate and
y is the reference flowrate.

Table 2 compares the MSE of liquid and gas flowrate prediction re-
sults by using DNN, SVM and CNN. The MSE of liquid flowrate prediction
is overall smaller than gas. DNN and SVM could achieve much smaller
MSE for both liquid and gas flowrate prediction, compared with CNN.
Therefore, we may conclude that DNN and SVM are more suitable
methods for multiphase flowrate with differential pressure, pressure and
temperature as input parameters, in comparison with CNN.

Further analysis showed that SVM has the lowest MSE value on both
liquid and gas groups, which means that SVM is able to provide accurate
multiphase flowrate prediction with the given input parameters. More-
over, DNN also evinces potential in dealing with the multiphase flow
regression problems. In practice, the determination of a machine learning
methods not only depends on prediction accuracy, but also the model
complexity, training time and input data preprocessing requirements,
etc. CNN for multiphase flowrate prediction requires further manipula-
tion of the input data based on the moving average method. DNN and
SVM are in contrast more straightforward to implement.

4. Conclusion

This work investigated the performance of three machine learning
methods, i.e. DNN, SVM and CNN, in oil/gas/water three-phase flowrate
prediction based on time series sensing data. The proposed methods do
not require flow pattern as prior information. We adopted the combi-
nation of four sensing parameters, i.e. two differential pressures, stan-
dard pressure, and temperature, which are obtained in real time on a
pilot-scale multiphase flow facility under various flow conditions, to
train the networks. The results suggest that all methods could generate
reasonable liquid and gas flowrate predictions. Quantitative analysis
shows SVM gives the best estimation results compared with DNN and
CNN. The performance of DNN is similar to SVM with slightly degraded
performance. Whilst both DNN and SVM outperforms CNN on both liquid
and gas flowrate prediction and potential reasons are discussed.
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