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The Coriolis mass flowmeter (CMF) is widely used to measure mass flow, mainly in petrochemical, medical, pharmaceutical, food
manufacturing, and other industries. The measuring tube is the crucial component of CMF, which affects the measurement
accuracy and causes losses to the production of enterprises. Wall-mounted failure of the measuring tube affects measurement
accuracy. A real-time detection method based on acceleration sensor array signal processing and pattern recognition are
proposed to detect such failure. Two acceleration sensors are arranged outside the CMF to compose a five-channel sensor
array. The signals of the multichannel array are decomposed through a blind source separation algorithm, and array signal
features are extracted by a wavelet scattering network. Support vector data description (SVDD) is used to detect the hanging
state of CMF at last. The experimental results show that the proposed method can be used to detect the CMF wall-mounted
failure in real-time with an accuracy of 89.59%, and the method can reduce production losses.

1. Introduction

Coriolis mass flowmeter (CMF) is an instrument that can
directly measure the mass flow of fluid without intermediate
parameter conversion [1]. Compared with other traditional
instruments for measuring mass flow, CMF has significant
advantages such as high measurement accuracy, no moving
parts, long service life, and slight wear. CMF has been widely
used in fluid detection in petrochemical, food, medical,
pharmaceutical, and other fields [2]. A typical CMF consists
of measuring tubes, drive units, and sensors [3]. The quality
of the impurities attached to the measuring tube greatly
influences the measurement accuracy of the CMF. The
higher the vibration frequency of the CMF, the greater the
impact of the attached impurities on the measurement accu-
racy [4]. Due to long-term operation, the impurities in the
fluid are deposited in the measuring tube leading to unbal-
ance in the measuring tube. It affects the calibration factor
of the flowmeter and the flow phase calculation of the
CMF [5]. Vibration signal detection and analysis is a com-
mon method to detect the impurities in the CMF measuring

tube. X-ray and ultrasonic imaging technology are often
used to inspect the interior of the CMF measuring tube.
However, these methods are either expensive or need addi-
tional equipment on the measuring tube, making it difficult
to meet the requirements of real-time detection of impurity
adhesion of CMF measuring tube [6, 7]. Since the accelera-
tion sensor can accurately detect the acceleration changes
and convert them into usable output signals, it can be
mounted on the CMF baffle to evaluate the quality of impu-
rities attached to the CMF measuring tube without installing
any equipment.

The signal collected from the CMF measuring tube by
the acceleration sensor array is a large amount of data. The
machine learning algorithm is a good data analysis and qual-
ity evaluation solution for such mass data problems. There
are many methods for fault detection of CMF. Stark et al.
proposed a multimode method to detect the fault state of
CMF and completed the design of corresponding diagnostic
equipment [8]. Yang et al. proposed an algorithm for CMF
fault detection and correction based on threshold compari-
son [9]. This method improved the measurement accuracy
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without increasing the system cost by adding corresponding
algorithms to the existing software. Gao et al. realized feature
recognition and correction of results by the neural networks
[10]. Sun and Wang discussed and compared two verifica-
tion methods of CMF: online verification and offline verifi-
cation [11]. Wheeler et al. proposed a method to detect the
faults of CMF through the change of its stiffness. However,
this method can only be carried out when CMF is not work-
ing [12]. Array signal processing consists of array signal
decomposition, signal feature extraction, and abnormal sig-
nal detection. Wang et al. proposed a bearing fault diagnosis
method based on the combination of the fast independent
component analysis (FastICA) in blind source separation
and envelope spectrum analysis to identify the bearing fault
signal characteristics under complex paths [13]. Multichan-
nel data acquisition signals are mixed signals of the original
signal. The FastICA preprocess them to obtain the source
signal, which is a fast optimization iterative algorithm appli-
cable to any type of data [14]. The effect of the machine
learning detection algorithm depends on the extraction of
signal features. There are many methods to extract signal
features, such as empirical mode decomposition (EMD),
Fourier transform, and wavelet transform [15]. EMD has
problems with mode aliasing and endpoint effect, Fourier
transform cannot be used for nonstationary signals, and
wavelet transform has a wider range of applications to sig-
nals and retains time information [16–18]. An invariant
scattering convolution network is a good feature extraction
method based on wavelet transform. The one-class classifi-
cation algorithm based on support vector data description
(SVDD) is adopted in abnormal signal detection. The basic
idea of the algorithm is to establish an optimal hypersphere
for the data and then determine whether the sample is in the
hypersphere for classification [19]. The array signal is
decomposed by FastICA, and the original signal is obtained
in this paper. The original signal’s characteristics are
extracted using the wavelet scattering network to train the
SVDD anomaly detection model and realize outlier detec-
tion of the CMF.

This paper aims to present a CMF wall-mounted failure
detection system without additional equipment on the mea-
suring tube. The CMF measurement tube wall-mounted fail-
ure can be detected by analyzing the array signal. The
principles and methodology are introduced in Section 2. Sim-
ulations and experiments are analyzed in Section 3. Some
reasonable explanations of simulation results and experi-
mental data are given in the last.

2. Principles and Methodology

2.1. Working Principle of CMF. CMF consists of a primary
instrument and a secondary instrument, as shown in
Figure 1(a). The primary instrument includes the flange,
shunt body, measuring tube (U-shape), drive unit, and
detection units, as shown in Figure 1(b). The secondary
instrument is a transmitter that processes the output signal
of the primary instrument.

The flange is used to connect the measuring tube and the
secondary instrument. The shunt body is used to evenly

divide the measured liquid into two U-shape measuring
tubes. An excitation signal is emitted by the drive unit as a
mechanical force on the U-shape tube, and the measuring
tube vibrates continuously in the second-order vibration
mode. Sensors A and B are used to detect the phase changes
of the tube.

When the fluid flows in the pipe, the measuring tube is
twisted due to Coriolis force. This causes the phase of the
feedback signals of the detection sensor A and B to be ahead
and lag behind the phase of the driving signal, respectively.
The phase relationship between sensors A and B is shown
in Figure 2.

A0 represents the amplitude of the vibration signal of the
drive unit, and A1 and A2 represent the amplitude of sensors
A and B, respectively. According to the phase difference
between sensors A and B, the mass flow rate of the CMF at
this moment can be obtained as shown in the following for-
mula:

qm = Ks

8r2 Δt: ð1Þ

qm is the mass flow rate,Ks is the angular elastic modulus
of the measuring tube, r is the radius of the measuring tube,
and Δt is the time difference between the two sides of the coil
passing through the centerline.

2.2. CMF Wall-Mounted Failure Detection Method and
Design. The sensors are divided into two groups. Array 1
consists of two external acceleration sensors distributed on
the baffle plate in Figure 1(a); array 2 consists of the two sen-
sors and drive unit as shown in Figure 1(a).

The specific anomaly detection progress is shown in
Figure 3.

Step 1. After the array captures the vibration signal, the Fas-
tICA is used to decompose the signals of the two arrays to
obtain the original signals.

Step 2. The wavelet scattering network is used to extract the
features of the original signal, which is used to train the
SVDD anomaly detection model.

Step 3. Finally, the single-classification algorithm based on
SVDD is used to detect the CMF impurity adhesion. If the
collected sensor array data is solved outside the hypersphere,
it is believed that impurities are adhering to the pipe wall at
this time.

Step 1. Fast independent component analysis.
The propagation path of waves in stainless steel is com-

plex, and the propagation speed is fast. It is difficult to
describe it with an accurate propagation model. In this
paper, the simplified model is selected, and the linear hybrid
FastICA is used to decompose the array signals. The FastICA
aims to estimate the source signal S and the mixed matrix A
by observing variable X.

There are three independent sound sources in Figure 4.
A single microphone receives the mixed signals of the three
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sound sources. Due to the different distances between the
sound source and each microphone, the wave signals
received by each microphone are different.

There are n signal sources ðs1, s2,⋯, snÞ, S is an indepen-
dent signal source, and A is an unknown mixed matrix,
which is used to combine and construct observation variable
X, which can be expressed as

X = AS: ð2Þ

Through the sensor array, the variables X can be
obtained. According to the central limit theorem, the distri-
bution of the combination of multiple random variables
tends to Gaussian distribution. Finding an optimal direction
W maximizes the non-Gaussian property of S in this direc-
tion. Thus, Ŝ =WTX, negative entropy is used to measure
non-Gaussianness:

J sð Þ =H sgauss
� �

−H sð Þ: ð3Þ

Hð∗Þ is differential entropy, and sgauss is a Gaussian ran-
dom variable with the same covariance matrix as s. In a
sense, negative entropy is the optimal estimation of non-
Gaussian. Negative entropy is usually solved by the approx-
imate method of negative entropy. One of the classical
methods is the following equation [20]:

J sð Þ = E G sð Þf g − E G υð Þf g½ �2: ð4Þ

Type of G (∗) is a nonlinear function, and υ is the stan-
dard normal distribution of random variables EfGðυÞg will
be a constant. We only need to care about the value of Ef
GðWTXÞg. According to the Karush-Kuhn-Tucker condi-
tion, the optimal solution of equation (4) under the condi-

tion of EfðWTXÞ2g = kWk2 = 1 can be expressed as the
following equation:

∂ J sð Þ − β Wk k2 − 1
� �� �
∂W

= E XG′ WTX
� �n o

− βW = 0: ð5Þ
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Figure 1: (a) The structure of CMF. (b) The primary instrument of CMF.

Figure 2: Drive unit, sensor A and B output signals.
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The coefficient β is the Lagrange multiplier, and it is
used to constrain the expectation of EfXG′ðWTXÞg. Equa-
tion (5) can be expressed as follows:

Wn+1 =Wn −
E XG′ WT

nX
� �n o

+ βWn

E XXTG′′ WT
nX

� �n o
+ β

: ð6Þ

Under the condition of EðXXTÞ = I, simplify equation
(6), equation (7) is obtained.

Wn+1 = E XG′ WT
nX

� �n o
− E G′′ WT

nX
� �n o

Wn: ð7Þ

In this experiment, there is no requirement for ampli-
tude, and the normalized processing of the obtained results

can be obtained as follows:

Wn+1 =
Wn+1
Wn+1j j : ð8Þ

W is initialized as the identity matrix. Due to the uncer-
tainty of the order of decomposition results of the FastICA,
kurtosis is used as the sorting criterion to reorder the
decomposed S to ensure that the array signal decomposition
results are composed in a certain order and avoid the influ-
ence of order-disorder on feature extraction [21].

Step 2. Wavelet transform.

Various methods are used to generate signal features,
such as the calculation of signal statistical characteristics
and frequency-domain features [22]. The invariant scatter-
ing convolution network is used to automatically extract sig-
nal features with excellent performance and high
interpretability. It contains wavelet convolution, nonlinear,
and averaging operations [23, 24].

The complex wavelet transform for signal x is expressed
as

x ∗ ψλ1 tð Þ = x ∗ ψa
λ1 tð Þ + jx ∗ ψb

λ2 tð Þ: ð9Þ

The extended waveletψa,bðtÞ is obtained by the main
wavelet ψðtÞ transform. The wavelet modulus coefficient is
constructed by a complex wavelet and can be expressed as

U λ½ �x = x tð Þ ∗ ψλj j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x ∗ ψa

λ1 tð Þj j2 + x ∗ ψb
λ2 tð Þ�� ��2

q
: ð10Þ

The wavelet scattering coefficients with translation
invariance can be obtained by convolving the modulus of
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Figure 3: Anomaly detection progress.
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wavelet coefficients with the scaling coefficient function to
obtain the low-frequency information of the signals:

λ½ �x = x tð Þ ∗ ψλj j ∗ ϕ tð Þ: ð11Þ

ϕðtÞ is the scaling coefficient function of the low-pass
filter.

The invariant scattering convolution network is shown
in Figure 5. First, the signal is averaged using a wavelet
low-pass filter, which loses the high-frequency details. A
continuous wavelet transform is then applied to the signal
to generate a set of diagrams of scale coefficients used to cap-
ture the details lost in the first step. After taking the modulus
of scaling coefficients, the output is filtered using a wavelet
low-pass filter to generate the first layer of scattering coeffi-

cients. In the end, repeat the process mentioned above to
construct more layers of scattering coefficients.

Figure 6 shows the result of the signal of the two-channel
accelerometer sensors after processing by FastICA placed on
the fixed plate. For the six cases in the experiment, the scat-
tering coefficients of the first decomposed component are
very similar. Figure 6 shows the visualization of set 1 of
the scattering coefficient filter for the second decomposed
component. It can be seen from Figure 6 that there are sig-
nificant differences in scattering characteristics between
those with and without impurities adhered to the pipe wall.

An invariant scattering convolution network is a special
kind of convolutional network. As the preset wavelet basis
and nonlinear operators are set in advance, there is no need
to adjust filter parameters through training samples, which

Input x

Scattering features

Figure 5: Invariant scattering convolution network.
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greatly reduces the number of operations and computational
complexity [25].

Step 3. Support vector data description.

In this paper, an attempt was made to hang impurities
on the fixed points of the pipe wall to simulate the adhesion
of impurities in the pipelines of CMF. Usually, the model
can only be trained using data from the normal working
state of CMF lacking counterexample data [26, 27]. This
paper adopts a single classification algorithm based on
SVDD to achieve the anomaly detection of impurity adhe-
sion cases to solve this problem of extreme class imbalance
[28, 29].

Tax and Tuin first proposed SVDD based on a support
vector machine (SVM). This data description can be used
for novelty or outlier detection. The primary detection prin-
ciples are as follows.

Try to find a hypersphere with the smallest volume and
wrap all the positive sample data in the hypersphere to com-
plete the description of the target data region. Assuming that
there is a class of positive sample data x ∈ Rn∗d , where n is
the number of samples and d is the feature dimension. The
SVDD is used to find a hypersphere with the smallest vol-
ume which contains the positive class sample data, the cen-
ter of the hypersphere is a, and the radius is R, which is
transformed into the optimization problem:

min R2 + C〠
n

i=1
ξi, ð12Þ

s:t: xi − ak k2 ≤ R2 + ξi, ξi ≥ 0: ð13Þ

In equations (12) and (13), ξ is the slack variable, and C
is the penalty coefficient. The introduction of slack variables
allows some of the samples not to be in the hypersphere,
which reduces the volume of the hypersphere and reduces
the risk of overfitting.

As shown in Figure 7, if the image of the new sample
point falls into the optimal hypersphere in the feature space,
the sample is regarded as a normal point. Conversely, if the

image of the new sample falls outside the optimal hyper-
sphere in the feature space, the new sample is regarded as
an outlier. In this way, the judgment of novelty or outlier
detection is completed.

3. Simulations and Experiments

3.1. Modelling and Analysis. To carry out the research work
and make the protocol feasible, the ANSYS simulation
modelling shown in Figure 8(a) was completed to obtain
the flow velocity distribution of the fluid within the CMF.
According to the flow velocity distribution, the location of
the CMF measuring tube that is most prone to wall-
mounted failure is identified. The flow velocity of the mea-
suring tube bend part of CMF is the greatest. When the flow
body is viscous or contains impurities and flows through the
bend pipe, it is not easy to appear viscous fluid or impurities
deposition. At the location where the straight pipe intersects
with the bend, the flow velocity of the fluid is the smallest,
the probability of impurities hanging on the wall is the larg-
est, and deposition is likely to occur.

Because the actual situation of the measuring tube impu-
rity adhesion is complicated, the impurity adhesion’s posi-
tion and quality are difficult to accurately describe by the
model, so this paper adopts a fixed-point wall-mounted
study. Assuming that the density of impurities is greater
than the density of the measured fluid, the location where
the straight pipe intersects the bent pipe is taken as the loca-
tion of impurity deposition. Blu-Tack is used to represent
the impurities coated on the wall of the pipe to simulate
the situation of impurities deposited and adhered in the
measuring tube.

The Blu-Tack is pressed into a thin sheet and pasted on
the pipe wall at the Figure 8(b) mark to simulate impurity
deposition and adhesion to the pipe. The mass of plasticine
pasted in a single position is 3 grams. There are a total of
six conditions, respectively: (1) no impurity adhesion; (2)
there is only one impurity adhesion; (3) there are two impu-
rity adhesions on a measuring tube; (4) there is an impurity
adhesion on each of the two measuring tubes; (5) there is
one impurity adhesion on one measuring tube and two
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impurities adhesion on the other measuring tube; (6) there
are two impurity adhesions on both measuring tubes.

3.2. Experimental Platform and Setups. In this experiment,
the required equipment includes N50 double U-shaped
CMF and N50 double U-shaped CMF sensor matching
DPT100 transmitter, Blu-Tack (used to simulate impurities),
resolution of 0.01 electronic balance (weighing Blu-Tack),
acceleration sensor of LC0403 vibration sensor, BVM-8101
microcharge amplifier, DC voltage regulator power supply,

data acquisition card USB-4716, and a master computer.
The on-site device is shown in Figure 9.

A total of 30,000 sets of data were collected in this paper,
including 20,000 sets of CMF normal operation data and
2000 sets of data of five wall-mounted experimental arrays,
each with a length of 1 second. The contamination parame-
ter is set to 0.1, indicating the proportion of contaminated
data in the positive sample data set.

In the experiment, the sensor data of CMF under normal
working conditions are collected first. Then, the FastICA is

(a)

Measuring tube

Blu-tack

(b)

Figure 8: (a) CMF velocity simulation. (b) Experimental model of the CMF.

Charge amplifier

Master Computer

Transmitter

Measuring tube

Acceleration sensorData acquisition card

DC power supply

Figure 9: Experimental site device diagram.
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used to decompose the signal array, and the wavelet scatter-
ing features are extracted and selected. Finally, the detection
model of SVDD is trained to obtain the spherical center and
the decision boundary. If the collected sensor array data is
outside the hypersphere after calculation, it can be consid-
ered that impurities are adhering to the pipe wall in CMF
at this moment. On the contrary, it is considered that no
impurities are adhering to the pipe wall in CMF at this

moment. Reasonable explanations of simulation results and
experimental data are given at the end.

3.3. Percussion Experiment of CMF. The validity of the the-
ory requires specific experiments to verify. Therefore, this
percussion experiment is used to verify the effectiveness of
the FastICA algorithm in CMF array signal decomposition.
When CMF is in a normal working state, a slight percussion
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Figure 10: (a) Vibration signal of CMF. (b) FastICA decomposition results.
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is given to the measuring tube, and the vibration signal of
CMF is collected through the vibration data acquisition
experimental platform.

The array signal of CMF is shown in Figure 10, where
the x-axis is the number of sampling points while the y
-axis is the amplitude. The CMF vibration signal waveform
plot is shown in Figure 10(a), and the components obtained
by FastICA decomposition are as shown in Figure 10(b). It
can be concluded that source signal 1 is the signal transmit-
ted to the outer shell by the vibration of the measuring tube
during the normal operation of the CMF. Source signal 2 is
the percussion signal to the measuring tube. The FastICA
algorithm can effectively separate the mixed signals of
CMF array signals through the analysis of experimental
results.

3.4. Results and Discussion. The invariant convolution scat-
tering networks and Fourier transform are used to extract
features of the signal. Only the normal working data of
CMF are used to train the anomaly detection model pro-
posed in this paper. It can be divided into four cases accord-
ing to whether to use the FastICA algorithm to decompose
the array signal and whether to use the invariant convolu-
tional scattering network or the Fourier transform to extract

the signal features. The receiver operating characteristic
(ROC) curve is shown in Figure 11.

From the ROC curve, the FastICA algorithm to decom-
pose the signal can improve the performance of the anomaly
detection algorithm. The area under curve (AUC) metric
significantly improved from 0.89319 to 0.93021 in the case
of decomposing the signal by using the FastICA algorithm
and extracting features by using an invariant convolutional
scattering network. In this paper, the signal features
extracted using the invariant convolutional scattering net-
work are more efficient than the Fourier transform.

For the experiments, the array signal was processed
using the anomaly detection algorithm in Figure 3, and the
confusion matrix is shown in Table 1.

Even if few impurities adhere to the tube wall, the
method could still be effectively monitored, and decent
results can be achieved. Although the difference of the small
additional mass reflected in the signal is very weak, the
method proposed in this paper can reach the detection accu-
racy of 89.59%.

4. Conclusions

In this paper, the finite element analysis model of CMF is
established based on the ANSYS Workbench platform, and
a CMF wall-hanging fault detection algorithm based on an
array sensor is proposed. 5 g plasticine is used to simulate
impurities for experiments. Some conclusions can be derived
according to the series of simulations and practical
experiments.
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Table 1: Confusion matrix.

Predicted normally Predicted anomaly

Actual normally 18000 2000

Actual anomaly 1124 8876
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(1) Fault Location Prediction. The location most prone
to wall-mounted failure is obtained by simulation,
which is regarded as the location of the wall-
mounted failure to establish the model

(2) Fault Detection Algorithm. The wall-hanging fault
detection algorithm of CMF based on an array sen-
sor is proposed, and 5 g plasticine is used to simulate
impurities for experiments. Finally, the accuracy of
experimental results can reach 89.59%

(3) Application Advantages. The algorithm proposed in
this paper can detect whether there are impurities
attached to the CMF wall in real-time. The detection
effect is good, which further ensures the long-term
efficient operation of CMF and reduces the cost of
enterprises. At the same time, this method can be
widely used in ultrasonic array detection signal pro-
cessing, pattern recognition, anomaly detection, and
data classification
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