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Reciprocating compressors are widely used in petroleum industry. Due to containing complex nonlinear signal, it is difficult to
extract the fault features from its vibration signals. This paper proposes a new method named Convolutional Neural Network
based on Multisource Raw vibration signals (MSRCNN). The proposed method uses multisource raw vibration signals collected
by several sensors as input and uses the designed CNN to operate both the feature extraction and classification. The gas valve
signals of reciprocating compressor in different states are used as the experimental data. In order to test the effectiveness of the
proposed method, it is compared with the traditional BP (Back-Propagation) neural network fault diagnosis method based on
power spectrum energy and wavelet packet energy. In order to further test the antinoise performance of the proposed method,
some noisy signals with different signal-to-noise ratios were constructed by adding white noise into sampled signals for testing.
The results show that the MSRCNN model has higher fault recognition rate than the traditional methods. This indicates that the
MSRCNNmethod not only has good fault recognition effect, but also has certain antinoise performance.

1. Introduction

Commonly, fault diagnosis involves two steps: feature extrac-
tion and fault decision. The fault feature is extracted from
the raw signals, and then the fault diagnosis is performed
by manual experience judgment or pattern recognition
technology [1–13]. Common feature extraction techniques
include time domain statistical analysis, Fourier spectrum
analysis, wavelet transform, empirical mode decomposition
(EMD), and other time-frequency analysis methods [1, 2, 5,
6]. Common pattern recognition classifiers could include k-
nearest neighbor (KNN) [3], artificial neural network (ANN)
[4–6], and support vector machine (SVM) [4, 8–11]. In
order to improve the fault identification rate further, the
multisensor fault signals are used to diagnose the device
together. However, this will lead to new problems such as
increased feature set dimensions and data redundancy. A
feature selection step will be implemented to get rid of

useless and insensitive features and reduce the dimensions
for the sake of computational efficiency. Principal component
analysis (PCA) is one of the common dimension reduction
methods [3, 11].

As general machinery, reciprocating compressor is
widely used in petroleum and petrochemical industries. A
small fault in reciprocating compressor may cause serious
issues in operation. Its fault diagnosis also uses traditional
method—feature extraction adding pattern recognition
[6–12]. Liu Shulin et al. [6] used wavelet packet energy of
difficult frequency ranges and radial basis function (RBF)
neural network to diagnose faults. Tang Youfu et al. [7]
calculated the Lempel-Ziv complexity indexes and used
back-propagation (BP) neural network to identify the failure
of the reciprocating compressor valve. A fault diagnosis
method for bearing fault of reciprocating compressor based
on LMD multiscale entropy and SVM is proposed [8].
Wang Jindong et al. [9] applied compound fault diagnosis
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Figure 1: Overview of a sample conventional CNN.

technique based on EMD-Information Entropy and SVM
to fault diagnosis of reciprocating compressor bearings.
Qi et al. [10], based on the pretrained dictionary by sparse
code method, supposed that faults are recognized and
classified by support vector machine (SVM). Liu et al.
[11] proposed an integrated feature extraction method
based on the variational mode decomposition (VMD) and
multifractal detrended fluctuation analysis (MFDFA) for
a fault diagnosis of a reciprocating compressor valve, and
the faults were identified by pattern classifiers of BTSVM
and CNN. The Teager–Kaiser energy operation (TKEO) is
proposed to estimate the signal amplitude envelopes and
statistical measures are used to extract characteristics of the
valve conditions, while the deep belief networks (DBNs)
are applied to classify the faults of compressor valves [12].
The above research has achieved certain results. But due
to the complex structure of the reciprocating compressor,
multisource nonlinear pulse signal [14], the existing feature
extraction methods are difficult to capture the essential fault
feature, which make the diagnostic effects not ideal.

After the deep learning convolutional neural network
(CNN) was proposed [13], the recognition accuracy was sig-
nificantly improved in many traditional pattern recognition
tasks. CNN demonstrates its superior ability to deal with
complex problems and attracts a large number of scholars
to study its theory and application [15]. The implicit feature
extraction capabilities of CNNmake itself particularly attrac-
tive in the field of pattern recognition where feature analysis
is difficult. Some researchers have attempted to exploit
CNN for both feature extraction and pattern classification
in mechanical equipment fault diagnosis [16–27]. In these
applications, some input of theCNNmodel is a 1-dimensional
(1D) raw signal [16–19], and some input of the CNN model
is 2-dimensional (2D) data [20–27]. In [16, 17] 1D vibration
signal is used to diagnose the bearing. In [18] 1D motor
current signal pair is applied to diagnose the fault of motor.
In [19] a 1D vibration signal is applied to health monitoring
of themechanical structure. Papers of [20–22] simply process
the raw signals into a 2D raw signal to diagnose the bearing or
the pump. In [23–28] the time-frequency analysis of the raw
signal is performed, and the 2-dimensional time-frequency
image data is taken as the input of the CNN model.

Although the CNN method has achieved good results in
many of the above-mentioned fault diagnosis fields, it is rarely
seen in the fault diagnosis of reciprocating compressors at
present. In this paper, a CNN model based on multisource
raw vibration signals (MSRCNN) is proposed to diagnose

the valve failure of reciprocating compressor.Themultisource
raw vibration signals are directly input in MSRCNN model.
MRCNN has the following advantages: (1)The multisource
raw signals are 2D data themselves which are very suitable
for CNNs; (2) the existing feature extraction methods are
difficult to capture the essential fault characteristics of recip-
rocating compressors, andMRSCNNworks on raw temporal
signals, without feature extraction or manual selection; (3)
more comprehensive fault information could be obtained
through multiple sensors.

The remainder of this paper is organized as follows:
Section 2 briefly introduces the structure and principle of
CNN; Section 3 introduces the MSRCNN model based on
multisensor vibration signals; Section 4 evaluates the effect
of the proposed method through experiments by comparing
it with other traditional methods. Section 5 gives some
conclusions and present to the future work.

2. Overview of CNNs

CNNs are a typical deep learning model and are biologically
inspired feed-forward ANNs that present a simple model for
the mammalian visual cortex. They are now widely used and
have become the de facto standard in many image and video
recognition systems. Figure 1 illustrates a 2-D CNN model
with an input layer accepting 28 × 28 pixel images [13, 18, 19].
Each convolution layer after the input layer alternateswith the
subsampling (pooling) layerswhich decimate propagated 2-D
maps from the neurons of previous layer. Unlike handcrafted
and fixed parameters of the 2-D filter kernels, in CNNs they
are trained (optimized) by the BP algorithm. However, the
kernel size and the subsampling factor that are set to 5 and
2 for illustration in Figure 1 are the two major parameters
of the CNN. The input layer is only a passive layer which
accepts an input image and assigns its (R,G,B) color channels
as the feature maps of its three neurons. With forward
propagation over sufficient number of subsampling layers,
they are decimated to a scalar (1-D) at the output of the last
subsampling layer. The following layers are identical to the
hidden layers of a MLP, fully connected, and feed-forward
networks. These so-called fully connected layers end up with
the output layer that estimates the decision (classification)
vector.

The convolutional layer of CNN is used to extract local
features of the input neuron data. Each convolution layer is
composed of multiple feature matrices. Each feature matrix
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Figure 2: Architectural hierarchy of proposed 2D CNN.

is viewed as a plane. The corresponding convolution kernels
are the same on each layer. They have the characteristics
of rotation, displacement invariance, and weight sharing.
The features can be learned in parallel. The number of free
parameters is greatly reduced. The convolution kernels of
different planes are different, and multiconvolution kernels
make feature extraction more complete. The convolution
operation is described as formula (1).

𝑥𝑙𝑗 = 𝑓( ∑
𝑖∈𝑀𝑗

𝑥𝑙−1𝑖 × 𝑘𝑙𝑖𝑗 + 𝑏𝑙𝑗) (1)

𝑀𝑗 is the input feature map, we use 𝐾𝑙𝑗 and 𝑏𝑙𝑗 to denote the
weights and bias of the 𝑗-th filter kernel in layer 𝑙, respectively,𝑥𝑙−1𝑗 is the input of the l-th layer, and 𝑥𝑙𝑗 is the output of the𝑙-th layer.

The pooling layer (P layer), also called the downsampling
layer,merges similar features into one and reduces the param-
eters of the network. Pooling process can extract features
with scale invariance and prevent data from overfitting. The
polling transformation is described as follows (in formula
(2)).

𝑥𝑙𝑗 = 𝑓 (𝛼𝑙𝑗𝑑𝑜𝑤𝑛 (𝑥𝑙−1𝑖 ) + 𝑏𝑙𝑗) (2)

where 𝑑𝑜𝑤𝑛(⋅) is the subsampling function and 𝛼𝑙𝑗 is the 𝑗-th
network multiplicative bias of the 𝑙-th layer.

The last few layers are identical to the hidden layers of
a MLP, fully connected, and feed-forward. These so-called
fully connected layers end upwith the output layer. Generally,
the softmax classifier is used to solve the multiclassification
problem.

At present, most CNN is used for a supervised mode.The
training of CNN is similar to the traditional artificial neural
networks training method. The back-propagation algorithm
(BP) is used to transmit the error layer by layer, and the
gradient descent method is used to adjust the parameters
between the layers.

Convolution has three important ideas: sparse connec-
tivity, parameter sharing, and equivariant representations.
The sparse connectivity establishes the non-fully connected
spatial relationship between the layers through the topology
structure to reduce the number of training parameters.
Weight sharing can effectively avoid the algorithmoverfitting.
Equivariant means that if the input changes, the output
changes in the same way. Pooling helps to make the represen-
tation become approximately invariant to small translations
of the input. CNN is very suitable for the processing and
learning of massive data. It can effectively realize fault diag-
nosis and identification by extracting features layer by layer.

3. Proposed MSRCNN Model

In this study, fusing feature extraction and fault diagnosis
of the reciprocating compressor, we propose a convolutional
neural network (MSRCNN) model as shown in Figure 2,
which uses the multisource raw vibration signals without
prior feature extraction as input.

In this model, the input data is 1024∗3 (3 sensors), and
the kernel size is set to 3∗3.Themodel parameters, including
the number of layers and whether to use BatchNomalizarion,
etc., were adjusted experimentally. Model is constructed
by Python (a popular development language), using the
Keras framework (the back end using Tensorflow). Keras
framework can be used to build models quickly. After many
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Table 1: The network structure of MSRCNN.

Layer (type) Output Shape Param #
input 1 (InputLayer) (None, 1024, 3, 1) 0
conv1 (Conv2D) (None, 1024, 3, 8) 80
bn1 (BatchNormalization) (None, 1024, 3, 8) 32
activation 1 (Activation relu) (None, 1024, 3, 8) 0
max pool1 (MaxPooling2D) (None, 512, 3, 8) 0
conv2 (Conv2D) (None, 512, 3, 16) 3216
bn2 (BatchNormalization) (None, 512, 3, 16) 64
activation 2 (Activation relu) (None, 512, 3, 16) 0
max pool2 (MaxPooling2D) (None, 256, 3, 16) 0
conv3 (Conv2D) (None, 256, 3, 32) 4640
bn3 (BatchNormalization) (None, 256, 3, 32) 128
activation 3 (Activation relu) (None, 256, 3, 32) 0
max pool3 (MaxPooling2D) (None, 128, 3, 32) 0
conv4 (Conv2D) (None, 128, 3, 64) 2112
bn4 (BatchNormalization) (None, 128, 3, 64) 256
activation 4 (Activation relu) (None, 128, 3, 64) 0
conv5 (Conv2D) (None, 128, 3, 32) 18464
bn5 (BatchNormalization) (None, 128, 3, 32) 128
activation 5 (Activation relu) (None, 128, 3, 32) 0
max pool5 (MaxPooling2D) (None, 64, 3, 32) 0
conv6 (Conv2D) (None, 64, 3, 16) 4624
bn6 (BatchNormalization relu) (None, 64, 3, 16) 64
activation 6 (Activation relu) (None, 64, 3, 16) 0
max pool6 (MaxPooling2D) (None, 32, 3, 16) 0
flatten 1 (Flatten) (None, 1536) 0
fc1 (Dense) (None, 128) 196736
fc2 (Dense) (None, 32) 4128
fc3 (Dense) (None, 4) 132

trial adjustments, the MSRCNN model for fault diagnosis
of reciprocating compressor adopts the network structure
shown in Table 1, including 6 2-dimensional convolution
(Conv2D) layers and 6 downsamplings (Max pooling) layers,
6 BatchNormalization layers, 1 flat (Flatten) layer, and 3
fully connected (Dense) layers whose length is 196736, 4128,
and 132, respectively. The BatchNormalization [28] layer is
designed to reduce the shift of internal covariance and accel-
erate the training process of the deep network.The activation
function uses the “ReLU” function, which overcomes the
gradient disappearance problem and greatly speeds up the
training.The full-connected layers operate data classification
using “softmax” function.

4. Test and Verification

In order to get the effect of the convolutional neural network
model on the fault diagnosis of reciprocating compressors,
we design two experiments. (1)The constructed MSRCNN
model is applied to feature extraction and fault diagnosis of
the multisource raw vibration signal and is compared with
the commonly used power spectrum (+BP) method and the
wavelet packet energy (+BP) method. (2) The robustness

of the MSRCNN model to noise is studied. The raw data
unaddednoise is used to train theMSRCNNmodel. Diagnos-
tic tests were performed with different SNR data and the test
results were compared with the wavelet packet energy (+BP)
method.

Using the Daubechies-db16 wavelet packet and the com-
pressor vibration signal is decomposed into three levels and
8 frequency bands. The BP network adopts a three-layer
neural network structure. The first layer is the input layer.
The second layer is the hidden layer, in which the sigmoid
activation function is selected, and the number of hidden
layer neurons is 10. The third layer is linear output layer, and
the corresponding expected outputs are normal (0, 0, 0, 1),
less springs (0, 0, 1, 0), gaps (0, 1, 0, 0), and breaks (1, 0, 0, 0).
4.1. Test Data Collection. The experimental data of the recip-
rocating compressor vibration was collected from the No.
1 working unit in the southern section of Daqing Natural
Gas Company. In order to collect the vibration data under
different conditions, the valves in 4 states including normal
state, valve plate breakage, spring damage, and valve notch
are installed in the secondary cylinder of No.1 working unit
of Daqing Natural Gas Company. The gas valve is subjected
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to a fault simulation test. The secondary gas inlet pressure is
310 kPa, the outlet pressure is 1,040 kPa, the inlet temperature
is 32∘C, the outlet temperature is 104∘C, the gas flow is
3,611 m3/h, and three acceleration sensors (X/Y/Z) are placed
on the valve cover of the second-stage cylinder, as shown
in Figure 3. The data collection system uses the INV-1021
program-controlled multifunction signal conditioner from
Beijing Oriental Institute and the INV306U-6660 intelligent
data collection and processing analyzer. The sampling fre-
quency is 20 kHz. In the normal state 120,000 points are
collected. In the other three valve states 80,000 points are
collected for each state.

4.2. Training Sample and Test Sample Library Building. In
order to obtain a large number of training and test samples,
the data acquisition uses a partial overlap cutting method, as
shown in Figure 4.The simulation experiments show that the
quantity of training datawill affect the correct rate of training.

The training frames are more, and the diagnosis accuracy is
higher. In this paper the step between sample frames is 10.
Each sample is 1024 long, and a total of 5382 samples are
collected. 70% of them were randomly selected as training
samples and 30% as test samples.

For the power spectrum energy (+BP) method and the
wavelet packet energy (+BP) method, there are four fault
states: the normal state of the valve, the broken valve plate,
the spring damage, and the gap of the valve plate. Each
sample length is 1024 data items, and 78 samples in each state
are, respectively, taken. The 55 samples (70%) in each state
constitute the fault training samples (55∗4=220 total), and
the remaining 30% samples constitute the test samples of the
model (23∗4=92 total).

In order to get the fault recognition rates under different
noise conditions, different signal-to-noise ratio Gaussian
noise is added to the test samples to get the diagnosis
accuracy.
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Table 2: Comparison of fault diagnosis results of different methods.

power spectrum energy (+BP) wavelet packet energy (+BP) MSRCNN
Recognition rate 60% 87.27% 100%

Table 3: Fault diagnosis results under different SNR conditions.

SNR wavelet packet energy (+BP) MSRCNN
10 dB 40.91% 90.2%
20 dB 75.45% 100%
50 dB 87.27% 100%
no noise 87.27% 100%

4.3. Comparative Analysis of Test Results. Table 2 shows the
comparison of the recognition rates of three fault diagnosis
methods for the reciprocating compressor valve failure. From
Table 2, the MSRCNN method based on the raw vibration
signal has the highest recognition rate, which can reach
100% accuracy, which effectively identifies and diagnoses the
reciprocating compressor valve faults.

Table 3 compares fault diagnosis results between MSR-
CNNmodel and the three-layer wavelet packet energy (+BP)
model under different noise intensities. Table 3 shows that the
diagnostic rate of the MSRCNNmethod has a relatively high
fault recognition rate under 4 kinds of test conditions. Under
no-noise, the SNR of 50 dB and the SNR of 20 dB conditions,
MSRCNN can all get 100% fault recognition rate. While SNR
decreases to 10 dB, this model still reaches 90.2% recognition
rate. In the contrast, the wavelet packet energy (+BP)method
can achieve a test recognition rate of 87.27% under no-noise
signals and 50 dB (less noise), but when the signal-to-noise
ratio reaches 10 dB, the recognition rate is greatly reduced
(40.91%) and the faults cannot be effectively identified.

5. Conclusions

Theraw 2Dvibration signal being directly applied as an input,
MSRCNN model is constructed to perform reciprocating
compressor fault diagnosis. Experiments were carried out
using the compressor valve fault data samples obtained from
the test bench, and MSRCNN method obtains higher fault
recognition rate than power spectrum energy (+BP) method
and the wavelet packet energy (+BP) method. The noise
added fault signals with different SNRs were tested. The
results showed that, for the tested compressor, MSRCNN
model method has higher recognition rate than wavelet
packet energy (+BP) method under the different signal-to-
noise ratio conditions. Experiments indicate that MSRCNN
not only has higher recognition effect, but also has certain
antinoise performance.

At present, the focus of the article is the application of 2D
data on CNN. The number of constructing model layers and
each parameter are adjusted manually based on experiments.
In the future, it is expected that further research can find out
the inherent principle for model optimization.
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