
Research Article
A Multirate Sensor Information Fusion Strategy for Multitask
Fault Diagnosis Based on Convolutional Neural Network

Xiangkai Ma ,1 Pei Wang ,2 Bozhou Zhang ,3 and Ming Sun 2

1School of Mathematical Sciences, University of Electronic Science and Technology of China, Chengdu 611731, China
2School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China
3Chengdu Science and Technology Development Research Center, Chengdu 610041, China

Correspondence should be addressed to Ming Sun; sunm@uestc.edu.cn

Received 22 March 2021; Revised 28 April 2021; Accepted 8 May 2021; Published 1 June 2021

Academic Editor: Esteban Jove

Copyright © 2021 Xiangkai Ma et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

In complicated mechanical systems, fault diagnosis, especially regarding feature extraction from multiple sensors, remains a
challenge. Most existing methods for feature extraction tend to assume that all sensors have uniform sampling rates. However,
complex mechanical systems use multirate sensors. These methods use upsampling for data preprocessing to ensure that all
signals at the same scale can cause certain time-frequency features to vanish. To address these issues, this paper proposes a
Multirate Sensor Information Fusion Strategy (MRSIFS) for multitask fault diagnosis. The proposed method is based on
multidimensional convolution blocks incorporating multisource information fusion into the convolutional neural network
(CNN) architecture. Features with different sampling rates from the raw signals are run through a multichannel parallel fault
feature extraction framework for fault diagnosis. Additionally, time-frequency analysis technology is used to reveal fault
information in the association between time and frequency domains. The simulation platform’s experimental results show that
the proposed multitask model achieves higher diagnosis accuracy than the existing methods. Furthermore, manual feature
selection for each task becomes unnecessary in MRSIFS, which has the potential toward a general-purpose framework.

1. Introduction

In many complicated systems, researchers tend to take the
multisource data measured in the manufacturing process as
the features of deep learning (DL) algorithms [1–3]. How-
ever, existing studies guarantee that all sensors operate at
the same rate [4], which is often unrealistic in multisampling
rate signal fusion systems. Therefore, the issue of multirate
sensor information fusion is of great significance in the actual
industrial environment and has received extensive attention,
especially in the recent ten years [5, 6].

In recent studies, a model based on convolution takes
advantage of its excellent ability to extract features frommul-
tisource signals, which has achieved excellent performance in
multitask fault detection [7]. CNN can effectively extract
fault features from the raw signal with its weight-sharing
strategy, spatial pooling layer, local connection mechanism
[8, 9], and ability in handling periodic signals. It had been
proved that CNN is suitable to learn potential features

hidden in rotating mechanical signals because of its ability
in handing periodic signals [10]. With the 1D-to-2D conver-
sion of vibration signals or 1D convolutional structure, the
2D CNNmodels have been successfully applied in fault diag-
nosis directly using raw signals. In recent years, some CNN-
based deep learning models have been developed for
mechanical fault diagnosis.

For specific fault detection problems, some researchers
have made different improvements based on the original
convolutional layer, as follows: Jia et al. [11] proposed a
framework called deep normalized convolutional neural
network (DNCNN) for imbalanced fault classification of
machinery to overcome the weakness of imbalanced distribu-
tion of machinery health conditions. Apart from extracting
potential features hidden in signals, CNNs can detect local
features in a deep network. Recently, Peng et al. [12] pro-
posed a novel deeper 1D convolutional neural network
(Der-1DCNN), which includes the idea of residual learning
and can effectively learn high-level and abstract features
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while effectively alleviating the problem of training difficulty
and performance degradation of a deeper network. All these
works prove that CNN is capable of mechanical data analysis.
However, these works require that all signals for training and
testing CNN must be acquired at the same sensor sampling
frequency, which limits its further application.

Besides, a key disadvantage of 1D CNN is to detect the
local correlation of signals that is deficient. In the design of
the 2D CNN applied to the fault diagnosis algorithm of a
multisensor fusion system, some signal preprocessing trans-
formation procedures [13] and time-frequency analysis tech-
nology are needed. 2D CNN based on signal processing
techniques (fast Fourier transform, short-time Fourier trans-
formation, wavelet transform, etc.) has many successful
applications in the field of mechanical fault diagnosis. In
some works, the raw sensor time series data has been prepro-
cessed by some methods such as frequency transformation
and time-frequency transformation before being input to
the 2D CNN [14, 15].

Although researchers have tried to combine multisensor
signal fusion and deep learning, different sampling rates of
the mechanical system’s multiple components are not con-
sidered in the existing articles [16, 17]. The multirate sensor
problem has become an urgent problem to be solved. How-
ever, in the previous paper [18], only the raw signals from
the low-rate sensor are transferred through the upsampling
network. As mentioned earlier, the existing deep learning
model cannot solve the multirate sensor problem well in a
complicated mechanical system with multiple components.

This paper is aimed at developing an end-to-end Multi-
rate Sensor Information Fusion Strategy (MRSIFS), which
is dedicated to improving the feature fusion of multirate sam-
pled signals. This strategy can automatically extract sensitive
fault features from multirate sensor signals for fault detection
and diagnosis. Specifically, the strategy consists of three
sequential phases: multirate sensor feature extraction stage,
feature fusion stage, and regression stage. A key advantage
of the proposed strategy is that the fault features of different
scales can be automatically learned from the vibration signals
of different components through parallel multichannels in
complex mechanical systems. As we know, the different
dimensions of the filters have different frequency resolutions.
The sensitive frequency of the signal may exist in different
frequency bands. The proposed multidimensional parallel
convolution kernel can be used as filters with different
frequency resolutions for recognition, thus effectively
enhancing the frequency domain classification information
of raw signals. Thus, it is effective to add a multidimensional
convolution block (MDCB) in the multirate sensor feature
extraction layer to extract the different scale fault classifica-
tion information from the raw signals. Since the sensitive
frequency bands of the multidimensional convoluted signal
are included in the frequency component of the sequence
signal, to combine the fault features of different scale signals,
the feature fusion layer is used for cascading processing of the
fault features. Besides, 1D CNN and DNN implement low
sampling rate signal feature extraction and dimensionality
reduction, while 2D CNN based on short-time Fourier trans-
form (STFT) extracts higher sampling rate features [19]. The

strategy combines the advantages of the three network struc-
tures, and the three networks supplement the feature infor-
mation neglected by the other side.

The proposed strategy is tested on the hydraulic system
condition monitoring dataset, which is available from the
UC Irvine Machine Learning Repository [20]. In the experi-
mental part, MRSIFS are compared with the existing fault
diagnosis methods in classification accuracy. The compari-
son results show that MRSIFS can extract fault features from
multisampling sensor signals. The main contributions of our
work are listed as follows:

(1) For the complicated mechanical system with multirate
sampling, the designedmultirate sensor feature extrac-
tion layer can extract fault features from the multirate
sensor and fuse the fault feature automatically

(2) To improve the capability of the fault detection
model to learn fault feature information from different
frequency band signals, multidimensional convolu-
tional blocks are used to learn rich and complementary
fault information frommultirate sensor signals in par-
allel. MRSIFS is an end-to-end deep learning model,
which takes the original signal as input directly without
time-consuming feature selection. Therefore, it has the
potential to be extended to other industrial systems

(3) For the complicated mechanical system, the contri-
bution of the present work is the implementation of
a multitask classification framework, whereas the
existing studies on the dataset of tag classification
are all to propose and train a model for each task

The rest of this article is organized as follows. Section 2
discusses the related theories and the proposed framework.
The experimental results and discussion are presented in
Section 3. Finally, Section 4 is the conclusion.

2. Related Works

2.1. End-to-EndMultisensor Model.Despite existing methods
based on CNN have achieved the breakthrough performance
in detection and diagnosis [21–23], there are still some short-
comings that can be improved: multirate information feature
fusion can extract fault sensitive and complementary fea-
tures, which are not contained in a single sensor signal, thus
achieving higher accuracy and stability of the complex
mechanical system [24, 25]. Nevertheless, most existing
methods only used a single sensor, and few researchers
attempted the multirate sensor information fusion for diag-
nosis. Furthermore, in previous studies about multisensor
feature fusion, it is often assumed that all sensors have uni-
form sampling rates. In [16], the original AE signals of four
independent sensor groups are first preprocessed by time-
frequency analysis technology. Then, the feature matrices
are converted into grey images. Finally, grey images are
subsequently fed to the fine-tuned transfer learning (FTL)
for fault diagnosis of different components and prediction
of bearing degradation degree. In [17], the multisequence sig-
nal data collected by multiple sensors are converted into
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multichannel feature matrices, and a parallel convolutional
neural network (PCNN) is designed to fuse the fault informa-
tion extracted from the transformed feature matrix.

Besides, the signals of various sensors are difficult to be
measured at the same sampling rate, since the complicated
mechanical system and design principles between different
sensors [26–28]. Thus, the issue about multirate feature
extraction inevitably occurs in the process of sensor fusion
for complicated mechanical systems using multirate sensors
[29]. However, most existing work in the area of CNN for
multisensor feature fusion usage upsampling may make the
vanish of certain time-frequency features, unless all sample
rates are sufficiently close, and thus degrades the accuracy
of fault diagnosis. In the multisensor system with different
sampling rates, Li et al. [18] present an improved informa-
tion fusion framework based on the atrous convolution.
Specifically, to avoid tedious preprocessing, the model
extracts fault features from multisource signals by construct-
ing a convolution kernel of adaptive size matching the data
source channels. Finally, the proposed method is compared
with the existing research, as shown in Table 1.

2.2. Existing Works Based on the Same Dataset. There have
been some researches about the hydraulic system condition
monitoring dataset based on time-frequency analysis tech-
niques and artificial feature extraction. Helwig et al. [31, 32]
convert the time domain data into frequency domain using
fast Fourier transform and generate statistical features. They
then calculated features for fault label correlation and
selected the n features by ranking or sorting the correlation
(CS) for the fault classification. Prakash and Kankar [33] also
utilized statistical features of frequency domain data and
applied XGBoost [34] to define feature importance (XFI)
and select half of the highest correlations along with a deep
neural network for the classification model.

These previous approaches include several drawbacks.
First, the proposed handcrafted feature selection methods,
such as CS and XFI, may suffer from utilizing redundant
features, which will disrupt the learning of the model.
Second, statistical feature extraction, PCA, and other feature
engineering methods are not suitable for real-time detection.
These techniques must be applied to each new incoming
sample, thereby consuming more time and computation
power. Third, to ensure the quality of the feature extraction,
a manual design and suitable features are needed based on
the characteristics of the different types of faults. Further-
more, feature extraction usually turns out to be a computa-
tionally costly operation, but the existing studies on the
dataset of tag classification based on UCI are all to propose
and train a model for each tag. The quality of the features
directly determines the system performance. Therefore, the
system feature extraction is not automatic.

With the aforementioned open issues, we propose the
end-to-end deep learning model and directly take the raw
vibration signals as input. Finally, the multilabel classification
problem is transformed into the regression prediction prob-
lem, and the accuracy rate is higher than the existing
methods [31–34]. Unlike traditional methods relying on
manually defined or extracted features, the proposed design

does not require any additional expert knowledge, which has
great potential toward a general-purpose framework for intel-
ligent fault diagnosis. Thus, it can be easily extended to deal
with fault diagnosis problems of other industrial systems.

3. Methods

Although the most satisfactory level of anomaly diagnosis
accuracy was reported [20, 32–34], most of these previous
approaches had to design and train different feature extrac-
tion models for each task. In contrast, the multitask model
is suitable for the complex mechanical system. In addition,
manual feature selection often results in wasteful computa-
tional costs, but the existing studies on the dataset of tag clas-
sification based on UCI are all to propose and train a model
for each tag. However, the stage of manual feature selection
is difficult and time-consuming [35]. This process incurs
considerable computational costs, which eventually may
impede the use of existing approaches in real-time fault diag-
nosis applications. The MRSIFS model proposed in this
paper transforms the multirate problem into a unified multi-
dimensional convolutional neural network feature fusion
strategy. Compared with the traditional methods about con-
dition monitoring of hydraulic system dataset, MRSIFS has
better robustness in noise environment and does not require
predetermined feature selection. In particular, it proposes a
feature extraction layer based on a multidimensional convo-
lutional neural network and a concatenated feature fusion
layer. Finally, the multitask classification problem is trans-
formed into the regression prediction problem, and the accu-
racy rate is higher than the existing methods [20, 32–34].

The framework of the proposed MRSIFS is shown in
Figure 1. The inputs to the model consist of 3 segments of
raw temporal vibration signal at different sampling rates.
The output Y is a vector made up of the labels of five tasks,
where each value represents the predicted regression value
for a task. The fault detection is defined to predict the vector
Y based on the fault feature extraction from the raw temporal
vibration signal X using the MRSIFS model. The MRSIFS
model has three parts: the multidimensional convolution fea-
ture learning layer, the multirate feature concatenate layer,
and the regression layer.

3.1. The Framework of MRSIFS. In the multirate sensor fea-
ture extraction stage, the fault feature extracted by the input
layer is fed into the multidimensional convolution feature
learning block. The kernels of the convolution layer have
different dimensions. As we know, convolution kernels of
different dimensions act as filters of different resolution
scales to extract fault features in the raw signals and simulta-
neously extract the features of input signals in different
frequency bands. As shown in Figure 2, features of the convo-
lution kernel dimension are combined through the concate-
nation layer to form a multirate feature map. As a fault
information collector, the concatenation layer can aggregate
features of different scales to form a multirate feature set. It
can be observed that the data frommultiple sensors are trans-
formed into multiple channels through the input layer, and
then, the fault features are obtained through the feature
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extraction layer and feature fusion layer sequentially. Specif-
ically, the input layer of the proposed method is a three-
dimensional matrix, and the prediction results are taken as
the output of the multitask model. The specific size and other
parameters of the filter are shown in Tables 2–4.

3.2. CNN Details and Regression. The 2D CNN is composed
of six parts, including STFT, input layer, downsampling
layer, smooth layer, and upsampling layer. The downsam-
pling layer is composed of K prevention blocks, and each of
them contains three convolutional layers. The upsampling
layer is implemented based on bilinear. And the smooth layer
contains a single convolutional layer. To extract the hidden
fault information in the signal as far as possible, four down-
sampling layers, four smooth layers, and three upsampling
layers were successively used in the experimental model with
the dataset. The features are fed into the output layer and
straighten the output of the last layer as the fault feature
extracted by the 2D convolution component. The 2D CNN
model summary is mentioned in Table 2. Table 2 describes
the type of layers, in channels, out channels, kernel size, etc.

It must be noted that in the 2D convolution component,
we use a deep convolutional network structure. In this way,
although deep-level fault features can be extracted, according
to some existing studies [30], the deep-level convolutional
network may lose some shallow-level fault features. In this
paper, the downsampling layer, smooth layer, and upsam-
pling layer are used to cooperate, so that the features
extracted from the shallow convolutional network can be
integrated into the subsequent deep-level feature informa-
tion. The proposed network structure is inspired by [36].

Compared with the two-dimensional convolution struc-
ture, the one-dimensional convolution structure only retains
the part of the lower sampling layer, and some modifications
are made in the convolutional network parameter settings.
The DNN network block is composed of four full connection
layers. Similarly, the regression layer consists of three full
connection layers, with ReLU as an activation function.
Parameter details and design implementation of DNN and
regression layer are shown in Tables 3 and 4, respectively.
After each convolutional layer in the input layer and down-
sampling layer, and the fully connected layer in DNN, batch

Table 1: Comparison with related works.

Framework MSFTFI [16] PCNN [17] FAC-CNN [18] MRSIFS

Data preprocessing STFT —— —— STFT

CNN dimension 2D 2D 1D 1D, 2D

Feature extraction FTL, LeNet-5 LSTM, DRN Atrous CNN FPN [30]

Activation function ReLU ReLU PReLU PReLU

Sampling frequency Fixed Fixed Different Different
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Figure 1: Flowchart of the proposed approach.
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normalization [37] is used to accelerate the training process
of MRSIFS.

3.3. Training Details. In MRSIFS training, we adopt the
mean-square error (MSE) between the predictive label and

the real label as the loss function. To reduce the computa-
tional overhead in the training, the Adam algorithm [38] is
employed to optimize the parameters of the model. A critical
task for MRSIFS training is the adjustment of hyperpara-
meters, and this paper takes the batch size and learning rate
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Figure 2: Detailed structure of the proposed method.

Table 2: Summary of the submodel of MRSIFS using 2D CNN for feature extraction.

Network structure Layers In_channels Out_channels Kernel_size Stride Padding

Input layer
Conv2D 7 16 7 2 3

MaxPool 3 2 1

Downsampling layer

Conv2D 16 16 1 1 0

Conv2D 16 16 3 1 1

Conv2D 16 64 1 1 0

Conv2D 64 16 1 1 0

Conv2D 16 16 3 1 1

Conv2D 16 64 1 1 0

Smooth layer Conv2D 64 64 1 1 0

Upsampling layer “Bilinear”

Output layer

Conv2D 64 32 1 1 0

MaxPool 4 4 0

Dropout (p = 0:2)

Table 3: Summary of the submodel of MRSIFS using DNN for
feature extraction.

Network structure Layers In_features Out_features Bias

Fully connected layer

Linear 480 400 True

Linear 400 256 True

Linear 256 128 True

Linear 128 64 True

Table 4: Summary of the regression layer of MRSIFS.

Network structure Layers In_features Out_features Bias

Regression

Linear 1280 512 True

Dropout (p = 0:2)
Linear 512 128 True

Dropout (p = 0:2)
Linear 128 5 True
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as hyperparameters. The batch size defines the number of
samples to be processed in one batch. The learning rate deter-
mines the convergence speed of weight and bias in the neural
network during training. The learning rate of model training
is set to 0.001, and the batch size is set to 32. To prevent over-
fitting, the proposed method uses dropout technology [39]
between the full connection layers in the regression predic-
tion stage. With the dropout technique, every parameter in
the full connection layer has a certain probability of being
randomly removed during each training epoch. In the initial-
ization stage of the model, all parameters of the neural
network are initialized by a zero-mean standard uniform
distribution. Particularly, in this model, the biases of all
neurons are set to zero when initialized. In addition, all the
original vibration signals are randomly used for training the
model and testing the model. Specifically, 20% of the signals
are selected as test samples, and the remaining 80% are used
for testing models. To obtain a relatively stable experimental
result, 10 trials of MRSIFS were repeated on the condition
that each group of models had the same parameters.

Since its different scales and different depths of feature
extraction layers (i.e., pairs of downsampling layers, smooth
layer, and upsampling layers), MRSIFS architecture has the
advantages of general purpose and flexibility. Furthermore,
MRSIFS can effectively learn sensitive diagnostic information
by using multidimensional feature extraction structure and
capture complementary and useful fault features at different
scales for fault diagnosis and detection. As we know, more
robust and abstract fault information is expected to improve
the diagnosis performance. Therefore, MRSIFS with more
scales and layers can extract useful diagnostic features to
adapt to the complicated mechanical system. In addition, in
practical applications, the simple rate of the input samples
and the depth of the layers have a restriction relationship.
In MRSIFS, researchers can select the appropriate kernel size
and layer depth based on the length of the input signal. More
details can be found in III.

The proposed MRSIFS algorithm is conducted on torch
1.6.0+cu101. The hardware configuration for training and
testing is Intel(R) MKL-DNN v1.5.0 +TITAN X (Pascal),
while the software environment is Linux +Python 3.7
Version 3.7.9 [GCC 7.3.0].

4. Experiments and Discussion

4.1. Data Description. The proposed strategy is tested on the
hydraulic system condition monitoring dataset, which is
available from the UC Irvine Machine Learning Repository
[10]. The system cyclically repeats constant load cycles
(duration 60 seconds) and measures process values such as
pressure, volume, flow, and temperature, while the condi-
tions of the four hydraulic components (cooler, valve, pump,
and accumulator) and the stable flag of the hydraulic system
are quantitatively varied. As shown in Table 5, the dataset
consists of the measurement signals of 17 sensors, including
14 physical sensor components and 3 virtual sensors. The
measurement period of each sensor is 60 seconds, and the
sampling rate range is between 1Hz and 100Hz. The dataset
consists of 2205 samples with a sampling period of 60

seconds. Each sample contains a component status label that
reflects the fault condition of the 5 components.

As shown in Table 6, the training results of each sample
include five types of tags. Therefore, what this paper deals
with is a multitask classification problem. Nevertheless,
because the value of each tag has a specific physical meaning,
therefore, the multitask classification problem can also be
transformed into a regression problem to solve. The problem
proposed by the dataset is actually using the regression vector
with the predicted length of 5, and to set the threshold,
convert the regression value to the final classification result.
Ideally, the output of the network for any input should be
limited to our given range (for example, the labelled hydrau-
lic accumulator is estimated to be only 130, 115, 100, and 90),
but actually, the output value is often in between these values.
In this paper, the value with the minimum absolute value
error is selected as the predicted class label.

4.2. Compared Models. The purpose of the experiment is to
verify the higher classification accuracy of MRSIFS proposed
in this paper compared with the existing MSFTFI, PCNN,
and FAC-CNN. Besides, when changing the convolutional
layer depth of the MRSIFS feature extraction block, MRSIFS
still has good performance, which indicates that MRSIFS is
not sensitive to the setting of super parameters, indicating
that the strategy proposed in this paper has wide adaptability.
The main comparisons of the proposed model and existing
methods are listed as follows:

(1) MSFTFI: in [16], the original AE signals of four inde-
pendent sensor groups are first preprocessed by time-
frequency analysis technology. Then, the feature
matrices are converted into grey images. Finally, grey
images are subsequently fed to the fine-tuned transfer
learning (FTL) for fault diagnosis of different compo-
nents and prediction of bearing degradation degree

(2) PCNN: firstly, the multisequence signal data collected
by multiple sensors are converted into multichannel
feature matrices, and a parallel CNN is designed to
concatenate the fault information extracted from the

Table 5: Hydraulic system sensors. ∗CE, CP, and SE are virtual
sensors.

Sensor
Physical quantity

description
Unit

Sampling
rate

Sensor signal
length

PS1-6 Pressure Bar 100Hz 6000

EPS1 Motor power W 100Hz 6000

FS1-2 Volume flow L/min 10Hz 600

TS1-4 Temperature °C 1Hz 60

VS1 Vibration mm/s 1Hz 60

CE
(virtual)

Cooling efficiency % 1Hz 60

CP
(virtual)

Cooling power kW 1Hz 60

SE
(virtual)

Efficiency factor % 1Hz 60
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transformed feature matrix. More details of PCNN
can be found in [17]

(3) FA-CNN: researchers construct a convolution kernel
of adaptive size matching data source channel to cap-
ture multiscale data without time-frequency analysis
technology. In addition, to extract the diagnosis infor-
mation of the fused data effectively, one-dimensional
CNN and global average pooling methods are adopted
to improve the domain adaptation of the network.
More details of FA-CNN can be found in [18]

(4) MRSIFS: in comparison experiments, MRSIFS were
tested on layers 1 to 4 to test the depth of influence
of MRSIFS on diagnostic performance. In addition,
to provide a fair comparison, all comparison models
have the same model depth as the MRSIFS proposed

To enable the fairness of comparison and improve the
persuasiveness of the experiment results, all existing models
have the same parameters and structure as the proposed
MRSIFS. In addition, the same input form, number of train-
ing, batch size, and parameter optimization algorithm were
adopted for all models.

4.3. Diagnosis Results and Performance Comparison. To
reduce the effect of randomness and improve the persuasive-
ness of experiment results, the average accuracies of ten
replicate experiments for multitask fault diagnosis using
different models are shown in Figure 3(a). The standard devi-
ations of the cumulative experiments act as the error bars,
which reflect the robustness of the method. In the figure,
the mean represents the average accuracy of the model when
solving the assigned tag task, and the standard deviation
reflects the stability of the model.

As shown in Figure 3(a), the proposed MRSIFS achieves
optimum performance on five tasks (coolers, valves, pumps,
accumulators, and stabilizers). Specifically, the fault diagno-
sis accuracies of MRSIFS for each label are more than 97%,
so MRSIFS has good multirate information extraction capa-
bility on multitask classification. Besides, since the standard
deviations of MRSIFS on all tasks are very small, the pro-
posed method has better robustness. The MSFTFI, PCNN,
and FAC-CNN perform slightly less well than MRSIFS in
the tag cooler, valve, and pump but have significantly worse
performed than MRSIFS in tag accumulator and stable.
Besides, as shown in Figure 3(b), MRSIFS perform better
than the original CNNs and DNN in all five tasks. Therefore,
we can draw two advantages, the first advantage is that
MRSIFS performs better than the original CNNs. Another
advantage of the proposed MRSIFS is that using multidimen-
sional convolution kernels can extract more useful multiscale
fault information than the traditional multisensor feature
extraction model. Additionally, the multiscale feature con-
nection layer fuses the fault feature information extracted
from the original signals of different sampling frequencies
by each submodel. Although FAC-CNN, PCNN, andMSFTFI
can achieve excellent performance in task cooler, valve, and
pump, they have lower than 80% accuracy in other tasks,
which show that the existing models have low multirate fea-
ture extraction ability. The convergence performances of four
different models are shown in Figure 3(b). We can see that the
proposed MRSIFS converges faster than other models, which
can be concluded that multidimensional cascade signals can
provide more specific information than the raw signals.

To reveal that the existing models lack sufficient feature
extraction capability, the losses of the four models on the
condition monitoring of the hydraulic system dataset are
shown in Figure 4. First of all, the loss of MRSIFS-2 (the
depth of the multidimensional convolution feature learning

Table 6: Summary of components and their simulated fault conditions of the hydraulic dataset. A load cycle with 60 s duration is repeated
2205 times with the distribution of instances as indicated by the examples.

Component Fault conditions States Abbreviation Examples

Cooler (C1) Cooling power decrease

3%: close to total failure CTFc 732

20%: reduced efficiency RE 732

100%: full efficiency FE 741

Valve (V10) Switching degradation

73%: close to total failure CTFv 360

80%: severe lag Sel 360

90%: small lag SmL 360

100%: optimal behaviour OB 1125

Pump (MP1) Internal leakage

0: no leakage NL 1221

1: weak leakage WL 492

2: severe leakage SL 492

Accumulator (A1-A4) Gas leakage

130 bar: optimal pressure OP 599

115 bar: slightly reduced SlR 399

100 bar: severely reduced SeP 399

90 bar: close to total failure CTFa 80 8

Stable flag (S1) ——
0: conditions were stable SC 1449

1: nonstatic conditions NSC 756
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layer is two) converges to zero. However, the loss of PCNN
converges to about 0.1. Secondly, when more than 80 epochs
were trained, the loss of MRSIFS-2 converges to zero,
whereas the MSFTFI model needs to train more than 110
epochs to obtain similar results. In addition, since all labels
of the raw signals have been normalized and preprocessed,

the losses of MRSIFS-2 and FAC-CNN are highly overlap-
ping. To further explore the effectiveness of the proposed
MRSIFS framework, the logarithmic function can be intro-
duced to enlarge the difference between MRSIFS-2 and
FAC-CNN. The logarithmic function value of the loss of
MRSIFS is one order of magnitude lower than that of the
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Figure 3: Testing fault diagnosis accuracy about four models (a) and the performance of the proposed MRSIFS in five tasks compared to all
submodels (b).
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three existing models, which illustrates that the proposed
MRSIFS model can learn the fault features and diagnosis
information robustly from the raw vibration signals, and
has fault discriminative ability. Thus, it can be proved that
the multidimensional convolution feature learning stage
actually makes the diagnosis information of the signal com-
plementary by concatenating the useful components that
come from multirate sensor systems.

It shows the overall accuracy curves for both MRSIFS,
MSFTFI, PCNN, and FAC-CNN over 150 epochs in
Figure 5 during the entire training process. As shown in
Figure 5, compared with existing models, the proposed
MRSIFS has stabilized over 95 accuracies after training 50
epochs. MRSIFS is more adaptable to complicated mechani-
cal systems since it requires less time for training.

4.4. Feature Visualization via t-SNE and Confusion Matrix.
To further prove that multidimensional feature learning
can improve the feature extraction capability of the model
in complicated mechanical systems, the t-SNE method [40]
is adopted to realize the visualization of the feature maps
learned from the multidimensional convolution block. The
feature map obtained through the feature extraction stage
of multidimensional convolution is shown in Figure 6, which
uses different colours to distinguish the features of samples
with different tag types. Only consider the classification
results of the original data of the four models when the
hydraulic accumulator is used as the label because when the
other four hydraulic components are used as the label, the
accuracy of the classification results obtained by the MRSIFS
model has reached 99.5%.
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Specifically, for the multitask classification problem, t-
SNE is used to display the classification effect of the model
better. As can be seen from Figure 6(a), samples are grouped
into four categories under other labels, and each category is
further divided into four categories, with accumulator sam-
ples as a label. However, in Figures 6(b)–6(d), the clustering
results of the features of samples with the same tag type are
worse, which indicates that the existing models cannot
extract fault features from a multirate sensor. On the
contrary, the proposed MRSIFS model has good domain
adaptability and diagnosis information extraction ability

under complex working conditions, so it can finally learn
fault discriminative features robustly.

Figure 7 gives the probability of the model making the
correct classification and the probability of making the wrong
classification for a given health condition. The X-axis repre-
sents the accurate label, and the Y-axis represents the
predicted label.

4.5. Time Consumption. It is worth noting that, to make the
comparison results more convincing, all the existing models
and the proposed MRSIFS have the same convolutional layer
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depth. The training time and testing time spent by different
models on the hydraulic system dataset are shown in
Table 7. As shown in Table 7, MRSIFS, MSFTFI, and PCNN
all require more time consuming than the original CNNs,
which can be explained by the introduction of more param-
eters in multidimensional convolution blocks and result in
more computing time. The testing time is a determining
factor in the performance of the online fault diagnosis and
detection model since the model is trained offline. Even if
MRSIFS-2 needs more time to test, the testing time of the
proposed method on the hydraulic system dataset is just
14.2161ms, which shows the possibility about using
MRSIFS-2 for online fault detection and diagnosis.

4.6. Discussions on the Effects of Depth. The depth of the con-
volutional layer will affect the diagnostic performance of the
model based on deep learning. The proposed MRSIFS model
can automatically adjust the depth of the model (i.e., the
number of convolutional layer and pool layer pairs) accord-
ing to the characteristics of the dataset. This section explores
the influence of depth on feature extraction and fault diagno-
sis. The abstraction level of the feature is determined by the
depth of MRSIFS and the scale of the convolution kernel.
In complicated mechanical systems, the accuracies of classifi-
cation results depend largely on the abstraction level of fault
features. To test the influence of model depth on fault diag-
nosis, the accuracy of MRSIFS with one to four layers is
recorded and compared with existing models in Figure 8.

As we know, the abstraction level of the extracted features
can be determined by the depth of the MRSIFS. In addition,
speed or load variations and background noise may suffer

low-level features obtained from the raw signal. Since the
abstraction level of fault features can significantly impact
the classification results, MRSIFS with layer depth of 1 to 4
are tested in this paper to investigate the influence of depth
on diagnostic performance. The result is shown in Figure 8.
In these experiments, the average accuracies of ten replicate
experiments for each condition are shown in Figure 8, where
the standard deviations of the cumulative experiments act as
the error bars, which reflect the robustness of the method. A
conclusion from the figure is that, for each tag, all MRSIFS
outperform MSFTFI, PCNN, and FA-CNN in the fault diag-
nosis accuracy index. In general, as the depth increases to
equal to two, MRSIFS can achieve the best and most reliable
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Figure 7: Confusion matrix results of cooler and valve.

Table 7: Cost time for MRSIFS for different scales and other models.

Method
Training time
(s)/epoch

Testing time (ms)/one
sample

MRSIFS-1 1.7278 2.1811

MRSIFS-2 2.0080 2.8432

MRSIFS-3 2.0813 3.7681

MRSIFS-4 2.2856 4.4364

MSFTFI 2.0809 1.7704

PCNN 1.7067 2.5053

FAC-
CNN

1.4600 1.1219

DNN 1.3744 0.8290

1D CNN 1.5845 1.7763

2D CNN 1.7792 1.8995
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performance. Specifically, for bothMRSIFS, MSFTFI, PCNN,
and FAC-CNN, since MRSIFS with multidimensional
convolution kernels can extract more useful and abstract
fault information, which help in classification at higher levels,
the classification performance improves with increasing
depth. As the depth continues increasing, the accuracy of
MRSIFS begins to decline. In addition, the standard deviation
of each condition is smaller than these existing models, espe-
cially MRSIFS in the fourth task, which showed more excel-
lent fault diagnosis performance than existing literatures.
The result proves that MRSIFS can learn more abstract and
fault sensitive features from multirate sensor systems. The
time consumption of MRSIFS for training and testing at
different convolutional layer depths was calculated, and the
results are shown in Table 7. Obviously, the time overhead
for optimizing model parameters increases with increasing
depth. Therefore, to reduce the computational cost, MRSIFS
with two layers are selected for feature extraction. For com-
plex diagnostic tasks in practical applications, MRSIFS can
be modified to improve the performance further.

Another advantage of the proposed model is that, for a
compound and changeable industrial environment, MRSIFS
does not require a complex parameter adjustment process
and can effectively extract fault information. Therefore, the
model introduced in this paper is not sensitive to the setting
of neural network parameters.

4.7. The Details of MRSIFF. To reveal the function of a
multidimensional convolution feature learning layer, the
evolution of the neurons in the MRSIFF, the learned kernels,
multirate sensor cascade signals, and the output of each layer
in the MRSIFF are displayed in this section. It can be seen

from Figure 9 that the length of multiscale feature fusion sig-
nals has been increased because of the series connection of
signals convoluted by kernels with different dimensions. In
addition, the waveform shapes of the fusion signals have been
changed. In Figure 9(a), there is little difference between the
signal wave shapes (SWS) of ball and normal. However, in
Figure 9(b), the fusion-SWS of them are totally different,
which can provide more useful features for the classifier.

To reveal how the raw signals change in the MRSIFF and
what is the input of the classifier, the evolution of the inputs
in MRSIFF and the features of Multilayer Perceptron (MLP)
are shown in Figure 10, respectively. It can be seen from
Figure 10 that the outputs of the C3 (the third convolutional
layer) are similar to the wave shape of fusion signals and they
can be distinguished obviously in the four conditions. The
MLP features are constituted by the features in C3, and it
can be seen from Figure 10 that the features before putting
into the classifier are linear separable, which can increase
the classification accuracy. Furthermore, the fully connected
features of MRSIFF, MSFTFI, PCNN, and FAC-CNN are
mapped into three-dimension features using t-SNE which
are shown in Figure 6. Obviously, the mapped features of
the MRSIFF cluster are better than other models based on
CNN even though other models can differentiate most sam-
ples. Thus, the t-SNE error of MRSIFF is the lowest among
the three models.

4.8. Summary of Experimental Results. In this paper,
another deep convolution structure is proposed, which is
different from the traditional CNN structure that only
utilizes features in the last convolution layer. In the feature
extraction stage, the upsampling layer is combined with the
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Figure 9: Raw signal (a) and fusion signal (b) of each healthy condition of the hydraulic system.
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Figure 10: The whole evolution of signals of each healthy condition in MRSIFF.
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convolutional layer to form the compound convolutional
block, while maintaining the global and local features and
improving the network capacity. In this structure, the
multidimensional convolution layer and a full connection
layer are used to extract features from multiscale input
signals. In this method, the extracted features are
concatenated to improve the accuracy of fault diagnosis, since
the receptive fields between 1D convolution and 2D convolu-
tion are different.

The proposed MRSIFS, which is put forward, is tested on
the hydraulic system condition monitoring dataset. The
experiment results show that the fault diagnosis performance
of the model based on 1D CNN is better than the model
based on 2D CNN. However, when 1D CNN, 2D CNN,
and DNN are combined, the accuracy of MRSIFS for fault
diagnosis is improved to 97-99.5%, which indicates that mul-
tidimensional convolutional blocks can learn complementary
and rich fault features. In addition, the same parameters and
structures are used in MSFTFI, PCNN, and FAC-CNN, and
the results show that the performance of the proposed Multi-
rate Sensor Information Fusion Strategy is much better than
all existing models.

Compared with the traditional intelligent fault detection
models, the proposed MRSIFS has better performance in
both feature extraction and detection accuracy. Therefore,
the proposed method outperforms the existing methods.

4.9. Feature Work. In the future, the normal samples are far
more than the fault samples due to the fault that will cause
damage to the mechanical system, and existing research
methods assume that the original signal dataset has sufficient
balanced sample types. Therefore, it is necessary to develop a
fault diagnosis model combining Generative Adversarial
Networks (GAN), which is of great significance for the prac-
tical engineering environment and is also the research direc-
tion of the author in the future.

5. Conclusions

This paper introduced a Multirate Sensor Information
Fusion Strategy (MRSIFS). The proposed method is based
on multidimensional convolution block and time-frequency
analysis technology, which implement multichannel parallel
fault feature extraction, and the features from raw signals
with different sampling rates are used for fault diagnosis.
The multirate sensor feature extraction is a novel multitask
feature extraction unit using a multidimensional convolution
block and Adam loss function, which significantly improves
the feature extraction capability. Finally, the simulation plat-
form’s experimental results show that the proposed multitask
model achieves higher diagnosis accuracy than the existing
methods. Besides, the manual feature selection for each task
is unnecessary in MRSIFS, which has the potential toward a
general-purpose framework. The main conclusions can be
listed as follows:

(1) The hierarchical learning structure of multiple con-
volution blocks can be used to learn advanced fault
features effectively

(2) To obtain fault sensitive and complementary detec-
tion features, this paper proposes a multidimensional
convolution feature extraction model to adapt signal
sources at different sampling frequencies

(3) Another valuable characteristic of the proposed strat-
egy is the ability to work directly with raw sensor
data, thus providing an end-to-end model to perform
feature extraction and classification simultaneously
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