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Abstract:

The ability of engineering systems to process multi-scale information is a crucial requirement in
the development of an intelligent fault diagnosis model. This study develops a hybrid multi-scale
convolutional neural network model coupled with multi-attention capability (HMS-MACNN) to solve
both the inefficient and insufficient extrapolation problems of multi-scale models in fault diagnosis of
a system operating in complex environments. The model’s capabilities are demonstrated by its ability

to capture the rich multi-scale characteristics of a gearbox including time and frequency multi-scale
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information. The capabilities of the Multi-Attention Module, which consists of an adaptive weighted
rule and a novel weighted soft-voting rule, are respectively integrated to efficiently consider the
contribution of each characteristic with different scales-to-faults at both feature- and decision-levels.
The model is validated against experimental gearbox fault results and offers robustness and
generalization capability with F1 value that is 27% higher than other existing multi-scale CNN-based
models operating in a similar environment. Furthermore, the proposed model offers higher accuracy
than other generic models and can accurately assign attention to features with different scales. This
offers an excellent generalization performance due to its superior capability in capturing multi-scale
information and in fusing advanced features following different fusion strategies by using Multi-
Attention Module and the hybrid MS block compared to conventional CNN-based models.

Keyword: Intelligent diagnosis; Prognosis and health management; Convolutional Neural Network;

Gearbox maintenance; Multi-scale information fusion; Fault diagnosis

|. INTRODUCTION

Future engineering systems need to be equipped with intelligent capabilities in order to improve
their efficiency and reduce operational costs through predictive maintenance. Selection of maintenance
methods for an equipment is an important consideration in its design life due to its consequence on
reduction of economic loss and safe utilization [1]. Available literatures suggest that the development
of an effective intelligent maintenance approach is receiving significant attention because of rapid
advancements in information technology (data analytics and internet of things) and its application to
maintenance industries [2].

Implementation of Prognosis and Health Management (PHM) capabilities in equipment and
2
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machines based on information science is a vital part of the intelligent maintenance approach in the
information era. Fault diagnosis is a complimentary part of the PHM, whose task is to identify the
different failure modes of the equipment or machines [3]. In the structural health monitoring of a whole
machine, it is necessary to obtain information through multiple sensors in order to corroborate fault
diagnosis methods, such as in the monitoring of wind turbine operations. Most of the available studies
on corroborated fault diagnosis methods focus on the fusion of decision-making with multisensory
technologies [4], [5], [6], [7]. However, when monitoring the structural conditions of fine machine
components, the space requirement for installation of multi-sensors not only reduces equipment space
but also obscures the fault information measurement from both highly sensitive and insensitive sensors.
For instance, the bearing vibration of a wind turbine gearbox has sufficient fault information in its
main vibration direction [8], but the fault information included in other degrees of freedom (DOFs) is
insensitive to the fault patterns. Therefore, this needs fusion of extra decision methods to cover its
shortage to conduct effective fault diagnosis [9]. For the intelligent maintenance model to be capable
of improving the performance of the fault diagnosis of a system when using a single sensor, it will not
only have to solve the local faults on fine components during its condition monitoring but must also
lay the foundation for multi-sensor corroborative diagnosis of faults in large and fine components.
Therefore, this study focuses on how to achieve an efficient PHM for local mechanical system.
Recent development in methodologies for PHM are largely based on data-driven approaches,
which typically consist of feature extraction and pattern recognition. These approaches mostly rely on
accurate extraction of fault features from either time-domain or frequency-domain responses of raw

vibration data using signal processing algorithms, like the Empirical Mode Decomposition (EMD),
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Local Mean Decomposition (LMD) or Variational Mode Decomposition (VMD) [10]. For example, a
gearbox’s (taken as a partial component in a machine) main function is the sustenance or transmission
of dynamic loads on rotating engineering systems. Gearbox typically comprises of gears and bearings
and its operating nature makes it susceptible to failure due to defects or faults throughout its design
life. These faults and defects can undermine the operational viability of the entire mechanical system
or plant, underscoring the need for an intelligent diagnosis method for early detection of any likelihood
of fault or failure. The potentials for deformations in the gear and bearing will result in severe safety
issues and financial loss to the operators of the actual engineering systems [11].

In the pattern recognition phase, the features extracted from the signal of a faulty system are
processed using a machine learning models, such as the Logistic Regression model, Random Forest
(regression trees) or Support Vector Machine (SVM) to diagnose fault on gearbox. However, these
methods, especially those based on the two phases, have some fatal disadvantages. First, the extracted
features that are fed into the machine learning classifiers heavily rely on the knowledge and experience
of the users. The upper boundary of the fault diagnosis accuracy is limited by the effectiveness of the
extracted features in the data-driven method. Secondly, the generalization ability of a shallow network-
based diagnosis model is relatively poor, resulting in a significant difficulty for time-variant working
conditions with strong noise interference. Therefore, an alternative solution is urgently needed to
efficiently diagnose faults in an engineering system like the gearbox using the measured gearbox
signals.

Deep learning, based on a fusion of feature extraction and classification method, can deal with

the identified weaknesses in the traditional intelligent fault diagnosis methods by building a model
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with high level of advanced features based on deep networks. A majority of generic deep learning
algorithms that are currently being widely used, like the Convolutional Neural Network (CNN) model
and Deep Belief Network (DBN) model [12], have been examined successfully in the fault diagnosis
of systems [13],[14],[15]. However, it is found that the end-to-end CNN-based model, which uses
unfiltered vibration responses, can be more effective than the generic fault identification methods
based on vibration images [16],[17]. In addition, most studies associated with the CNN-based fault
diagnosis method using unfiltered vibration response as input reveal that the fixed scale CNN-based
models for diagnosis did not perform well when they are applied to actual working conditions. This is
because the characteristics contained in raw vibration signals cannot be sustained on a certain inherent
scale where changes in the environments, sampling frequencies or systems exist. The main factors
affecting the performance of a multi-scale deep learning method’s application in fault diagnosis
method are: 1. Extraction and obtaining sufficient information for fault identification; 2. Availability
of reasonable strategies for information fusion.

Consequently, Huang et al. developed a model called “multi-scale cascade convolutional neural
network”, whose key idea was to use filters with different scales to provide more useful information
[18]. Their results show that considering multi-scale information is effective in improving the accuracy
of diagnosis and distinguishing the types of bearing faults. Furthermore, Liu ez al. [19] added a residual
network module into the multi-scale neural network algorithm in order to improve its performance.
Their algorithm was designed by incorporating a multi-scale residual neural network, which improves
the model’s good performance for motor fault diagnosis. In the above studies, although the locations

of the feature fusion are different, the processes of the multi-scale feature extraction are both realized
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by changing the different receptive fields by the size of convolution kernels. In order to ensure that a
CNN-based model can capture multi-scale information in the widest possible receptive field, Zhao et
al. [20] used the dilated convolution operation to build a multi-scale CNN. The multi-scale factor acts
as the dilation factor of convolution kernel. The results show that the dilated multi-scale convolution
neural network has a good generalization in bearing fault diagnosis tasks. However, computational
complexity is increased when convolution kernels are applied directly to extract multi-scale
information from a raw signal. To solve this problem, Jiang et al. [21], used a 1-D vibration response
signals as the input data and further designed a diagnosis model using the multi-scale CNN (MS-CNN)
to diagnose gearbox faults of a wind turbine. Their multi-scale feature extraction was established by
the procedure of multi-scale coarse-grained rather than convolution kernels. The results indicated that
the time scale of the MS-CNN model offers a considerable influence on the effect of faults diagnosis
of the wind turbine gearbox model. Qiao et al. [22] designed an adaptive weighted multi-scale with
convolutional neural network model in order to conduct an end-to-end diagnosis for an end-to-end
bearing model. Their study show that the model offers a strong ability to distinguish faults and with an
adaptive ability for the domain against variable operating conditions. Qiao’s model considers the
differences in contribution between features. Thus, they adaptively weighed the features of different
channels and then fused them together. This essentially introduces self-attention into the channels.
However, in the above-mentioned multi-scale studies for diagnosis, although multi-scale features are
directly fused together at feature-level, the differences in the contribution of advanced features in
probability calculation were not considered. Although Xu ef al. [23] considered these differences in

their contribution to advanced feature extractions in probability calculation, they fused the advanced
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features on the feature-level that would probably make the useful information meaningless when fusing
these advanced features with different scale levels. On the other hand, using non-continuous windows
to sample the multi-scale information causes an exponential decrease of the sub-signal’s length,
leading to hard maintenance of the model and the loss of some important information. Bo et al. [24]
used separate convolution with depth attention and point attention to establish the multi-scale model
but also ignored the differences in the performance generated by the fusion-level in a model. Bias
prediction may occur because only a fully connected layer is used to calculate the patterns’
probabilities. Zhang et al. [25] consider the multiple patterns fused in feature-level may lack of
physical meanings. The authors developed a Particle Swarm Optimization (PSO) based weighted
majority voting rule to fuse the diagnosed labels in decision-level. However, the PSO-based algorithm
is liable to being interwoven and interrupted by other algorithms.

To address the above-mentioned problems, an intelligent diagnosis model based on a novel
weighted soft-voting rule-based Multi-Attention with Hybrid Multi-Scale Convolutional Neural
Network architecture (HMS-MACNN) is developed in this study. This new model is aimed at solving
fault diagnosis problems as demonstrated by its successful application in diagnosing gearbox faults.
This paper offers the following specific contributions:

1) An integrated multi-scale block, named Hybrid Multi-Scale (HMS) block, combined the
capabilities of multi-scale coarse-grained procedure and different convolutions to simultaneously
capture both time multi-scale and frequency multi-scale information of raw vibration signals.

2) An innovative multi-scale CNN-based network (HMS-MACNN) has been proposed to solve

the inherent limitations of current methods used in the diagnosis of faults in complex engineering
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system like a gearbox. HMS-MACNN is integrated with multi-scale coarse-grained procedures and
dilated convolutions to collectively obtain features from raw vibration signals from a system (gearbox)
using multiple scales.

3) The proposed multi-Attention block is applied to evaluate the contributions of the hybrid multi-
scale features that follows the multi-scale rank in the HMS block, except for channel attention. Multi-
Attention block built with two parts including frequency weighted and fused in feature-level and time
multi-scale with advanced features weighted and fused in decision-level. This enhances the algorithm’
capabilities in the avoidance of undifferentiated and blind features fusion in existing models in
accordance with fusion strategies. The decision process in the multi-Attention block consists of a
proposed weighted soft-voting rule and an adaptive weighted rule, in which the weighted scores
calculated by the weighted soft-voting rule are optimized by a gradient descent without the intervention
of other algorithms.

4) As an end-to-end model, the HMS-MACNN is designed by adopting the advantages offered
by the 1-D CNN-based model and then extending such benefits to include ability to obtain damage
features and diagnose faults from raw vibration signals without applying any manual modifications.

5) This newly developed method improves efficiency and reliability of fault diagnosis tools by
returning no false positive results. The method is validated through experimental simulations of
gearbox with faults to examine the performance of the newly developed method. The superiority of
the HMS-MACNN is further demonstrated through comparison with results from published studies on
multi-scale diagnosis models.

Following the introduction, subsequent sections of the paper are structured as follows.
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Development of the HMS-MACNN framework is presented in Section 2, while Experimental data and
evaluation index are presented in Section 3. Validation, presentation of results and discussion on the
HMS-MACNN model under different working conditions are presented in Section 4. Conclusions are

presented in Section 5.

Il. PROPOSED METHOD

The main constituents of the newly developed intelligent fault diagnosis method are Hybrid
Multi-Scale function; a CNN based model, a Multi-Attention Module which consists of an adaptive
weighted rule and the proposed weighted soft-voting rule. These components are integrated together
to develop the hybrid Multi-Scale CNN with Multi-Attention Architecture. Details of the mathematical
formulation, stand-alone performance and capability and the procedure for integrating them in the

novel architecture are presented in the following sections.

A. HYBRID MULTI-SCALE

The current methods used for deep learning model-based studies of fault diagnosis of engineering
systems use raw vibration signals as the inputs. The reliance of this approach on the raw signal as the
main input of the networks essentially constitute a classification or regression problem rather than a
diagnosis. However, these models always perform poorly under complex environments such as those
with variable loads and strong noises. This is because the CNN-based models have a fixed sampling
scale, which can only capture information from a single scale. Therefore, the effective information for
fault diagnosis will not remain in an inherent scale when the operating environment changes [26].

Learning the characteristics of a single scale will lead to poor generalization of a model.

9



185 The key to overcoming this shortcoming and improving the generalization capability of a CNN-
186  based model is to enhance the model’s capability in capturing multi-scale characteristics. Some studies
187  have proposed multi-scale based models, such as MSCNN and MCCNN, which both of them only
188  consider multi-scale characteristics in time and frequency domains independently [15],[18],[21].
189 However, both time- and frequency-domains multi-scale characteristics are important for fault
190  detection.

191 Therefore, this study proposed a hybrid multi-scale block (HMS) to be coupled with a CNN model
192  in order to address the fault diagnosis generalization problem. In addition, this method will improve
193 accuracy, efficiency and reliability of fault diagnosis in noisy environments and for systems under
194  complex health and operating environments. A diagram of the hybrid multi-scale block, which consists

195  ofthe multi-scale coarse-grained procedures [27] and dilated convolutions [28], is illustrated in Figure

196 1.
_______________________________________ .
I Hybrid MS Block !
| :
| |
: MS Block 1 MS Block 2 !
I (Time-Domain (Frequency-Domain I
| Multi-Scale Multi-Scale :
: Extraction) Extraction ) |
| |
' |
| |
' |
- ____ ]

Figure:1 An illustration of Hybrid MS Block
197 As shown in Figure 1, two multi-scale (MS) blocks are connected in series to form a hybrid MS

198  block. In the hybrid MS block, the MS block]1 is used to capture multi-scale features in time domain
199 by using a novel multi-scale coarse-grained procedure. The designed MS block2 is used to extract

200 more useful information in the multi-scale time-frequency domain from the sub-signals that are

10
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obtained by the MS block]. It should be noted that the convolution kernel in MS block?2 is of fixed
size and the dilated parameters are changed, causing it to have a larger receptive field in a limited
amount of data.

Jiang et al. [21] used the MS coarse-grained procedure to extract time-domain multi-scale
characteristics, but they used the non-continuous window to sample the features, which significantly
drops the length of sub-signals and probably misses key information. Thus, MS block]1 is designed
based on the MS coarse-grained procedure for multi-scale time feature extraction based on improved
principles of multi-scale coarse-grained procedure. In addition to being motivated by Zhang et al.’s
research [29], this study uses a training inference approach in order to improve the MS block1’s
capability and the model’s robustness by using random data point removal technique to augment multi-
scale coarse-grained procedure.

The MS block 1 works using a vibration signal in which the response is averaged through a
continuous sliding window. In an attempt to improve the designed model’s noise resistance, some data
points are discarded based on the dropout technique coupled with the procedure of coarse-grained in
the training model design phase. The dropout rate p 1is a selected value set at 0.5.

For each raw vibration signal x, :1<i <n, the sub-signal.y;. is obtained by MS blockl at any

scale s and is calculated by Eq (1).

r* ~ Bernoulli(p)

g =rx
l (s

.- ;i”Z]%)HX(I)’JE[L”-T],T>2 (1)
Y =;>~<(i)j e[n-z,n]

11
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where 7=2,3,...,S is the factor of scale in MS blockl. “.” is the element product, I’i1 follows

Bernoulli distribution, which decides whether the data points X' in the multi-scale coarse-grained
procedures %' has dropped out or not. The length of the sub-signal Y; is N.

In the MS block 2, dilated convolutions with different dilated factors U are used to extract
frequency-domain’s multi-scale information. The receptive field calculation of the dilated convolution
layer is shown in Eq (2).

R=K+(K-D-(v-D ,vel?2,...,v (2)
Where R is the receptive field of a convolution; K is the kernel size; U is the dilated factor, which
controls the capability of the extraction of frequency-domain multi-scale characteristics.

The hybrid MS block initially obtains s time-domain multi-scale signals using MS Block1. The
frequency-domain multi-scale information is extracted by MS Block2 from each multi-scale sub-signal
in time domain. Total SV sub-signals with multi-scale in both time and frequency domains will be

obtained by the proposed HMS block.

B. CoONVOLUTIONAL NEURAL NETWORK

The feature learning layer consists of parallels of 1D CNNs that extracts representative features
from the sub-signals. Generally, the structure of a typical CNN structure comprises of various pairs of
convolutional layers, pooling layers, Batch Normalization ((BN)) block and action function. The

mathematical process of designing the CNN is given as follows:

W
yl(i,J') — K: .X'(RJ) — Z K: (J -)Xl(i+i') 3)

j=0
where K: is the i" filter in the layer I, and X'®) s the j" local area of the CNN’s layer I;

12
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y'"1 denotes the dot product of the filter and the Kernel’s local area, while W represents the
kernel’s width. K!(j') isthe j" weight of kernel /.

ReLU activation function is added to the convolutional layer. The formula for calculating the
ReLU function is given in Eq. (4):

a'®™) = £ (2'"V) = max{0, z'"} 4)
Where z'0js the calculated output array of the BN and a'™? is the activation of z'0"? .

In order to efficiently facilitate the neural network training and to overcome gradient
disappearance problems caused by activation function, the BN technique is introduced before the
pooling operation. The n-dimensional array y' = (y'®,y'®,....y'™) to thel" BN layer is represented
as  y'® = (y'tD it o ylimyand YO = y!O =yl when the BN layer is positioned
immediately after the convolutional layer in the model and followed by the fully connected layer. The

BN operation is mathematically represented by the following equations:

gy YD —p 1G0) _ D olGd) L a0
yrr = ,2 0 = Mgl gt (5)
Jol+e
1S
u==>'y (6)
Nz
2_1 - 13i,j) 2
o —HZ(Y — ) (7)

where z'"? represents the output of a single neuron, while z and o’ are the respective mean and

variance of y'") . & isanegligible normalization quantity (constant) added to sustain the simulation
and stops any unexpected termination when the variance is0 . The scale factor and shift parameters to
be learned from the features are respectively represented by ' and g'®.

A pooling layer, also called the down-sampling layer, is added to HMS-MACNN. This is based
13
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on the most common pooling techniques that includes both average and maximum pooling. However,
this research chooses the maximum pooling, and it is presented in Eq (8).
i 1(i.t)
p D = maX(j—l)W+1stst{a ' )

where a'™" represents the value of the t" neuron in the i" framework of the sampling layer I;

The corresponding value of the neuron in layer | of the pooling is represented as p'"?, and
te[(j-DW +1, jW].

The probability distribution of the representative features extracted by CNN are fused and driven
into the connected classification layer. Each output is mapped into a probability by a softmax function
@ , which is define by:

w(UC):%T=1eu° ,c=12,...,T 9)
where ¢(u.) is a 7-dimensional probability vector and denotes the probability distribution under T

kinds of test scenarios, u, is the output from the CNNs.

C. MULTI-ATTENTION MODULE FOR HYBRID MULTI-SCALE

The multi-scale features have different degrees of sensitivities to failure of gears and bearings
when operating in complex environments. However, the existing multi-scale fault diagnosis model
indiscriminately integrates the features, which are detrimental to the performance of the models.
Although there have been some reported studies on using adaptive weights to evaluate the
contributions of features, they essentially used channel attention to evaluate features without
considering the differences from contribution of multi-scale characteristics [30],[31].

An adaptive weighted rule, named Attentionl in Multi-Attention Module, is introduced as part of

the integration of the hybrid multi-scale with CNN to adaptively score and rank learned features at the
14
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full scales. The implementation of the multi-attention also means that it can assign weights to extracted
features learned [32]. Consequently, MS blocks are designed to provide the basis for leaning from the
extracted features. The proposed Hybrid MS block consists of two multi-scale blocks. Thus, the
features learned by CNNs, which are extracted by MS blockl and MS block2, are weighted through

the attention mechanism in turns.

The features O, :0,,...,0,,...,0,, learned from a segment of the raw signals are extracted by

HMS Block. A function G(:) has been added to them to obtain featuresH. , : H,,...,H,,...,H .

HS~D = G(OS-D) = ZOS-D (i) 9

where O, is the i output feature Oi, and M is obtained using convolution kernels’ number obtained
from the preceding convolution operation.

An attention module’s weights of extracted features on frequency-domain scale

a a «,, are obtained by using a fully connected layer coupled with a Softmax function

sqreccr U gy U p

and they are calculated using Eq. (10).

a,, =Softmax(p, ) =€

D
z e(psd
e (10)

D
Zas‘d =1

where ¢, is the fully connected layer’s output. The weight of an extracted feature of each scale
a., 1s calculated using the Softmax function and they are mapped on a probability Space (0, 1),

adding to its intelligent capabilities.

The fusion of extracted features Z of MS block2 relating to «, and O, is calculated by Eq.

15
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(11).
Z =Y ,40,4,5=12,...,S (11)

Where, Z_, is the weighted features, which is fused by the frequency-domain multi-scale
characteristics.

The hybrid multi-scale block is used in the algorithm for the extraction of multi-scale features
based on time and frequency in turns. The multi-attention module is used to evaluate the contributions
of each advanced features of different scales for fault diagnosis. Different information fusion strategies
are used to fuse the time advanced features and frequency features. Thus, a novel weighted soft voting
method is proposed to fuse the advanced features at decision level. The weights of soft voting

procedure are updated by gradient descent with the network parameters updating.

D. WEIGHTED SOFT-VOTING METHOD FOR ATTENTION ON DECISION-LEVEL

The advanced features, with time a multi-scale fused at feature-level, will typically lack any
physical meaning. Thus, the proposed weighted soft-voting rule, named Attention2 in the Multi-
Attention Module, fuses the diagnosed results of the time multi-scale advanced features in decision-
making level.

The probability, p=p,,..., p,,..., p, 1s calculated using a fully connected layer and normalized

S

by softmax function corresponding to features Z_. The final weighted probabilities are calculated by

Eq. (12)

S S
pweighted :U"p:zasc' pslzas (12)
s=1 s=1
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Where Pyeignes 18 the weighted probabilities for fault recognition; o is the weight matrix for soft
voting fusion, which is solved by Gradient descent optimization; ¢ is a weight vector with dimension
¢, and c is the total categories.

The loss function of the HMS-MACNN model is a cross entropy between the output probability
distributions and predicted categories. The model uses Pyigned (X) as the predicted distribution
calculated by weighted soft-voting; P(X) is the predicted probability distribution that is fused directly,
and ((X) denotes the target probability distribution. The loss between Pyegnes (X) and q(x) is
given by Eq. (13), while the loss between p(X) and (X) is given by Eq. (14). Considering the loss
between Pyeigned (x) and p(X), the loss function for solving parameters in weighted soft-voting rule
is given by Eq. (15)

The loss used to solve the parameters in the weighted soft-voting rule consists of

|OSSW = _Z pweighted (X) ' Iog q(x) (13)
loss=—)" p(x)-logq(x) (14)
0SS cigriea = —Z Pueighted (X) 109 A (X) — Z p(x)-logq(x) + Z Pucigriea (X) 109 P(X) (15)

An illustration of how gradient descent is used to solve weights @ in the proposed weighted soft-

voting method is shown in Figure 2.

17
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6 and weights of weighted
soft-voting a, Input: Xtrain
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l

Calculating the losses using
Eq. (14) and Eq.(15) -
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Figure 2: Procedure for solving weights in the weighted soft-voting rule module

As shown in Figure 2, € is the network’s parameter, which is also a parameter in the HMS-
MACNN network in addition to parameter « in the weighted soft-voting rule. Two parts of the loss
are respectively calculated: a loss not contributing to the weighted soft-voting module; and the other
contributing to the weighted soft-voting. Equally, two gradients are calculated separately for each of
the losses. Before the iteration stops, the algorithm updates the parameters € and « based on the

two gradients respectively.

E. HYBRID MULTI-SCALE CNN WITH MULTI- ATTENTION ARCHITECTURE

The hybrid model in its basic form, named HMS-MACNN, the frequency multi-scale advance
features with attention weights calculated by the Attention MS block 1 are all fused at feature-level.
The fused features belong to the advanced features at different time scales .The Attention MS block 2

is used to calculate the weights and then fuses them into the decision-level by the proposed weighted
18
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soft-voting rule. Finally, the weighted probabilities for each classes are calculated for pattern

recognition. The framework of the HMS-MACNN is schematically presented in Figure 3.
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Figure:3 Framework of the HMS-MACNN

In Figure 3, the designed 1-D CNNs block, consisting of several convolution kernel, pooling
operation, activation function and BN operation, is used to obtain and learn advanced features of the
signals from the multi-scale sub-signals. The weighted features calculated by Eq. (12) are fused in
decision-level. Both the scale of MS block1 and MS block?2 in the hybrid MS block are taken as 3 in
this study. The input size of signals is 4096. Details of the HMS-MACNN architecture are presented

in Table I. Note that “CNN” consists of convolution, BN, ReLU and Pooling layers.

Table I: Details of the HMS-MACNN model

Layer Name ) ) Layer Name . )
) Kernels size /stride . Kernels size /stride
No Output size . 0 Output size .

Filter number Filter number
(learnables) (learnables)
Input Layer MS Block 1

1 4096 - 2 4096-3 (S=1,2,3)
) )
MS Block 2 [128]/[5] BN+ReLU+Pool
4 [3)/12]
820-9-16 16 400-9-16
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346

(2048) (D = 16,32,64)

CNN 1 [31/11] CNN 2 [31/11]
5 203-9-32 32 6 100-9-64 64
(1536) [31/12] (6144) [31/12]
Conv+BN .
[31/[1] Attention 1
7 98-9-128 8 -
128 98-3-128
(24576)
Fully-Connected 10 Attention 2
(Cx37632x3) (Classesx3)

The fault diagnosis framework is built on the following three steps:

Y

Validation

Figure 4: Diagnosis flowchart

Step 1: Vibration data from healthy and different operating conditions of a gearbox are collected
using a data acquisition system. This is followed by segmentation of the signals into smaller segments
for training, validation and testing of the model.

Step 2: developing of end-to-end fault diagnosis system using the training samples obtained from
the HMS-MACNN model that were extracted from the raw vibration signals. This step is equipped
with an offline training capability. Parameters of the HMS-MACNN model are obtained to prepare for
fault diagnosis of the test gearbox following offline training of the input.

Step 3: In this step, testing samples are transferred to the trained HMS-MACNN model for direct

diagnosis of the gearbox faults under various scenarios.
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I1l. EXPERIMENTAL DESCRIPTION AND DATA COLLECTION METHOD

In this section, the basic information of the experimental platform and the environment in which
the model is examined are introduced. A limited experiment is conducted for the purpose of
establishing the credibility of the new method through validation of the results. Two experimental
dataset are used in this paper. In one of them, raw vibration signals are obtained from the gearbox
(Figure 5(a)) via the drivetrain of the dynamic simulator [33]. In the other dataset, raw vibration signals
of bearings acquired by conducting several accelerated degradation experiments are obtained from
XTI’ AN Jiaotong University (XJTU) [34] (Figure 5(b)).

In the gearbox examination, we focused on investigating the two different working conditions in
which the loads on the system are set at 20 Hz-0V or 30 Hz-2V. The method used in the study allows
for an accurate representation of the health status of the gearbox. Details of bearing and gear types and
the respective faults diagnosed are presented in Table II. In the degradation bearing examination, we
focused on investigating the diagnosis of both single and mixed faults with degradation. Details of

degradation bearings with respective faults are presented in Table III.

Motor | Digital force display ” Motor speed controller || Vertical accelerometer Tested bearing
— ——

Brake \(‘)
, Brake
controller

L @

Horizontal accelerometer

(a) Gearbox rig | (b) XJTU bearing degradation experiment rig
Figure 5: Experimental setup
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In gearbox fault diagnostic test, experimental dataset from simulations of five different bearing
and gear working conditions have been examined in this study. The bearing and gear data comprised
of four failure types and one baseline state (healthy condition). Each of the fault types contains 800
training samples and 400 validation samples. The dataset used for the training phase of the bearing and
gear comprise of 4096 data points obtained from the input vibration signal. To guarantee high fidelity
and ensure consistency across the experiment, the size of dataset used in the testing phase is kept the
same as the training dataset. Furthermore, bearing and gear failures are combined into a mixed data

set containing the four types of failure stated earlier

17.5

(four bearing failures, and one baseline [healthy] Training Set

state) to examine the validity of the newly .75 Testing

Testing
Set2

developed method in diagnosing mixed failures. In Times/tin 2538

(a) Dataset chosen
the degradation bearing fault diagnostic test, only

)

.......... Training
---------- Testingl
Testing2 | -

-

the bearing failure is considered, but the training

e
%

and test datasets are established over time. This

Probability density
=
N

=
IS

indicates that the bearing damage of the test dataset

0.2

may be slightly larger than the training dataset, but

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2
Vibration Amplitude

belongs to the same type of failure category. The (b) Dataset normal distribution estimation
Figure 6 The dataset segmentation for
schematic diagram of selecting the training set and training and testing

the test set is shown in Figure 6.
Outcome of the examination confirms the superiority of HMS-MACNN model as demonstrated

through comparison of the results obtained in this phase of the study with recently published multi-
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scale diagnosis studies. This includes comparisons with the MSCNN-I [21], MSCNN-II [20], MCCNN

[18] and AWMSC [22].

Table II: Gearbox fault types description

Type Description Type Description
Chipped Gear feet creak Miss Missing gear feet
Root Gear root feet creak Surface Gear surface wear
Ball Ball creak Outer Outer race creak
Inner Inner race creak Complex Inner race and outer race creak

The precision of HMS-MACNN in accurately diagnosing faults and failure is further enhanced
by the implementation of optimization capability. The Adam and Adadelta gradient descent
optimization algorithms are respectively used to optimize the CNN-based model and the weighted
soft-voting rule [35], in which are a mini-batch processing size of 200 samples is incorporated in the
HMS-MACNN framework. The optimization has 30 epochs in the training phase. Consequently, the
learning rate of the feature extraction is initialized to 0.001. This was designed to operate without
attenuation during the model updating of each step. A 0.5 dropout rate is adopted for the fully
connected CNN layer in order to minimize any exposure of the model to the risk of over-fitting [36].
For comparisons, the hyper-parameter settings of each multi-scale model are kept the same as those of

HMS-MACNN.

Table III: Bearing degradation description

Type Description

Inner Only Inner race damage

Outer Only Outer race damage

Cage Only Cage race damage
Hybird Including Inner race and outer race fault

Once again, to guarantee the sustenance of model accuracy during feature learning and

classification phases, F1 score is used in the comparison and evaluation of the performance of
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diagnosis model examined in this study. This added capability offers the framework a comprehensive
metric for measuring its extrapolation function needed in the model updating phase. A mathematical
definition of F1 is presented in Eq. (16).
2TP
Fl=—— (16)
2TP+FP+FN
where TP, FP, TN and FN respectively represent the correctly classified faults as positive samples,

wrongly classified faults as positive samples, correctly classified faults as negative and wrongly

classified faults as negative.

1VV. RESULTS AND DISCUSSIONS

Following the successful testing and validation of the framework, the performance of HMS-
MACNN model is evaluated using experimental data obtained from the gearbox test rig. The
performance is examined under noisy environment and with variable loading conditions.

The comparisons of training and validation accuracies using the proposed HMS-MACNN model
and other kinds of multi-scale models examined based on the gearbox dataset are presented in Figure

7. The training and test time over 10 random trails between various MS models are given by Table I'V.
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Figure 7: The training and validation accuracy.

The training and validation processes of each MS models are presented in Figure 6. Although the
proposed HMS-MACNN model’s accuracy gradually increases in the first 20 epochs more than those
of MSCNN-I and MSCNN-I, the accuracy in the training phase of HMS-MACNN is higher than for

other MS models after 20 epochs and equally more stable.

Table IV: COMPARISON BETWEEN VARIOUS MS models FOR OVER 10 RANDOM TRIALS

Methods Training time (s) Testing time (s)
HMS-MACNN 397.74+19.61 0.4236+0.0056
MSCNN-I 158.42+6.57 0.3198+0.0055
MSCNN-II 195.27+£8.76 0.1352+0.0167
MCCNN 190.13£8.53 0.1609+0.0139
AWMSC 270.10+13.78 0.1464+0.0074

Table IV shows that the proposed HMS-MACNN model takes longer time in the training phase
due to inherent limitation of computing resources and the process by which the proposed Multi-
Attention algorithm handles the dot product of tensors as expected. However, in order to have a
realistic basis for comparison with the existing methods, the training process is performed offline and
the response time of the proposed HMS-MACNN is completed within a duration of 0.5 seconds only.
This slightly exceeds the best duration typically achieved in industrial grade application.

In a real industrial application such as wind turbine gearbox that operates in complex operating
conditions, the raw vibration signals measured are often drown out by noises. Therefore, the robustness
of the HMS-MACNN against noise is examined by injecting additive noise into the signals to
reconstruct the raw vibration signals having differences in their signal-to noise ratios (SNR) [37].

In this study, the comparison of the robustness of the proposed HMS-MACNN, MSCNN-I,
MSCNN-II, MCCNN and AWMSC are examined based on noisy signals with different SNR (-9dB ~
9dB). Results from the comparison of the evaluation with the multi-scale models is shown in Figure 8.
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Figure 8: Comparison of anti-noise robustness for model

As shown in Figure 8, when the test signals’ SNR is equal to -9dB, the HMS-MACNN model
produces an average F1 score of nearly 90%, which are respectively at least 27% higher than other
kinds of MS models. This implies that the proposed HMS-MACNN model is more capable of working
on data within a noisy environment than the other generic models. Because fusion in decision-level is
better than feature-level, the proposed soft-voting rule in the Multi-Attention Module avoids any bias
in the prediction. Comparison of performances of the MSCNN-I and MSCNN-II shows that, although
MSCNN-II uses the dilated convolution to expand the receptive fields and extract multi-scale
characteristics from raw signals, the MSCNN-I performs better than MSCNN-II at -9dB. This is
because MSCNN-I has an added multi-scale capability for feature extraction layer that is based on
multi-scale coarse-grained procedure. Comparison of the robustness of the MSCNN-I and AWMSC
model shows that, although the AWMSC model did not use the coarse-grained method to obtain multi-
scale features, they have similar robustness when they face the same strong noisy environments. This
is because the AWMSC model focuses more on the features extraction channels. The proposed hybrid
MS block is more capable of using the multi-scale characteristics extraction than other generic MS
models. The contribution of the features at different scales for different fault types is considered by the

HMS-MACNN model because it is capable of giving attention to fault features at different scales. This
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has been demonstrated by the results from the test when the SNR of the test signals increases. The
average F1 score of other types of MS models rise quickly and are very close but the HMS-MACNN
model still offers the best diagnosis performance. In order to study the misjudgments of fault types by

the MS models, the identifications of faults from the MS models at -6dB are shown in Figure 9 using

a confusion matrix.
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Figure 9: Comparison through confusion matrix results

As shown in Figure 9, the HMS-MACNN model only has a negligible false positive rate. In the
case with a -6dB noise, the positive false that exists between Gear feet creak and outer race creak
becomes small due to the proposed weighted soft-voting method. The false alarm rates of the other
kinds of MS models are much higher, especially for the inner race fault. Identifying the gear root feet
creak under a background with large noise using the MCCNN model is difficult. The performance of
the proposed HMS-MACNN model stood out better against many generic MS models. The proposed
Multi-Attention block added a key function to the HMS-MACNN that plays a critical role in enhancing
the extrapolation capability. The extrapolation capability of a CNN-based model in real world
application is important. Therefore, the generalization ability of each MS model is examined by the
mixed test set with noise, in which the data of 20Hz-0V accounts for 50% and the data of 30Hz-2V

accounts for 50%. A comparison of results with those from other MS models are presented in Table V.

TABLE V: COMPARISON WITH KINDS OF M'S MODELS IN TERMS OF F1 SCORE FOR EACH FAULT TYPES (%)

Methods Health Ball Outer Inner Complex Chipped Miss Root Surface Average
MIij\I\é[IIS\I_N 99.34+0.0013  99.47+0.0033 99.46+0.0009 98.65+0.0036 99.88+0.0006 99.39+0.0056 98.56+0.0014 98.66+0.0012 97.33+0.0049 98.97

MSCNN-I  95.37+0.0077 98.14+0.0054 89.55+0.0110 91.41+0.0076 95.28+0.0052 88.47+0.0116 93.30+0.0496 92.97+0.0092 94.25+0.0067 93.20
MSCNN-II  91.05+0.0078 90.88+0.0113 87.64+0.0071 81.66+0.0047 85.96+0.0064 91.73+0.0069 89.80.£0.0039 90.52+0.0079 88.03+0.0078 88.59
MCCNN  93.14+0.0093 94.00+0.0054 92.88+0.0060 83.28+0.0110 92.01+0.0064 90.52+0.0088 92.20+0.0611 86.56+0.0128 89.87+0.0087 90.50
AWMSC  96.44+0.0035 87.75+0.0047 97.96+0.0076 78.38+0.0087 97.59+0.0054 96.79+0.0047 87.80+0.0078 95.09+0.0076 90.29+0.0076 92.01

From Table V, the average F1 score shows that the proposed HMS-MACNN model has an
accuracy of 98.87% when the testing environments include variable loads and strong noise. This result
is 6% higher than the second-ranked method, which is the MSCNN-I model. The comparisons of the
F1 score reveal that the HMS-MACNN model successfully performs classification task for nine cases
in working conditions (one healthy, eight type of failures). The proposed model has the highest F1

score in identification of six working conditions. The HMS-MACNN model can automatically learn
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useful fault characteristics from the raw signals on multiple scales without any manual modifications.
This highlights its intelligent capability in diagnosing faults. In addition, the HMS-MACNN model is
able to obtain richer information due to its HMS block being assigned with different attention to multi-
scale characteristics through the multi-attention block. Therefore, one of the obvious advantages of the
proposed HMS-MACNN model is the presence of the multi-scale end-to-end fault diagnosis capability.
This uniquely distinguishes the method developed in this study from other generic methods currently

being used in the industry.
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Figure 10: Scores calculated by multi-attention block 1 for a range of gearbox conditions

To further demonstrate the credibility of the proposed HMS-MACNN, the performance of the
number of attentions incorporated into the Multi-Attention block for different faults diagnosis are
quantified. The attention scores on the multi-time and multi-frequency scale (extracted by HMS block
but weighted by Attention 1) for each pattern are expressed in percentage, which are shown in Figure
10. ‘1-1° means the hybrid multi-scale advanced features with 1 time scale and 1 frequency scale.

Figure 10 shows that the weights given by the multi-attention blockl that the information

collected from HMS block with scale = 1-1 is not sensitive to healthy condition, gear surface wear and
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gear root creak. The information collected by the HMS block with scale = 1-3 is more sensitive to the
health and gear root creak. Each scale has a different sensitivity to different gearbox conditions, which
shows the principle of HMS block with multi-attention module to improve the performance of HMS-
MACNN.

To further demonstrate the credibility of the proposed HMS-MACNN, the attention scores of

weighted self-voting procedure and the confusion matrix of classifications are shown in Figure 11.

s M Scale =3
13.31% .‘. 051%
249% 17.50%

1

Scale =1
Figure 11: Mechanism of weighted soft-voting rule in Multi-Attention

As shown in Figure 11, scale 1 to scale 3 and final diagnosis results are visualized through the
confusion matrix. When the advanced features correspond to scale 1 and scale 2 facing the outer ring
fault, the false alarm rate is higher, but scale 3 can recognize the outer race fault better. The false alarm
rate in final decision, facing the outer ring fault detection, reduces significantly due to attention put on
fusion in the decision level through the proposed weighted soft-voting method.

To further confirm the superiority of the proposed weighted soft-voting in the Multi-Attention
module, a comparative assessment based on simulations under large noise scenario with the proposed

weighted soft-voting and traditional soft-voting is examined as shown as Figure 12.
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Figure 12: Comparison between traditional soft-voting and the proposed weighted soft-voting

Predicted Labels
Average F1 Score = 85.03% (Soft-voting)

As shown in Figure 12, the proposed weighted soft-voting has an average increase of 5% in F1
score in comparison with traditional soft-voting. Based on the confusion matrix, weighted soft-voting
can significantly improve the precision of gear conditions prediction. This further demonstrates the
superiority (in terms of efficiency and performance) of the weighted soft-voting rule over a traditional
soft-voting. The false positive rates in faults identification are reduced when weighted soft-voting rule
is used, further proving its meaningful contribution over traditional soft-voting.

Structural fatigue or improper installation can cause damage to the mechanical structure, but the
development of the damage is usually not sudden. Therefore, the model needs to consider the slow
changes or evolution of the damage to ensure that the fault can still be identified following any slightest
change in material or damage characteristics. Consequently, the degradation test is conducted to prove
the extrapolation capability and reliability of the proposed HMS-MACNN model. The results of

degradation examination are shown in Figure 13.
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Figure 13: Confusion matrix of the test results of HMS-MACNN model examined under different
testing set
As shown in Figure 13, the difference between test data 1 and test data 2 is the change in the
degree of damage, resulting from the position of the data collection system. The change of the degree
of damage will lead to different forms of mechanical vibration, which ultimately affects the data
distribution. When using test data 2 to examine the extrapolation of the HMS-MACNN model, its F1
average value is 85.31%, which is 5% lower than Test1’s. The reason for this difference is the manner

in which samples were collected, with Test2 samples obtained well after training dataset used in Test1

(Figure 6a).

V. CONCLUSION

This study focused on solving the existing problems in fault diagnosis methods for multi-scale
systems by developing a framework that is capable of using raw vibration signals from gearbox. A
Hybrid Multi-Scale CNN with Multi-Attention (HMS-MACNN) framework for intelligent fault
diagnosis of systems such as the gearbox under various operating conditions and different health states
is proposed.

The effectiveness of the model is verified via simulations with a gearbox’s experimental dataset.
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The results confirm that HMS-MACNN is more capable of extrapolating faults from systems operating
in a complex environment than the existing multi-scale CNN models considered in this study. Addition
of interference in the process of multi-scale time feature extraction can enhance the robustness of the
model. The effectiveness of the improved multi-scale block have been have verified using anti-noise
tests. The contribution of feature extractions with different scales are calculated using the multi-
attention block. The self-attention in multi-attention block 1 effectively gives different high-level
feature weights. The weighted soft-voting method in the multi-attention blocks effectively corrects the
posterior probability of different scales for pattern recognition of machine conditions, which ultimately
reduces the false alarm rates of diagnosis. Therefore, this study addresses the shortcomings of multi-

scale fault models developed based on generic CNN models and enhances its efficiency and reliability.
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