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Abstract: To realize the diagnosis of compound faults in gearboxes at different speeds, an "end-to-
end" intelligent diagnosis method based on a deep neural network is proposed, named efficiency
channel attention-capsule network (ECA-CN). First, the process uses a deep convolutional neural
network to extract fault features from the collected raw vibration signals, then embeds the efficient
channel attention module to filter important fault features, then uses the capsule network to vector-
ize the feature space information, and finally calculates the correlation between different levels of
capsules by the dynamic routing algorithm to achieve accurate gearbox compound fault diagnosis.
The effectiveness of the proposed ECA-CN fault diagnosis method was verified by the composite
fault dataset of the 2009 PHM Challenge gearbox, with an average accuracy of 99.63% and a stand-
ard deviation of 0.22%. In the comparison experiments with the traditional fault diagnosis method,
the average accuracy of the ECA-CN method was improved by 4.62%, and the standard deviation
was reduced by 0.58%. The experimental results show that ECA-CN has a more competitive diag-
nostic performance.
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1. Introduction

Gearboxes are one of the most widely used speed and power transfer elements in rotating ma-
chinery and play a vital role in manufacturing. Gearboxes contain gears, rolling bearings, drive shafts,
and other components, which usually operate under harsh operating conditions with different speeds
and loads and are prone to failures. And gearbox failure may lead to unexpected downtime, causing
substantial economic losses and significant casualties. Therefore, it is essential to study gearbox fault
diagnosis to ensure the efficient operation of mechanical systems [1].

Generally speaking, gears and bearings are the two components in gearboxes that are most
prone to failure. Common failures include broken teeth, tooth surface wear, bearing fatigue spalling,
and running wear [2]. And the loss of one component often causes the failure of another element in
contact with it, triggering a compound failure. In the practical application of gearboxes, the features
of solid faults easily cover the information of weak fault features due to the different damage mech-
anisms and loss degrees of individual defects embedded in the vibration signals [3]. Together with
the complex transmission path of the movement, the vibration effects generated by different faults
will interact, making the coupling and modulation phenomenon between the signals more severe
and the mark features challenging to extract.

Traditional composite fault diagnosis methods usually use signal processing techniques such as
wavelet transform analysis [4], resonance demodulation [5], and empirical modal decomposition [6,
7] for feature extraction, and then shallow machine learning models such as BP neural networks [8]
and support vector machines [9] for fault classification. Although the traditional methods have
achieved fruitful results, the following drawbacks still exist in the era of big data [10]: 1) the process
of feature extraction and selection using signal processing techniques is complex, requires manual
operations, and relies mainly on engineering experience; 2) manual feature extraction reduces the
complexity of the input data and causes rich fault state information to be lost in the original data; 3)
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the traditional signal feature extraction techniques make it difficult to separate the coupled features
of compound faults.

Deep learning has been widely used in fault diagnosis, driven by artificial intelligence technol-
ogy in recent years. Compared with traditional diagnosis methods, deep learning-based fault diag-
nosis methods are free from the reliance on expert knowledge and signal pre-processing methods,
can directly excavate the composite fault features hidden in the original vibration signal, and have
obvious advantages in the face of massive data. The convolutional neural network (CNN) is the most
widely used among them. This is due to its features, such as local connectivity, weight sharing, and
pooling operations, that can effectively reduce the number of training parameters, have strong ro-
bustness, and are easy to train and optimize. Yao et al. [11] proposed a CNN-based composite fault
diagnosis method that converts bearing vibration signals into grayscale maps as training samples for
the network, which can effectively identify bearing hybrid faults in urban rail trains. Zhang et al. [12]
considered a deep convolutional generative adversarial network model under insufficient diagnostic
samples and effectively improved the composite fault diagnosis by generating additional composite
fault data samples. Sun et al. [13] combined an improved particle swarm-optimized variational modal
decomposition with CNN to achieve mixed fault diagnosis of planetary gearboxes. Although the
above methods achieved good results, each channel contains different information learned by the
convolutional kernel for the features extracted by CNN. The traditional CNN gives the same weight
to each track, ignoring the importance of the elements contained in different channels for the fault
diagnosis task.

The attention mechanism considers the weight effect, i.e., the mapping relationship between in-
put and output, which can enhance the key features and weaken the redundant components [14,15].
Therefore, introducing the attention mechanism into the diagnostic model can improve the effective-
ness and reliability of the method. Li et al. [16] designed a fusion strategy based on the channel at-
tention mechanism to obtain more fault-related information when fusing multi-sensor data features.
Xie et al. [17] constructed an improved CNN incorporating the channel attention mechanism for fault
diagnosis of diesel engine systems. The model mentioned above, considering feature weights,
achieves good results, but scalar neurons reduce specific parameters such as location and scale in the
feature mapping of their subject network CNN. Therefore, the fully connected layer requires a large
amount of data to estimate the parameters of the features, and the demand for memory, computation,
and data volume is enormous [18]. On the other hand, the pooling layer of the CNN gives the model
a prior probability that is not affected b the translation but loses specific spatial information. In other
words, CNNss obtain invariance rather than covariance [19].

In 2017, Sabour et al. [19] proposed a capsule neural network, which uses vectors to describe the
object representation, where each set of neurons forms a capsule, and the capsule layer outputs vec-
tors, with the vector length indicating the probability of the object presentation; the vector direction
means the instantiation parameter. In mechanical fault diagnosis applications, multidimensional cap-
sules can retain specific feature parameters at different rotational speeds. In addition, the capsule's
distance represents the features' dispersion, so the capsule network's classification quality is better
than traditional neural networks. Zhang et al. [20] combined wavelet transform and capsule network
for bearing fault diagnosis in high-speed trains. Ke et al. [21] proposed an improved capsule network
for the problem of insignificant composite fault features in modular multilevel converters.

The studies mentioned above only diagnose compound faults occurring in a single component,
while in actual production, compound faults are usually coupled by multiple component faults in
the transmission system. Therefore, an efficient channel attention capsule network is proposed for
the problem of multi-component composite fault diagnosis in gearbox drive systems at different
speeds. The method uses a one-dimensional convolutional neural network to extract composite fault
features, introduces an efficient channel attention module to assign weights to the channel features,
and performs composite fault classification by the capsule network. The main contributions of this
paper are as follows: 1) ECA-CN discards the pooling layer in traditional CNN and introduces a
capsule network instead, using a dynamic routing algorithm instead of pooling operation to ensure
that the core features are not lost; 2) the activation function of ECA-CN is selected using GELU in-
stead of the commonly used ReLU to accelerate the network convergence and effectively improve the
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robustness of the model; 3) the method does not require a time-consuming manual feature extraction
process, and can achieve end-to-end gearbox composite fault diagnosis at different speeds.

2. Related Theory
2.1 One-dimensional convolution

In fault diagnosis, since the fault data is a one-dimensional vibrating signal, feature extraction is
mainly performed using one-dimensional convolution. The role of the convolution layer is to con-
volve the local receptive domain of the input signal with the convolution kernel. Each convolution
kernel extracts the local features of the input signal's local receiver domain under the activation func-
tion's action to construct the output feature vector. The output feature vector of each layer is the result
of the convolution of multiple input features. The computational equation is as follows:

vt (i) =KX (j)+h 6)

ai|+1(j): f {yi|+1(j)} )

where: X'is the input signal of thel th layer, K| is the weight matrix of thei th convolution kernel of

141 -

thel th layer, b/is the bias, which y;™ is the eigenvalue extracted from thei th convolution kernel of

1+1
i

thel th layer; f {-} denotes the activation function, and &' ( j) denotes thei th element of the output

eigenvector of thel th layer.

The activation function enables the network to obtain nonlinear representation capability, en-
hance the feature representation of the model, map the initially linear and indistinguishable multidi-
mensional features to another space, and make the features learned by the network more distinguish-
able. In recent years, rectified linear unit (ReLU) has been widely used as the activation function of
the fault diagnosis model to accelerate the convergence of the model, and its calculation formula is
as follows:

f (x) =max(0,x) (3)

This paper uses the Gaussian error linear unit (GELU) [22], calculated as follows:

f(x)=xP(X <x)=xd(x) 4)
7(*!;)2
B x e 20 (5)
]
O (x)=x By X

Where: x denotes the activation value input of the current neuron and ®(x) denotes the cumulative
distribution function of the Gaussian normal distribution ¢( X ) . The differences between GELU and

ReLU are shown in Figure 1. GELU not only solves the problem that ReLU is not controllable at the
origin but also avoids the problem that the gradient disappears when the input is negative and im-
proves the model expression capability of the model. In addition, it incorporates regularization,
which allows stochastic regularization based on the probability that the current input is greater than
the rest of the information, weighting the inputs according to their levels, which can maintain the
uncertainty of the inputs and establish the dependence on the input values [23].
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Figure 1. The function image of ReLU and GELU.

2.2 Capsule network

The core idea of a capsule network (CN) is to transform each neuron of a traditional neural net-
work from scalar to vector and use a vector as the input and output of the network to reduce the loss
of feature information and improve the feature extraction ability of the model. The mode length of
the vector represents the probability of a particular health state of the gearbox occurring. The direc-
tion of the vector then means the information on the gearbox’s health state. The capsule network
mainly consists of an initial capsule layer and a digital capsule layer, and the specific structure is
shown in Figure 2.

Routing Digital
Capsules Capsule
S

Dynamic routing:
iterate r times

i

1

v

Prediction ———[cu- = soft max(bij )}"'{bij UV — bij}
Capsule

Initial
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J
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Figure 2. The structure of the capsule network.

The operation process of the capsule network is as follows:
Step 1: The initial capsule vector u; is multiplied with the weight matrix W; to obtain the predicted

capsule U;;, which can be expressed as (6):
Uji = Wyl (6)
Step 2: The prediction capsuleu;; is weighted and summed with the coupling coefficient ¢; to
obtain the routing capsule s;, where the coupling coefficient ¢; is obtained through the intermediate
variableb; , and the initial values are all 0:
exp(b; )
¢; =softmax () = =————— ?)
J J Zlgksjexp(bik)
§; = Zcijuni (8)

Step 3: Compress the routing capsule using the Squash activation function, which can preserve
the spatial information of the feature vector, i.e., keep the direction of the capsule vector unchanged,
while compressing the modal length of the capsule to 0~1, to obtain the digital pillv;:
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Step 4: Optimize the digital capsule by iteratively updating the parameters in the digital capsule
layer using a dynamic routing algorithm. The correlation between the two is first calculated by pre-
dicting the inner product of the capsule uj; and the digital capsuleV;. The intermediate variable b

is optimized by:
by +uy; vy = by (10)

Then ¢; is updated according to Eq (7). If the correlation between two capsules is high, the value
of their coupling coefficient ¢; will increase, and vice versa will decrease. Subsequently, the dynamic
routing is iterated through the formula, optimizing s, , v, . A total of r iterations are taken in this paper
asr =3[19]. Finally, the optimal numerical capsule v, is obtained, whose direction indicates a partic-

ular health state of the gearbox, and the mode length indicates the probability of occurrence of this
state p;:

P; =||Vj || (11)

2.3 Marginal loss function

In this paper, marginal loss (margin loss) is used as the loss function, which can effectively ex-
pand the difference between classes and reduce the difference within classes, and the calculation for-
mula is as follows:

L. (p.) =T, max(0,m" — p, ) +2(1-T,)max (0, p, ~m")’ (12)

Where: c is the fault class, L, denotes the marginal loss of class ¢ fault, and p, denotes the probability
value of the final output of the model. T, is the indicator function, T, =1means class c fault exists,
and T, = 0means class fault does not exist. m*, m™are the upper and lower bounds, respectively.
m* =0.9, m” =0.lin this paper, i.e., the loss value is 0 for p, > 0.9 or p, < 0.1 when the loss value is 0.

A is a scaling factor to adjust the ratio of these two items, and the matter taken here is 0.5.

3. Fault diagnosis method based on efficient channel attention capsule network
3.1 Efficient channel attention module

Efficient channel attention (ECA) [24] is a lightweight, plug-and-play attention module with
good generalization capability to improve the performance of CNN architectures. The ECA module

is processed as shown in Figure 3, given an input feature map F,,, of sizeC xW , where C is the num-

in’s

ber of channels and W is the width. Figure. 3 The schematic diagram of the efficient channel attention
module.
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Figure 3. The schematic diagram of the efficient channel attention module.
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Step 1: Aggregate the spatial information using global average pooling (GAP) to obtain the spa-
tial information description vector a:

a=GAP(F,) (13)

Step 2: The ais deformed and processed by one-dimensional convolution to achieve local cross-
channel information interaction, and then the channel attention weight M is obtained by the Sigmoid
activation function. Where the size of the convolution kernel is adaptively selected according to the
number of channels in the input feature map, calculated as follows:

M, = Sigmoid (conv (reshape(a))) (14)
(©)
k=y(C)=|/%_ b (15)
7 4 odd

where both are constants, yandb . |t|O 4, indicates that the nearest odd number tis taken.
Step 3: Multiply the M, deformation with F, to get the feature map F,, corrected by channel at-

tention.

F. = F, *reshape(M,) (16)

3.2 Efficient channel attention capsule network

The architecture of the efficient channel attention capsule network constructed in this paper is
shown in Figure 4, which mainly includes the input layer, convolutional layer, ECA module, initial
capsule layer, digital capsule layer, and classification layer. The network processing process is as
follows:

1) The vibration signal sample X, X,, X;,---, X, is input from the input layer, and the fault feature
F.,is finally obtained using one-dimensional convolutional step-by-step feature extraction. It is worth
noting that the method uses wide convolutional kernels in convolutional layer 1, which can extract
global features and reduce the effect of noise. And the kernel size of the subsequent convolutional
layers is chosen as narrow convolutional kernels that become progressively smaller as the network
level deepens, which can fully exploit the local features.

F, = conv4(conv3(conv2(convl(X)))) 17)

2) The ECA module assigns weights to the features of different channels in F,; and obtains the
attention-corrected feature map F,, . Channel attention can enhance critical fault information, sup-

press useless information, and solve the feature redundancy problem.
F. = ECA(F,) (18)

3) In the initial capsule layer, five groups of convolution are performed on F, which features

can be further extracted. After convolution, the scalar values in the feature matrix are spliced to con-
struct 320 initial capsules with a capsule dimension of 5. For the initial capsules, the spatial relation-
ship is represented by each corresponding capsule because of the large number of pills. Since the
initial and digital tablets are weighted mapping relationships, the number of digital capsules de-
creases, but the fault information embedded in each capsule increases. In the digital capsule layer,
the dynamic routing algorithm is used to calculate the correlation between the initial capsule and the
digital capsule, update the weights, complete the conversion between the pills to realize the accurate
categorization of fault information, and finally generate six digital tablets with a capsule dimension
of 10.

4) Calculate the two-parametric number of digital capsules to obtain the probability of different
gearbox health p states as in equation (11).


https://doi.org/10.20944/preprints202304.0642.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 April 2023 d0i:10.20944/preprints202304.0642.v1

Convolution kernel 1x64x16
Stride=8  Convolution kernel

BN+GELU 16x8x32  Convolution kernel
Stride =2 32x6x64  Convolution kernel 5@Convolution kernel » Digtal
BN+GELU Stride =2 64x4x64 64x2x20 Initial Capsule Ca gsule
§ BN+GELU  Stride =2 Stride = 2 Dimension=5 et
= ol O @) BN+GELU K
= 99 I3 0
= e - 9
== o o o :
= 98l e —Ie
=/ 38 18 9
=
- o o |8 o
= g O
Input | Convolutional | Convolutional | Convolutional | Convolutional |Efficient channel Initial capsule layer Digital Capsule Layer Classification layer
layer layer 1 layer 2 layer 3 layer 4 attention (3205) (6.10) ©)
(1,2048) |  (16,256) (32,128) (64,64) (64,32) (64,32) ' '

Figure 4. The architecture diagram of the efficient channel attention capsule network.

In this paper, compared with the traditional CNN fault diagnosis method, firstly, GELU is used
as the activation function to introduce a nonlinear transformation to the network while adding ran-
dom regularization, which makes the network converge faster and more robust. Secondly, the effi-
cient channel attention module is introduced, which can assign weights to different fault information
learned by the network, highlighting the fault information that plays a vital role in the diagnosis
decision and suppressing the useless and harmful information, effectively solving the feature redun-
dancy problem. Finally, the traditional pooling layer is discarded in favor of a capsule network using
a dynamic routing algorithm. It thoroughly explores the fault features and maximally preserves their
spatial information through vector neurons to obtain better fault diagnosis performance than the tra-
ditional CNN.

3.3 Fault diagnosis process

In this paper, CNN, ECA, and CN are combined to build a deep learning network that can be
used for compound fault diagnosis of gearboxes under different speed conditions, and its diagnosis
process is shown in Figure 5. The specific diagnosis steps are as follows:

1) Collect the vibration data of the gearbox at different rotational speeds using acceleration sen-
sors.

2) Overlap sampling of vibration data is performed to obtain the training set. The leave-out
method randomly divides the training set into a new training set and a validation set. To prevent the
information leakage of the test set, the vibration data are routinely window sampled to obtain the
test set.

3) Construct the ECA-CN model and initialize the parameters.

4) Train the model using the training set, select the optimal model based on the validation set,
and save the model parameters.

5) Evaluate the final model using the test set and derive the diagnosis results.
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Figure 5. The fault diagnosis process of ECA-CN.

4. Fault diagnosis method based on efficient channel attention capsule netw
4.1 Experimental Data Introduction

To verify the effectiveness and superiority of the method in this paper, the gearbox dataset from
the 2009 PHM Challenge [25] is used as the experiment’s fault data. This dataset is divided into two
groups: spur gears and helical gears, and the helical gear data is selected in this paper. The sketch of
the gearbox structure is shown in Figure 6, which contains six bearings and three drive shafts, i.e.,
input, intermediate, and output shafts, where the gears on the output and input shafts have 16 and
40 teeth, respectively. The teeth of the two bags on the intermediate shaft are 48 and 24, respectively.

|| || ||

| 16T | 48T |

IIII@II
11 11 11

Input shaft  Intermediate shaft Output shaft

Figure 6. The structural sketch of the gearbox.
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The vibration data were collected under the low load of the gearbox at 30Hz, 40Hz, and 50Hz,
respectively, with a sampling frequency of 66.7Hz and a sampling time of 4s, and the time domain
diagram of the collected signals is shown in Figure 7. In this experiment, the sampling window length
is 2048, the overlapping sampling moving step is 500, 1500 samples are overlapped for each working
condition, 600 samples are routinely sampled, all models and labels are detailed as shown in Table 1,
and the six health states of the gearbox are described as shown in Table 2. The samples obtained from
overlap sampling are randomly assigned into a training set and validation set, of which 8000 models
are in the training set, 1000 samples in the validation set, and 1000 samples are randomly selected
from the samples obtained from conventional sampling as the test set.

Table 1. The description of samples and labels.

Overlap Sam- Conventional

Health Status Sample Length One-hot label vector

pling Sampling
1 2048 1500 600 [1,0,0,0,0,0]
2 2048 1500 600 [0,1,0,0,0,0]
3 2048 1500 600 [0,0,1,0,0,0]
4 2048 1500 600 [0,0,0,1,0,0]
5 2048 1500 600 [0,0,0,0,1,0]
6 2048 1500 600 [0,0,0,0,0,1]
ait \ 9000 3600 \

Table 2. The description of the gearbox’s health condition.

Serial  Health Gear Bearings Shaft
number Status 16T 48T 24T 40T 1 2 4 5 6 Input  Output
C1 1 N N N N N N N N N N N N
C2 2 N N M N N N N N N N N N
C3 3 N N B N N C N I N N A N
C4 4 N N N N N C N R N N S N
C5 5 N N B N N N N I N N N N
Co 6 N N N N N N N N N N A N

M: missing tooth; B: broken teeth; C: composite fault; I: inner ring failure; R: rolling element fault; A: axis bending;
S: shaft imbalance
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Figure 7. The time domain diagram of vibration data.

4.2 Ablation experiments

To verify the effectiveness of ECA-CN, it was compared with ECA-CN (ReLU) and a capsule
network without ECA, i.e.,, CN (GELU). The parameter settings for this experiment are shown in
Table 3.

Table 3. The experimental parameter setting.

Parameter items Parameter Setting
Loss function Margin Loss
Sample Lot Size 64
Training rounds 30
Optimization algorithm Adam
Learning Rate 0.001
Learning rate decay factor 0.0001

Figure 8 shows the three models' training set loss and accuracy curves. Comparing ECA-CN
with ECA-CN(ReLU), it can be seen that the loss curve and accuracy curve of the method in this
paper converge faster. This is because GELU avoids the problem of gradient disappearance when the
input is negative, and the expressiveness of the model is improved. GELU also has an adaptive Drop-
out function to enhance the robustness of the model. Compared with CN(GELU), it is evident that
the method in this paper, which uses the ECA module, converges faster. The main reason is that the
ECA module can assign weights to different channel features, which can focus the attention of the
network on the critical fault information and give less weight to other news, thus improving the
learning efficiency of the neural network, i.e., speeding up the convergence of the network.

Figure 9 shows the test set confusion matrix of the three models; Casel~Case6 denote the six
gearbox health states respectively, the horizontal axis indicates the predicted working condition cat-
egory, and the vertical axis denotes the actual working condition category. The diagonal orange area
represents the prediction accuracy of each condition, and the remaining green space indicates the
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misclassification rate. The method’s accuracy in this paper is better than ECA-CN(ReLU) and
CN(GELU) on each working condition, and the accuracy of the test set is 99.71%, 99.29%, and 98.51%,
respectively, which proves that the method is feasible.

To further illustrate the method’s effectiveness in this paper, the t-distributed stochastic neigh-
bor embedding (t-SNE) algorithm is used to map the feature maps output from each layer of ECA-
CN to two-dimensional space for feature visualization, as shown in Figure 10. Observing the original
vibration data and the t-SNE maps of the four convolutional layers, we can find that the feature clus-
tering effect of the network layers becomes more and more evident as the network level becomes
more profound, which indicates that the combined use of large convolutional kernels and small con-
volutional kernels is effective. It is worth noting that the clustering effect of the feature maps corrected
by ECA is better than that of the feature maps of the fourth convolutional layer, which further verifies
the effectiveness of the combination of ECA and CN. Finally, both the initial capsule and digital cap-
sule layers achieve good fault feature clustering, further validating the proposed method's effective-
ness for compound fault diagnosis of gearboxes under variable speed.
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4 BCA-CN(R
N 80% A
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50.3 E 60%1 |
o <
024 T 40%
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Figure 8. Loss curve and accuracy curve. (a): Loss function curve; (b) Accuracy Curve.
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Figure 9. The confusion matrix of the testing set. (a): ECA-CN (GELU) Test Set Confusion Matrix; (b)
ECA-CN (ReLU) test set confusion matrix; (c): CN(GELU) test set confusion matrix.
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Figure 10. t-SNE visualization of feature maps for each layer of the network. (a)Input layer; (b) First
convolution layer; (c) Second convolution layer; (d) Third convolution layer; (e) Fourth convolution
layer; (f) ECA Module; (g) Initial capsule layer; (h) Digital Capsule Layer.

4.3 Comparison experiments

To verify the superiority of ECA-CN over convolutional neural networks and shallow machine
learning models, it was compared with CNN [26], fully connected neural network (FNN) [26], sup-
port vector machine (SVM) [26], random forest (RF) [26], and wavelet transform-multi-label convo-
lutional neural network (WT-MLCNNN) [27]. To avoid specificity and chance, ten parallel experi-
ments were conducted with the experimental parameters set as shown in Table 3, and the obtained
results are shown in Table 4.
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Table 4. The results of 10 parallel experiments of ECA-CN(%).

Av-
er-

Healt age S:;zd

h Sta- 1 2 3 4 5 6 7 8 9 10 Ac- .

tus cu- de.v1a-

tion
racy
Rate

1 100 100 100 100 100 993 100 100 100 100  99.9 0.19
7 3

’ 99.3 993 100 98.1 100 987 993 100 993 100 994 0.57
9 9 8 9 9 9 5

3 994 100 100 982 100 100 100 100 976 100 99.5 0.83
0 1 2 2

4 100 100 994 994 994 994 994 100 994 994 995 0.27
1 1 1 1 1 1 1 8

5 100 100 993 993 100 993 993 100 100 993 99.6 0.32
6 6 6 6 6 8

6 100 994 989 100 994 100 100 994 994 100 99.6 0.36
5 0 5 5 5 7

Test 99.7 998 996 991 998 994 996 999 993 99.7 99.6 0.22
set 9 0 1 9 1 8 9 0 1 9 3

The comparison results are shown in Figure 11, where the CNN and RF using frequency data as input
achieved 99.33% and 97.24% accuracy, respectively. Similarly, the FNN and SVM using manually
extracted frequency features as information gained 91.62% and 92.83% accuracy, respectively. Alt-
hough all these shallow models achieve good diagnostic accuracy, they cannot achieve end-to-end
fault diagnosis. In contrast, the method in this paper uses raw vibration data as input, and the average
accuracy is 99.63% with a standard deviation of only 0.22%, which indicates that ECA-CN can effec-
tively extract the composite fault characteristics of gearboxes at different speeds and can accurately
achieve end-to-end fault diagnosis. Compared with WT-MLCNN, which also uses raw vibration data
as input, its accuracy is only 94.02% with a standard deviation of 0.75%; the method in this paper
shows a more competitive performance.
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Figure 11. Accuracy and standard deviation of each model.

5. Conclusion

This paper proposes an intelligent diagnosis model with an efficient channel attention capsule
network for compound fault diagnosis of gearboxes at different speeds, which can realize "end-to-
end" intellectual fault diagnosis from raw vibration data to fault identification. The method uses a
deep convolutional neural network to extract fault features, introduce s ECA module for feature fil-
tering, and use a capsule network to retain the spatial information of features, which can achieve
accurate fault diagnosis. The effectiveness and superiority of the method are verified using the 2009
PHM Challenge gearbox dataset: 1) the ECA-CN model uses GELU as the activation function, and
the experimental results show that the ECA-CN (GELU) converges faster and is more robust than the
ECA-CN (ReLU); 2) the ECA-CN model introduces the ECA module, and the experimental results
show that the CN has an accuracy of 99.70%, while the accuracy of CN without the attention module
is 98.68%, indicating that the ECA module can effectively improve the fault diagnosis accuracy of the
model; 3) Compared with the shallow machine learning model and the traditional CNN model, the
average accuracy of ECA-CN is improved by 4.62%, and the standard deviation is reduced by 0.58%,
showing a more competitive fault diagnosis performance, which can achieve compound fault diag-
nosis of gearboxes at different rotational speeds.
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