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In recent years, a large number of edge computing devices have been used to monitor the operating state of industrial equipment
and perform fault diagnosis analysis. +erefore, the fault diagnosis algorithm in the edge computing device is particularly
important. With the increase in the number of device detection points and the sampling frequency, mechanical health monitoring
has entered the era of big data. Edge computing can process and analyze data in real time or faster, making data processing closer
to the source, rather than the external data center or cloud, which can shorten the delay time. After using 8 bits and 16 bits to
quantify the deep measurement learning model, there is no obvious loss of accuracy compared with the original floating-point
model, which shows that the model can be deployed and reasoned on the edge device, while ensuring real time. Compared with
using servers for deployment, using edge devices not only reduces costs but also makes deployment more flexible.

1. Introduction

Gearboxes play an important role in modern machinery and
equipment, which are gradually developing toward com-
plexity, precision, and intelligence. A gearbox is composed
of gears, bearings, a shaft and box body, and other parts. It
has the characteristics of a compact structure, high trans-
mission efficiency, long service life, and reliable operation. It
is an indispensable general component in modern industry,
including aviation, power systems, automobiles, and in-
dustrial machine tools. But because of its complex structure
and high running speed in a harsh environment, it can easily
break down, so the gearbox is an important factor in ma-
chine failure. Gears and bearings are two important parts of
gearboxes, and they are prone to local faults due to fatigue,
wear, and tear, leading to abnormal operation of gearboxes,
which may cause economic losses, including damage to
machines. But the performance and life of some bearings
and gears are higher than expected. To repair or replace them
regularly will waste manpower, material, and production
resources. Using edge computing devices for diagnosis can

generate faster network service response, meeting the
industry’s basic needs in real-time business, application
intelligence, security, and privacy protection. So, using edge
computing equipment [1] to monitor and diagnose me-
chanical equipment can effectively avoid the above situation.
Consequently, the research of efficient gearbox condition
monitoring and fault identification technology is of great
significance for ensuring production safety, preventing and
avoiding major accidents.

2. Materials and Methods

2.1. Model Compression on Edge Computing. Fault diagnosis
has three main steps: feature extraction, feature dimension
reduction, and classification. Traditional feature extraction
generally adopts artificial methods such as wavelet trans-
forms, statistical features, and empirical mode decomposi-
tion. PCA, ICA, and self-encoders are used to reduce the
dimension of features; Bayesian and nearest neighbor
classifiers are most commonly used for classification. +e
process is shown in Figure 1.
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An increasing number of researchers are using neural
networks for automatic extraction of fault features and
feature dimensionality reduction and softmax for fault
classification. Softmax is a generalization of a logistic
classifier that mainly solves multiclassification problems.
Assuming that the input sample in training data are x and
the corresponding label is y, the probability of determining
the sample as a class j is p(y � j | x). +e output of a K-class
classifier will be a K-dimensional vector hθ(x(i)). +e el-
ements of a vector sum to 1, and the category with the
largest median of its elements is the prediction class, as
shown in
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where θ1; θ2; . . . ; θk ∈ R
n+1 is the model parameter and
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is the normalization function. +e probability
distribution is normalized so that the sum of all probabilities
is 1.

Deep learning technology is developing rapidly, espe-
cially in the fields of image classification, target recognition,
scene semantic analysis, and natural language processing.
+e deep neural network is demonstrably superior at pro-
cessing complex data and predicting complex systems. Many
experts and scholars in the field of mechanical failure have
achieved good results when applying deep learning tech-
niques to mechanical fault diagnosis.

Shao et al. [2], Wang et al. [3], and Chen et al. [4] used
deep belief networks (DBNs) to diagnose the faults of rolling
bearings and gearboxes, and the robustness and accuracy of

DBNs compared to some mainstream fault diagnosis
methods was verified. Using DBN, Li et al. [5] studied in-
formation extraction and fusion under high background
noise and achieved superior results compared to traditional
methods. Convolutional neural network (CNN) has been
applied to fault diagnosis to reduce the number of model
parameters and improve calculation speed. CNN can be
considered a neural network model for image processing. In
the field of fault diagnosis, CNN can extract features and can
be used to predict the classification of artificial features [6, 7].
Lu et al. [8] processed bearing running-health data based on
a shallow CNN and extracted characteristic parameters and
classifications of fault states. Zhang et al. [9] constructed a
multilayer one-dimensional CNN and used the time-domain
signals of bearing data to carry out fault diagnosis research,
with good results. Wang et al. [10] and others used short-
time Fourier transforms to convert collected motor-vibra-
tion signals to spectra and constructed a two-dimensional
CNN for fault diagnosis, which achieved high diagnostic
accuracy. Verstraete et al. [11] transformed the time domain
signals of rolling bearings to time-frequency spectrograms
by short-time Fourier transform, wavelet packet transform,
and Hilbert–Huang transform, trained them by CNN, and
studied the performance of the network by changing the size
of the input time-frequency spectrograms and the denoising
method. A one-dimensional signal can be transformed to a
two-dimensional time-frequency diagram by time-fre-
quency conversion, and then fault diagnosis by CNN can
achieve good results. Zhang et al. [12] took the time-fre-
quency spectrum of a rolling bearing vibration signal after
Fourier transform as input. Using deep fully convolutional
neural network (DFCNN), the vibration signal data of the
rolling bearing rolling 2-3 turns is modeled by a large
number of convolution layers. All effects reached 100%.

+e above research shows that in-depth learning has
strong adaptive feature extraction and classification ability in
the face of large mechanical data tasks. +ese studies have
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Figure 1: Fault diagnosis algorithm flow.
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played a good role in the diagnosis of single target faults.
However, in practice, gearboxes often have many kinds of
faults simultaneously, and there are hundreds of combi-
nations of complex faults. To solve this problem, a deep
measurement learning model based on triplet loss is pro-
posed in this paper. +e multifault signals of gearbox
bearings and gears are processed, and a variety of complex
faults are simulated by using different bearings, gears, loads,
and rotational speeds. Triplet loss is used as a loss function to
optimize the model, thus efficiently completing the task of
classifying complex faults [13–15].

Each triple [16, 17] is constructed by randomly selecting
a sample from the training dataset as an anchor (xa) and
then randomly selecting a sample of the same type as the
anchor called positive (xp) and different classes of samples
called negative (xn). +e anchor, positive, and negative
constitute a complete triple. A neural network is trained for
each sample in the triple, and the feature expressions of the
three samples are denoted as f(xa

i ), f(x
ρ
i ), f(xn

i ).
+e purpose of triplet loss is to make the distance be-

tween the characteristic expressions of xa and xp as small as
possible, while making the distance between the charac-
teristic expressions of xa and xn as large as possible. +ere is
a minimum interval α between the distances (α is a
hyperparameter, which can be set manually). As shown in
Figure 2, the triplet learns to calculate the triplet loss
multiple times to reduce the distance between similar
samples and increase the distance between heterogeneous
samples. In Euclidean space, a closer distance between two-
fault data indicates greater similarity. +e formula is
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where the subscript 2 represents the L2 paradigm and
normalizes the data. +e corresponding objective function is

Σni f x
a
i(  − f x

P
i 

2
2 − f x

a
i(  − f x

n
i( 

2
2 + α 

+
. (3)

In the previous equation, the subscript + indicates that
when the value in brackets is greater than zero, the loss is
the value, and when it is less than zero, the loss is zero. It
can be seen from the objective function that when the
distance between the characteristic expressions of xa and
xp is greater than that between the expressions of xa and
xn minus α. If the value in brackets is greater than zero, the
loss will occur. And, conversely, the loss will be zero.
When the loss is not zero, all network parameters are
adjusted by a backpropagation algorithm to optimize the
features.

+e choice of triplets is essentially a resampling process.
+ere are many eligible triplets in the entire dataset. Assume
a total of B fault data points of P types and K data points of
each type. +en B� P×K; that is, there are B original sample
points, K− 1 similar sample points, and B−K heterogeneous
sample points. +erefore, the number of qualified triplets is
B× (K− 1)× (B−K). Some triplets satisfy the optimization
goal; that is, the distance between xa and xp is much smaller
than between xa and xn. Calculating these triplets is not
helpful for optimizing the target. On the contrary, it will

reduce the training efficiency. Schroff et al. [18] mentioned
that we should choose the combination which violates the
optimization goal most seriously, where the distance be-
tween xa and xp is much larger than that between xa and xn.
Whether the optimization goal is violated is found by cal-
culating the Euclidean distance of the new features of em-
bedding between the fault data, but the embedding updates
the transformation each time; that is, the triplets that violate
the optimization target may be different each time. If the
triplet is reselected for each update, the training efficiency of
the algorithm will be greatly reduced. +ere are currently
two solutions to this issue.

(1) For each n iterations, traverse the triplets to calculate
the triplet loss on the latest training result until the
network converges or iterates to a stop, instead of
updating the triplets after each iteration.

(2) Update the triplet loss online. A small number of
triplets are selected to form a minibatch, in which all
positive fault pairs are selected according to em-
bedding at that time. +en, a negative fault that
satisfies the condition that the distance between xa

and xn is less than that between xa and xp is selected
in the negative fault group. After calculating the
triplet loss based on the above triplets, the embed-
ding is updated and repeated until the network
converges or the iteration stops.

+e composite fault of the gear and bearing faults in the
gearbox is taken as the research object of this paper, and the
deep metric learning model is established. +e model uses
triplet loss as a loss function to construct a network. It maps
features to Euclidean space and calculates the feature dis-
tance of similar samples and heterogeneous samples on
Euclidean space. +e closer the distance, the higher the
similarity. By continually optimizing the triplet loss, the
neural network continues to learn new features and bring the
distances of similar samples ever closer, while the distance of
heterogeneous samples increases.

Figure 3 shows the deep metric learning network model
designed in this paper. +e model consists of four layers
(input layer, deep network, triple layer, and loss function
calculation layer).

+e task of the deep network layer is to extract the
characteristics of the composite fault signal. +ere are many
network structures to choose from, such as the convolutional
neural network (CNN), long short-term memory neural
network (LSTM), and fully connected neural networks.

Negative

Anchor

Positive

Negative

Anchor

Positive

Learning

Figure 2: Triplet loss optimization goal.
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+e input forms corresponding to various networks are
shown in Figure 4.

+e literature [10, 19] shows that the effect of using the
time domain signal directly as input for network training is
not good. At the same time, the loss of the network cannot
converge when the time domain signal is used as input, and
the accuracy is only 30%. When diagnosing single faults of a
gearbox [20], network training using the frequency domain
signal as input data after fast Fourier transform achieved
good results.

+e composite fault signal is a nonstationary signal
whose frequency varies with time. It is more complex than a

single fault signal. It is difficult to accurately diagnose the
composite fault information in a gearbox using only the
frequency domain signal, which only extracts the compo-
nents of each frequency in the signal, and losses the time
information of each frequency. +erefore, two signals with
very different time domains may be the same as the
spectrum.

Consider a nonstationary signal as a superposition of a
series of short-term signals. In this paper, STFT [21] is used
to divide the signal into several time intervals. On the basis of
a traditional Fourier transform, the frequency spectrum is
calculated by a sliding time window, and the frequency in a
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Figure 3: Structure of the deep metric learning model.
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certain time interval is determined. +e time-frequency
description of the signal is carried out so that the time
information will not be lost. Assuming a nonstationary
signal St, the short-time Fourier transform of St is defined as

STFTs(t, w) � 
+∞

−∞
S(τ)h(τ − t)e

− iwτdτ, (4)

where t is the time translation parameter and h(t) represents
a window function centered on t, truncates the signal
through the window function, and divides the signal into
multiple segments.

+e intercepted signal can be expressed as

St � S(τ)h(τ − t), (5)

where St is a signal corresponding to the original signal for a
fixed time t, and S(T) is a signal whose execution time
corresponds to T. A Fourier transform of St is used to obtain
the spectrum of St:
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By changing the size of the translation parameter t, the
center position of the window function can be changed to
obtain Fourier transforms at different times.

A different spectrum is obtained at each time interval,
and the total of these spectra constitutes a time-frequency
distribution, that is, a spectrogram.

After the short-time Fourier transform of the signal, the
spectral energy relation of time t is

Psp(t, w) � St(w)
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As shown in Figure 5, the composite fault signal is
converted into a time-frequency diagram through STFTand
finally compressed to generate an 80× 80 image for input to
the network.

+e structure of a convolutional network layer directly
affects the effect of the network model, so the selection of
network structure parameters is particularly important.

Figure 6 shows the structure of the convolutional net-
work layer.

Table 1 shows the structural parameters adopted by the
convolutional neural network layer. +e network uses ReLU
as the activation function and a uniform distribution when
initializing network parameters. +e range is [−0.1, 0.1]. +e
network uses the Adam optimizer with the learning rate set
to 0.06. +e dropout is set to 0.5 to avoid overfitting on the
network.+is structure ensures that the network can learn as
many features as possible, and it prevents overfitting.

+e convolutional neural network layer is followed by a
triplet selection layer that shares the 32-dimensional features
of the convolutional neural network output and generates a
triplet for optimization. +is article takes the online update
of triplet loss mentioned in Section 3 to solve the triplet
selection problem. +e last layer is the loss function cal-
culation layer, which normalizes the characteristics of the

output through the L2 paradigm and finally calculates the
triplet loss.

Triplet loss is used as the loss function of the network
(hyperparameter margin� 1). With the minimized triplet
loss as the optimization goal of the network, the back-
propagation (BP) algorithm is used to continuously update
the weight of the neural network to train the optimal
features.

In the new trained feature space, the distance between
the data of different fault types is great, and the distance
between data of the same fault type is small [5, 22, 23].

3. Operation Process on Edge Equipment

Figure 7 shows a flowchart of training and fault diagnosis of
the deep measurement learning model based on triplet loss.

+e steps are as follows.
+e first step is sample collection. +rough the short-

time Fourier transform, the comprehensive fault data of
gearbox is converted into time-frequency diagram.

+e next is network training. +e frequency domain
signal is input to the network, and the deep network extracts
a feature of each point of fault data. With the Euclidean
distance between these features and the label of the fault
data, the model can select the triplet according to the second
scheme in Section 3 to calculate the triplet loss function. +e
network weights are updated by backpropagation and the
above steps are repeated until the network converges or the
iteration ends, saving the model parameters.

+e third step is diagnosis. At the end of model training,
forward propagation is used to obtain a feature of each fault
category, which is the template needed to diagnose the
unknown fault data. After deep network processing, the
unknown fault data can also get a feature. +e Euclidean
distance between the feature of unknown data and the
feature of the template can be calculated, and the minimum
value of the Euclidean distance can be selected.+e diagnosis
result can be obtained by comparing the minimum value
with the preset threshold.

+e fourth step is to obtain the diagnosis results. +e
threshold is set because the unknown fault data probably
indicate a completely new type of fault. Its characteristics are
far from the Euclidean distance of each feature in the
template, but the model selects a recent fault type as the
output. If the minimum value is greater than the threshold,
then the feature vector of the fault is stored in the template
library, the label is recorded as unknown fault 1, and the
diagnosis result outputs “unknown fault 1.” When the
unknown data of the fault type are encountered again, the
deep metric learning model can accurately diagnose it. If the
minimum value is less than the threshold, then the diagnosis
result is output as the fault category of the template closest to
the fault data (the smaller the Euclidean distance between
fault data features is, the more similar they are).

4. Experiment and Analysis

4.1. Data Preprocessing Based on EdgeDevices. Training deep
learning networks requires a large amount of data support,
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and the quality of training data directly influences the
output of the model. +is paper used the power trans-
mission fault diagnosis test bench (DDS) produced by
Spectra Quest as the research object (as shown in Figure 8).
When installing the acceleration sensor (SQI608A11-3F),
this study refers to the acquisition method of the bearing
data of Case Western Reserve University (http://csegroups.
case.edu/bearingdatacenter/home). +e acceleration sen-
sor was mounted on the left and right sides of the fixed shaft
of the gearbox by bolts (as shown in Figure 8 for sensors 1
and 2). +e sampling frequency was 20 kHz, and the
sampling time was 20 s.

+e research object of this paper is gearbox compound
fault. At present, there is no open dataset of compound fault.
+erefore, we refer to the collection process of bearing data
of Case Western Reserve University and carry out data
collection on the Drivetrain Dynamics Simulator (DDS) by

ourselves. If there is an appropriate open dataset, we will
conduct further research.

By replacing gears (e.g., those with missing teeth, broken
teeth, eccentricity, excessive wear, and cracks) and bearings
(inner ring fault, outer ring fault, rolling element fault, and
compound fault) in the gearbox, 30 kinds of faults that may
occur in the gearbox were simulated, as shown in Figure 9.
To simulate a more realistic production environment, ar-
tificial noise pollution was carried out by tapping the
gearbox or table with metal at random time, and the pol-
lution signal accounted for about 5% of the total signal.

+e picture of specific fault location and damage degree
is shown in Figure 10.

At the same time, to increase the diversity of the sample,
the speed was changed by controlling the driving motor of
the front end when collecting data; the load was changed by
controlling the load regulator, so as to simulate the type of
working conditions that could occur in actual production.
Each fault sample was collected at four motor speeds (1700,
1800, 3400, and 3800 rpm) and four loads (A, B, C, and D;
see Table 2 for the load voltage and current of each load).

+e time domain signals of the left and right channels
were collected under each working condition to obtain 960
vibration signal files (30 multifault combination types× 4
speeds× 4 loads× 2 channels). Each signal file contained
409,600 signal points.

+e vibration signal file was divided randomly, and the
409,600 points in each signal file were evenly divided into
200 segments of 2,048 points. In order to fully study the
recognition ability of the model, nine different data division
methods are developed in this paper; the division is shown in
Table 3.

In order to compare the diagnostic effect of convolution
neural network + softmax classifier and the depth mea-
surement learning model based on triplet loss, two kinds of
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Figure 5: Pretreatment results.
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Figure 6: Structure of convolutional neural network.

Table 1: Network structure parameters.

Layers Output size Parameter
Conv2d (None, 78, 78, 32) 320
Activation (ReLU) (None, 78, 78, 32) 0
max_pooling2d (None, 39, 39, 32) 0
Conv2d_1 (None, 37, 37, 64) 18, 496
Activation_1 (ReLU) (None, 37, 37, 64) 0
max_pooling2d_1 (None, 18, 18, 64) 0
Conv2d_2 (None, 16, 16, 128) 73, 856
Activation_2 (ReLU) (None, 16, 16, 128) 0
max_pooling2d_2 (None, 8, 8, 128) 0
Flatten (None, 8192) 0
Dense (None, 256) 2, 097, 408
Activation_3 (ReLU) (None, 256) 0
Dropout (None, 256) dropout� 0.5 0
Dense_1 (None, 32) 8, 224
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labels are made (the structure and parameters of convolution
network in the two models are identical).

(1) +e fault types were divided into 30 categories (five
bearing faults and six gear faults). We created labels
for training and test sets separately. +e label cor-
responding to softmax must encode the label of the
data. We used one hot encoding.

(2) +e fault types were divided into 30 categories (five
bearing faults, six gear faults, four loads, and four
speeds). We created separate labels for training and
test sets. +e label for entering the triplet loss was the
ones matrix.

5. Results and Discussion

5.1. Experimental Verification. +e data in Table 3 are input
into the diagnostic model of convolution neural net-
work + softmax classifier and the deep measurement

learning model based on triplet loss, respectively, for model
training (the structure and parameters of convolution net-
work are identical in the two models).

From the experimental results in Table 4, we can see that
the accuracy of the diagnostic model of convolutional neural
network + softmax classifier can reach 94.66% when the
percentage cut data (i.e., sufficient training data, including
various rotational speeds and loads) are normalized (i.e.,
Table 4, experiment 10), while the accuracy of the depth
measurement learning model based on triplet loss can reach
97.73%.

When using the data missing from a certain load to train
the network and using this load data for network testing
(experiments 2–5, 11–14), the two models can obtain higher
accuracy on the test set, but the deep measurement learning
model is still better [24–26].

When using the data missing from a certain speed to
train the network and using this speed data for network
testing (experiments 6–9, 15–18), we can see from Figure 11
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Figure 8: Power transmission fault diagnosis test bench.

Bearing
Gear

C5
1 ∗ C6

1 = 30 

Excessive
wear

Broken
teethOuter ring

fault

Inner ring
fault

Compound
fault

Rolling
element fault

Cracks

Missing
teeth

Normal
condition Normal

conditions

Eccentricity
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Figure 10: Bearing faulty bearings and gears. (a) Excessive wear. (b) Missing teeth. (c) Eccentricity. (d) Broken teeth. (e) Cracks. (f ) Outer
ring fault. (g) Inner ring fault. (h) Compound fault. (i) Rolling element fault.

Table 2: Type of load.

Load Current (A) Voltage (V)
A 0 0
B 0.37 4
C 0.56 6
D 0.75 8

Table 3: Segmentation of experimental data.

Dataset Segmentation method
Training set Test set

Total number of
samplesTypes of signals Number of

samples Types of signals Number of
samples

A Segmentation by
percentage Random 75% 144,000 Remaining

25% 48,000 192,000

B Segmentation by load B, C, D 144,000 A 48,000 192,000
C Segmentation by load A, C, D 144,000 B 48,000 192,000
D Segmentation by load A, B, D 144,000 C 48,000 192,000
E Segmentation by load A, B, C 144,000 D 48,000 192,000

F Segmentation by speed 1800, 3400,
3800 144,000 1700 48,000 192,000

G Segmentation by speed 1700, 3400,
3800 144,000 1800 48,000 192,000

H Segmentation by speed 1700, 1800,
3800 144,000 3400 48,000 192,000

I Segmentation by speed 1700, 1800,
3400 144,000 3800 48,000 192,000

Security and Communication Networks 9



Table 4: List of the highest test set accuracy achieved by each experiment.

Experiment Data Normalization
Accuracy of test set

Using softmax Using triplet loss
1 A No 0.93942 0.9611
2 B No 0.89214 0.9437
3 C No 0.90307 0.9489
4 D No 0.91742 0.9509
5 E No 0.92573 0.9593
6 F No 0.68717 0.8334
7 G No 0.67384 0.8376
8 H No 0.48658 0.8197
9 I No 0.38966 0.8168
10 A Yes 0.94668 0.9773
11 B Yes 0.91268 0.9615
12 C Yes 0.92335 0.9703
13 D Yes 0.93611 0.9756
14 E Yes 0.93282 0.9632
15 F Yes 0.68371 0.9124
16 G Yes 0.64178 0.9133
17 H Yes 0.50438 0.9098
18 I Yes 0.49335 0.9045
Underlined italic values indicate extreme cases in the experimental results, and they are explained in detail below.

Accuracy of training data
Loss of training data Loss of test data
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Figure 11: Accuracy of traditional network in experiment 10.
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Figure 12: Accuracy of deep metric learning model with different data.

10 Security and Communication Networks



that the diagnostic model of convolutional neural net-
work + softmax classifier produces serious overfitting phe-
nomenon, and the accuracy of the test set is very low.

But the deep metric learning model has strong gener-
alization ability. As shown in Figure 12, the model can still
obtain a high diagnostic accuracy even when some working
condition data may be missing in practical application. Even
in the experiment of missing motor speed data (experiments
15–18), it can achieve more than 90% accuracy.

+e basic reasons why themethod proposed in this paper
can achieve higher diagnostic accuracy are as follows:

(1) Vibration signals are transformed into time-fre-
quency diagrams by STFT, and the features of time-
frequency diagrams are extracted by convolutional

neural network; thus the frequency and time in-
formation of fault signals are effectively utilized. In
order to verify the capability of the proposed method
in feature extraction more intuitively, two different
kinds of fault signals (A and B) are randomly selected
and input into the network model with the highest
accuracy obtained in Table 4, experiment 10. +e
output features of convolution layer Conv2d and
convolution layer Conv2d_2 in Figure 6 are visu-
alized [27]. +e visualization results of the convo-
lution kernel of signals A and B are shown in
Figure 13.

(2) Using triplet loss to measure the distance between
different kinds of faults makes the distance between
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Figure 13: Feature visualization of faults A and B. (a) Input A. (b) Input B.
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similar fault features very close and that between
different fault features very far, which makes the
diagnosis more accurate and easier. However, the
traditional convolutional neural network + softmax
classifier model does not measure the distance be-
tween fault features. In order to prove that the model
can make the fault data feature meet the distance
between similar samples more and more close, at the
same time, the distance between different samples is
farther and farther [28]. Five fault types (A, B, C, D,
and E) are selected randomly in this paper. 1600 data
points (5∗1600� 8000 data) are selected randomly
for each fault type. Figure 14 shows the original
distribution of 8000 data points visualized by T-SNE.

Figure 15 shows the distribution of 8000 data points in
t-SNE visualization after processing by deep measurement
learning model.

6. Conclusions

In this paper, for the first time, the depth metric learning
model is used to diagnose the faults of inner bearings and
gears in gearbox at the same time, and the collected data are
segmented in different ways to simulate the situation of
missing some working condition data in practical applica-
tion, so as to verify the performance of the network model.
At the same time, the model of convolution neural net-
work + softmax classifier is constructed to compare and
classify. +e conclusions are as follows:

(1) When there is no missing data type, the depth metric
learning model can extract features adaptively when
dealing with complex faults of gearbox. +e diag-
nostic accuracy of complex faults can reach 97.73%,
which is higher than that of using convolution
network + softmax classifier model.

(2) When using the missing load data to train the
network and use the missing load data to test the
network, the accuracy of the convolution net-
work + softmax classifier model is still 97 + 0.6%,
while the accuracy of the convolution net-
work + softmax classifier model is only 92 + 1%.

(3) When using the data training network with missing
speed and using the missing speed data for network
testing, the convolution network + softmax classifier
model produces serious overfitting phenomenon,
and the accuracy of the test set is very low, only about
60%. However, the depth measurement learning
model has not been fitted, and the accuracy of the test
set is still higher than 90%.

(4) +e multifault dataset of gearbox collected in this
paper has certain research value and can be used to
evaluate the model for this kind of problem.

Data Availability

+is article refers to the collection method of CWRU bearing
data, sensor placement, etc., using Spectra Quest’s powertrain
fault diagnosis comprehensive test bench (Drivetrain Dy-
namics Simulator, DDS) as the test object to collect gearbox
compound fault data. +e storage address of the compound
fault data in the gearbox is https://pan.baidu.com/s/1zBJLV-
O5v6nS9rfjI6a5Kg and the extraction code is 286w.+ese data
include vibration signal data without any processing.
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