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Abstract. In recent years, the development of deep learning has made it more
and more used to solve the problem of fault diagnosis of gantry cranes and
achieved good results. However, the traditional fault diagnosis methods based on
deep learning rely too much on the collective quantity and specification of data,
and it is difficult to obtain the ideal generalization effect in the absence or very
little of standardless data. In order to solve this problem in the case of faultless
data, this paper proposes a fault diagnosis method for gantry crane trolley reducer
based on deep -convolution-conditioned generative adversarial network
(IDCNN-CGAN). Firstly, based on the conditional generative adversarial net-
work, this paper extracts the time-domain features of the open-source fault data
and generates labeled fault data to obtain a small number of initial fault datasets.
Secondly, this paper constructs a feature extractor based on the deep convolu-
tional neural network to realize the effective noise reduction of the vibration ac-
celeration data of the shipbuilding gantry crane upward trolley reducer. Finally,
based on the working data of a gantry crane, the effectiveness of the proposed
method is proved by comparing the diagnostic effects of the proposed method
and the two related algorithms.

Keywords: Conditionally generative adversarial networks; Deep Learning;
gantry crane; Troubleshooting

1 Introduction

As an integral part of gantry crane trolley reducer, the state of bearings can directly
affect the running state of equipment ['1. Bearings are widely used in gantry crane trolley
reducers, which often operate in severe working conditions such as high speed and
heavy load ). However, working in a harsh environment for a long time, the reducer
structure is easily affected by corrosion, wear and other factors, which leads to the fail-
ure of the reducer bearing, which in turn affects the normal operation of the gantry
crane. In view of this, according to international standards and related regulations, such
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as mechanical equipment inspection standards and gantry crane manufacturing stand-
ards, it is essential to regularly inspect and maintain the gantry crane trolley reducer.
These inspections include lubrication inspections, bearing wear inspections, etc., to en-
sure the safe operation of the gantry crane and prolong the service life of the reducer.

Traditional fault diagnosis methods are mainly based on physical signal processing
techniques, such as oil analysis [ and so on. These methods perform fault detection by
analyzing physical signals such as wear particles in the lubricating oil. However, the
traditional method has the limitation of relying on expert experience for feature selec-
tion and threshold setting, and it is also not suitable for gantry cranes under different
working conditions. In recent years, the fault diagnosis technology of gantry crane
based on deep learning has attracted much attention. These technologies use deep neu-
ral networks to automatically learn the complex features of the data and automate fault
diagnosis. Such as, Li!7 proposed a method that combines angular domain resampling
technology and deep convolutional neural network to diagnose the signal. Yan ¥ used
EMD method to extract the features of harbor crane bearing faults, and the fault diag-
nosis is carried out in combination with the support vector machine. These methods
achieve end-to-end fault classification by directly extracting the high-order features of
the original signal, and achieve good diagnostic performance.

However, the deep learning network needs a large amount of labeled fault data for
training, and, in practice, labeled samples are often too scarcity, and most are unlabeled
samples since the labeling task is time-consuming and laborious ), which seriously
limits the application of deep learning network in fault diagnosis. In order to solve this
problem, Scholars have proposed many methods, Matharaarachchi [!) proposed an En-
hancing SMOTE for imbalanced data with abnormal minority instances and the varia-
tional autoencoders (VAE) method commonly used by many scholars. Compared to
simple linear interpolation with SMOTE, CGAN generates samples that are closer to
the real data distribution through adversarial training, thereby avoiding issues related
to noise and invalid samples. Compared to VAE, CGAN typically produce more real-
istic samples and greater diversity. In addition, CGAN supports conditional generation
and is able to generate samples for specific categories, which is ideal for category im-
balance problems. Although difficult to train, CGAN's flexibility and ability to generate
multiple data types, such as images and text, make it a powerful tool for data augmen-
tation. the researchers proposed a method of data augmentation using conditional gen-
erative adversarial networks ['>!4, For example, Hu ['!l applied the deep conditional
generation adversarial network to the pipeline valve fault data for data expansion. Liu
[121 combined conditional generative adversarial network and deep convolutional neural
network for fault diagnosis. However, these methods still require a small amount of
labeled failure data when generating data. In actual industrial production, it is possible
to encounter missing fault data, which severely limits the application of these methods.

This paper proposes a new method. Firstly, the deep convolutional neural network
(171 is used to convert the vibration signal of the gantry crane bearing collected under
actual working conditions into feature tensors, so as to better extract the high-dimen-
sional features in the vibration data. Secondly, the vibration time domain features of
the open-source fault bearing dataset are selected, and the conditional generative ad-
versarial network is used to generate the fault feature tensor. Finally, the multi-layer
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perceptron is used for fault diagnosis, and the fault diagnosis of the gantry crane is
realized under the condition of no fault data. The results show that this method can
effectively improve the accuracy of bearing fault diagnosis under the condition of data
imbalance.

2 Gantry crane reducer bearing failure analysis

Gantry cranes are heavy manufacturing equipment, and the working scene is usually
located in harsh environments such as docks and storage yards, and may be affected by
storms, strong winds, extreme high temperatures, low temperatures and other bad
weather, as well as seawater erosion; At the same time, the continuous operation of
high intensity and variable load makes vulnerable parts such as gantry crane trolley
reducer more susceptible to damage. The schematic diagram of the reducer bearing is
shown in Figure 1, and the common damage of the reducer bearing is mainly divided
into three types: inner ring failure, outer ring failure, and rolling element failure, and
the details are shown in Table 1.

Rolling elements Inner ring
Outer ring Cage Seals

Seals

Fig. 1. Schematic diagram of bearing structure

Table 1. Common damage to reducer bearings

Fault number _ Fault type Causes Consequences

Crack 1 Inner ring failure This can be due to overload, im- It may lead to the
proper assembly insufficient lu-  degradation of the
brication, or a problem with the performance of the

quality of the bearing material. reducer bearing, the
Crack 2 Outer ring failure It can be caused by improper in- increase of noise,
stallation, external vibration, en- and even the dam-
vironmental corrosion, etc. age to the equip-
Crack 3 Rolling element failure It can be caused by surface dam- ment, affecting the
age, fatigue, overload, etc. production effi-

ciency.

These faults can lead to abnormal vibrations during bearing operation, which are
visually reflected in the vibration acceleration data, as shown in Figure 2:
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Fig. 2. Vibration acceleration data under different fault conditions

According to China's special equipment safety regulations and related standards, the
maintenance cycle of special equipment is generally based on the use of equipment and
the manufacturer's recommendations, so vulnerable parts such as shipbuilding gantry
crane trolley reducer need higher frequency maintenance than other equipment, which
is time-consuming and laborious, and by identifying the vibration acceleration data
when the bearing is running, it can accurately judge whether there is a fault, and can
greatly reduce the labor cost of the enterprise. Therefore, a trouble-free data gantry
crane trolley reducer fault diagnosis method based on IDCNN-CGAN was proposed.

3 Fault diagnosis algorithm of gantry crane trolley reducer
based on improved CGAN

3.1 The overall architecture of the algorithm

Due to the advantages of CGAN for supervised training according to feature conditions,
this paper uses the deep convolutional network to clean the data, build a generator and
discriminator, and optimize and improve the model and parameter settings according
to the characteristics of the dataset, and finally realize the generation of high-quality
fault data. The algorithm mainly includes three parts: (1) feature extractor: a deep con-
volutional neural network composed of three convolutional layers and one pooling
layer is adopted; (2) Conditional Generative Adversarial Network (CGAN): It is com-
posed of discriminant network D and generative network G. (3) Fault diagnosticator: a
multi-layer perceptron neural network composed of three fully connected linear layers.
The complete algorithm is shown in Figure 3.
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3.2 Feature extractor

The feature extractor is a IDCNN that contains three convolutional layers and three
maximum pooling layers. The input layer is a 1-dimensional tensor with two channels.
The first layer of convolutional layers outputs 16 channels, the second layer outputs 32
channels, and the third layer outputs 64 channels. Each convolutional layer is followed
by a ReLU '8 activation function. Each convolutional layer is followed by a maximum
pooling layer with a pooling kernel size of 2, as shown in Table 2 %2, The output of
the feature extractor is a representative, deep feature that reflects the health of the me-
chanical system. In this article, the input to the feature extractor is raw vibration accel-
eration data. Suppose the input is a normal signal x(t), consisting of many data points.
Normal signals are directly put into the extractor for deep feature extraction. After fea-
ture extraction, a low-dimensional depth feature set can be obtained, as follows:

fs@) = H(x (@)™ )
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H represents the nonlinear feature transformation in the feature extractor, and fs is
the extracted feature set.

Table 2. Feature extractor network architecture

Network layer Nucleus size Step Number of output
channels
The first layer of convolution 3 1 16
convl
ReLU activation layer
Pooling layer 2 2
The second layer of convolu- 3 1 32
tion conv2
ReLU activation layer
Pooling layer 2 2
The third layer of convolu- 3 1 64
tion conv3
ReLU activation layer
Pooling layer 2 2
33 CGAN

CGAN is composed of a generator and a discriminator, and the 16D time domain fea-
tures of the fault data need to be added as the condition of CGAN, which is the CGAN
algorithm in this paper.

16D Time-domain

characteristics

Fault features
" . Passed fault
Generators by the Discriminators
o features
generator

Real normal
: working
Noises characteristics

Fig. 4. CGAN architecture diagram

As shown in Figure 4 above. Generative Network G: is a deep feedforward neural
network consisting of four fully connected layers and activation functions. In addition,
the last layer uses the Tanh function to limit the output between -1 and 1. The function
of generating network G is to receive the input noise data, and use the forward propa-
gation algorithm of the network to generate data samples, and the data structure is a
two-dimensional matrix structure. The purpose of the training to generate the network
G is to learn the mapping relationship from the noisy hidden space to the sample data
X.
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From the loss function, it can be seen that its calculated value is related to the diag-
nostic result of the discriminator, which is also the inseparable place of the two pro-
cesses of generating the adversaria.

LG = —Ex~pg[D(x)]2" )

LG is the loss function of the generator G, E is the desired operator, x~pg is the
data sampled from the generator's generation distribution pg, and D (x) is the discri-
minant result of the discriminator of the generated data x, i.e., D(x) represents the
probability that the discriminator thinks x is the real data.

The goal of generator G is to maximize the probability of the discriminator D so that
D(x) is as close to 1 as possible, i.e., D(x) — 1. Therefore, the loss function of gener-
ator G is defined as the opposite of the probability expectation of its generated data x
deception discriminator D, i.e., —Ex~pg[D(x)]. By maximizing this loss, it is equiva-
lent to maximizing D (x), i.e., maximizing the probability that the deceived discrimi-
nator thinks that the generated data is real data. Therefore, the design of the generator
loss function makes full use of the idea of adversariality, and drives the generator to
generate more realistic data by adversarial with the discriminator. This is also the core
idea of generative adversarial networks. The Generator network architecture is shown
in Table 3.

Table 3. Generator network architecture

Network layer Enter size Outer size
Input layer Noise size (64*125) Noise size + condition size
Condition size:(12)
Fully connected layer 1 Noise size + condition 256
ReLU activation layer
Fully connected layer 2 256 512
ReLU activation layer
Fully connected layer 3 512 1024
ReLU activation layer
Fully connected layer 4 1024 (64*125)
TanH activation layer
Output layer (64*125)

Discriminant network D: is a deep feedforward neural network consisting of four
fully connected layers and activation functions. In addition, Dropout regularization is
used to mitigate overfitting. The final layer uses the Sigmoid function to output a prob-
ability score between 0 and 1, which is used to determine the authenticity of the input
data. The function of discriminant network D is to receive real data samples and gener-
ate data samples, and finally give the binary probability value of whether the data be-
longs to real data by using the forward propagation algorithm of the network, and take
the label with higher probability as the final judgment value. The discriminant network
D and the generative network G are trained in the state of mutual confrontation, and the
loss function of the discriminant network G is expressed as:
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L = Ex~Pg[D(x)] — Ex~Pr[D(x)] + AEx~P A w[(|IV*"xD("*x)||2 — DI'  (3)

The formula for the loss function of this discriminator network D is explained in
three parts as follows:

(1) Ex~Pg[D(x)]: where x~Pg represents sampling from the false sample distri-
bution Pg generated by generator G, and D (x) represents the probability that the dis-
criminator judges x as a real sample. This part represents the probability that the dis-
criminator expects the generator to judge the fake sample generated by the generator as
the real sample, and the discriminator should minimize this part, that is, reduce the
probability of judging the fake sample as the real sample.

(2) Ex~Pr[D(x)]: where x~Pr represents sampling from the real sample distribu-
tion pr, and D(x) represents the probability that the discriminator determines that x is
the real sample. This part of the term indicates the probability that the discriminator is
expected to judge the real sample as the real sample, and the discriminator should max-
imize this part, that is, increase the probability of judging the real sample as the real
sample.

(3) AE x~P w[(|IV*xD("x)||2 —1): V*xD("x) represents the gradient of the
sampling input x, this term indicates the degree of deviation of the discriminator gradi-
ent from 1, and the discriminator should minimize this term so that the gradient is as
close to 1 as possible to avoid the gradient disappearing or exploding.

In summary, the goal of the discriminator is to correctly distinguish between true
and false samples while maintaining a stable gradient. By confronting the generator,
the quality of the generated samples can be improved, bringing them closer and closer
to the real sample distribution. The generative network and the discriminant network
are improved together in adversarial learning, and finally the generative network G can
generate sample data with probability distributions very close to the real data distribu-
tion. Discriminator network architecture is shown in Table 4.

Table 4. Discriminator network architecture

Network layer Enter size Outer size

Input layer Noise size (64*125) Noise size + condition size
Condition size:(12)
Fully connected layer 1 Noise size + condition 1024
ReLU activation layer
Dropout layer
Fully connected layer 2 1024 512
ReLU activation layer
Dropout layer
Fully connected layer 3 512 256
ReLU activation layer
Dropout layer
Fully connected layer 4 256 1
Sigmoid activation layer
Output layer 1(Probability Value)
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The purpose of generating a network is to generate high-quality data that is close to
the real data distribution, which is used to confuse the discriminant network 2?1, The
discriminant network is continuously optimized to accurately distinguish between gen-
erated data and real data. In such an adversarial training process, the two networks op-
timize together, and finally the generative network can generate samples that are very
close to the real data.

34 Troubleshooter

The troubleshooter is an MLP (Multilayer Perceptron) and the loss function it uses is a
binary cross-entropy function, which is expressed as:

Loss(x, class) = —log(o(x)[class])*! 4)

where x is the predicted probability of the model output, class is the true class of the
sample (0 or 1), and o (x) is the sigmoid function to compress the probability between
0 and 1. For positive examples, we expect the probability to be close to 1, and negative
samples to be close to 0, and the cross-entropy loss function measures the difference
between this expectation and the output probability of the model. Troubleshooter net-
work architecture is shown in Table 5.

Table 5. Troubleshooter network architecture

Network layer Enter size Outer size
Fully connected layer 1 64*125=8000 512
ReLU activation layer
Fully connected layer 2 512 128

ReLU activation layer
Fully connected layer 3 128 2
Sigmoid activation layer

4 Experiments and evaluations

4.1 Dataset source

The experimental data in this paper comes from the 600-ton gantry crane operation data
acquisition system on the shore side of a shipyard in Shanghai, and the sensors of the
system are respectively arranged on the gantry crane on the three lifting mechanisms of
the pinion bearing seat near the reducer, the pinion bearing seat near the drum, the pin-
ion bearing seat, the large gear end, the reel distal bearing seat, the reducer low-speed
shaft end 1, the high-speed shaft end 1 of the reducer near the motor, and two sensors
of horizontal and vertical vibration acceleration are respectively arranged at each place.
The dataset used in this paper is the horizontal and vertical vibration acceleration data
of the near reducer of the pinion bearing housing of the three lifting mechanisms.
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The data acquisition system has a collection frequency of 1000 Hz, and the collected
data is stored in the MySQL database, and the collected dataset information is shown

in Table 6 and Figure 5.
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Fig. 5. Partial bearing vibration acceleration dataset

Table 6. Dataset information

Dataset category Dataset size
Normal datasets 3*800000*2
(Horizontal and vertical vibration acceleration of 800 seconds of
normal operation of three different lifting mechanisms)
Failure dataset 600000%2+100000*2
(Horizontal and vertical vibration acceleration for 600 seconds un-
der the fault state of the No. 1 hoisting mechanism and 1000 sec-
onds of horizontal and vertical vibration acceleration under the
fault state of the No. 3 hoisting mechanism.)

4.2  Model training

Training environment.

The algorithm is programmed using Python 3.9, and the development environment
uses Pycharm 2021 version. The deep learning framework uses Pytorch 2.0.1, an open-
source Python-based deep learning framework developed by Facebook Al Research
Labs and released in 2016. Pytorch provides flexible, easy-to-use deep neural network
building blocks with dynamic computational graphs for efficient model customization
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and debugging. At the same time, Pytorch provides highly optimized GPU support,
making model training and deployment very efficient.

The hardware environment is a mobile workstation, 13th Gen Intel (R) Core (TM)
19-13900HX, the GPU is NVIDIA GeForce RTX 4060, the workstation memory is 16
GB, the operating system is Windows 11 x64, and the training algorithm runs on the
GPU.

CGAN training.

In the experiment, 500 normal operation vertical vibration acceleration samples and
500 normal operation horizontal vibration acceleration samples collected every 0.5 sec-
onds are regarded as a normal operation unit, and 1600 normal operation units are used
to form a training set, which are first put into the feature extractor and converted into
1600 sets of feature tensor data. Since fault data needs to be generated based on condi-
tion data, the condition data required in this paper is fault condition data and needs to
be extracted from the fault data set. In this paper, the conditions for generators and
discriminators consist of 16 commonly used time-domain indexes, extracted from the
rolling bearing dataset in the CRWU Bearing Data Center. The time-domain metrics
manually extracted from the fault signal are the mean, standard, absolute, square root,
kurtosis, maximum, minimum, variance, skewness, peak-to-peak, pulse index, margin
index, kurtosis index, waveform index, peak index, and skewness. Table 7 lists the in-
dex names and formulas.

Table 7. Time-domain indexes

Index name Calculation formula

average value

5 =%gx(n)

The absolute value of the average

= st

kurtosis 1 & D
=—)> (x(n
/s N nz:;( (n))
minimum S, =min|x(n)]|
Skewness 1 & 3
=—)> (x(n
fr== Z( (n))
Pulse index B f6

fn—f3
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Kurtosis index

Peak Index

_
fo W)
/,

f15:72

Standard value 1 &
fr= \/—Z[X(n) -pT

N_l n=1
Square root value 1 &
fo= (WZ\” X(n)])’
n=l1
maximum f, =max | x(n) |

variance 1 &
fi==2 (x(m)y’
N n=1
Peak-to-peak fro=Je— 1
Margin index S

f12:74

Wave exponent f2

f14:73

Skewness index f f9
6= 3
(fe)’

Put it into CGAN, set the batchsize to 10, train a total of 1000 rounds, generate fault
data, label different types of faults, and save the generated data. The training results are
shown in Figure 6.
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In order to further demonstrate the quality of the data generated by CGAN, this paper
uses RMSE (Root Mean Square Error, which represents the sample standard deviation
of the differences between predicted values and observed values, known as residuals.
RMSE is used to illustrate the degree of dispersion of the samples. When performing
nonlinear fitting, a smaller RMSE is preferable) and MAE (Mean Absolute Error, which
indicates the average of the absolute errors between predicted values and observed val-
ues) to evaluate the quality of the generated data.

From the perspective of generator and discriminator loss values, the performance of
the CGAN model is relatively good: firstly, the generator and discriminator loss values
remain stable during the training process, which indicates that the performance of the
model is consistent in different training rounds. Secondly, the generator and discrimi-
nator loss values are low, which indicates that the model can produce realistic data to
deceive the discriminator. Finally, the difference between the generator and discrimi-
nator loss values is small, indicating that the performance of the generator and discrim-
inator is relatively balanced. Overall, the CGAN model performed well during training
and was able to produce high-quality synthetic data, with Figure 7,8,9 showing some
of the failure data generated by the CGAN model.
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Troubleshooting training.

After CGAN successfully generates the fault dataset, the feature tensor of the normal
operation data is combined with it to form a training set. Put it into the troubleshooter
for training, and save the trained neural network. Troubleshooter training loss value is
shown in Figure 10.
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Based on the loss values of each generation, we can conclude that the troubleshooter
exhibits good convergence, i.e., the loss function gradually decreases during training.
In addition, the test loss is also low, indicating that the model performs well on the test
data. Therefore, the troubleshooter can be considered to perform well in training.

4.3 Controlled trials

Introduction to Comparison Algorithms.

CNN-BiLSTM-CrossAttention Model

The CNN-BiLSTM-CrossAttention model extracts the global features of the fre-
quency domain features of the one-dimensional fault signal through FFT transformation
and the time domain features of the signal itself through CNN convolutional pooling
operation, and then extracts the time series features through BiLSTM, and uses the
cross-attention mechanism to fuse the features of the time domain and frequency do-
main, and calculates the attention weights to make the model pay more attention to the
important features and then carry out feature enhancement fusion. Finally, the classifi-
cation results are output through the fully connected layer and softmax.
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One-dimensional fault signal recognition model based on TCN-CNN parallelism

The input data dimension of the one-dimensional fault signal recognition model
based on TCN-CNN parallel is [32, 1, 1024], and its principle is to first send the data
into the CNN network for 1d convolutional pooling, and at the same time, the signal is
sent to the TCN layer to extract the time series features, and finally the spatial features
and time series features are fused, and finally the fully connected layer and softmax are
sent to the fully connected layer and softmax for classification.

CNN Model

Convolutional Neural Networks (CNN) are a type of deep learning model, with the
core structure of CNN including convolutional layers, pooling layers, and fully con-
nected layers. The convolutional layer performs local feature extraction on the input
signal through filters (convolution kernels), capturing key patterns within the signal;
the pooling layer reduces data dimensions through down-sampling, enhancing the ro-
bustness of the model; the fully connected layer maps the extracted features to fault
classification results. In bearing fault diagnosis, CNN can effectively identify the health
status and fault types of bearings by extracting features from vibration or acoustic sig-
nals.

Algorithm comparison
Table 8 shows the number of training samples used by each model.

Table 8. The number of training samples for each model

Diagnostic methods Normal sample size  Number of fault samples
CNN-BiLSTM- 100 400
CrossAttention

One-dimensional fault signal 100 400

identification model based on
TCN-CNN parallelism
Method of this article 100 0
CNN Model 100 400

As shown in Figure 11, the average diagnostic accuracy of the CNN-BiLSTM-
CrossAttention model is 99.7%, and the diagnostic training duration is 754 seconds.
The diagnostic success rate of the proposed method is 100%, and the diagnostic training
duration is 425 seconds. The diagnosis success rate of the one-dimensional fault signal
recognition model based on TCN-CNN parallel is 97.9%, and the diagnostic training
time is 863 seconds. the average diagnostic accuracy of the CNN Model is 48%, and
the diagnostic training time is 1057 seconds.

In terms of the accuracy of fault diagnosis of different methods, the diagnostic accu-
racy of the three methods is very high, and the diagnostic accuracy of the method pro-
posed in this paper is the highest 100%. Secondly, the method proposed in this paper
requires the shortest training time, which is 425 seconds. At the same time, considering
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that the method proposed in this paper can be diagnosed without fault data, it is con-
cluded that the method proposed in this paper has better performance than the other
three methods and is the most suitable for the application of industrial scenarios.

ACC Of Each Methods

0.8

e CNN Model
=== CNN-BiLSTM-CrossAttention model
Method of this article

One-dimensional fault signal identification model based on TCN-CNN parallelism

Fig. 11. ACC Of Each Methods

4.4  Results discussed

Based on the conditional generative adversarial network, this paper proposes a new
feature generation network to try to solve the problem of trouble-free data. The ad-
vantages of the proposed method can be summarized as follows:

First, due to the high complexity of the vibration signal and the instability of the
CGAN model, training such a model for fault diagnosis using raw vibration data is
time-consuming, difficult, and ineffective. To this end, an additional feature extractor
is constructed to reduce the dimension and learn representative features, so the noise in
the original data is eliminated, thereby improving the success rate of fault diagnosis.

Secondly, in order to solve the practical problem of trouble-free data in gantry crane
operation in industrial production, this paper tries to collect the time-domain features
of the fault dataset in the open-source data as a condition to generate simulated fault
samples, and selects the most appropriate time-domain feature number after compari-
son, so as to efficiently generate the fault feature tensor and solve the problem of fault-
free data.

Despite the advantages, there are some disadvantages. Firstly, the proposed method
requires the time-domain features of the fault data as the condition, and the acquisition
of these time-domain features needs to rely on public datasets, and it is difficult to ob-
tain time-domain features if there is a lack of public datasets in a certain field. In addi-
tion, debugging critical parameters that have a significant impact on network perfor-
mance is time-consuming and difficult.
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5 Conclusion

In recent years, the rapid development of deep learning technology has led to its wide-
spread application in the field of fault diagnosis for gantry cranes. However, traditional
deep learning fault diagnosis methods rely on a large amount of labeled fault data,
which is often scarce or difficult to obtain in actual industrial scenarios, limiting their
application. This study proposes an intelligent algorithm based on Conditional Gener-
ative Adversarial Networks (CGAN) to generate operational fault data for gantry
cranes, addressing the issues of insufficient training data and dataset imbalance. The
main contributions and industrial application value of this study are summarized as fol-
lows:

(1) Improve the accuracy and efficiency of equipment fault detection

In view of the large amount of noise in the vibration acceleration data of gantry
cranes, this study proposes a feature extraction method based on Deep Convolutional
Neural Network (1IDCNN), which converts the original signal into feature tensors, so
as to reduce the impact of noise and improve the accuracy of fault diagnosis. This im-
provement can effectively reduce the false positive rate and reduce the risk of false or
missed detections of equipment.

(2) Enhance the applicability of data-driven approaches to industrial applications

In this study, the supervised training characteristics of CGAN were used to extract
the time-domain features and generate realistic fault data by combining the open-source
bearing fault dataset. Experiments show that the proposed method can achieve high-
precision fault diagnosis without fault data. This is critical for real-world industrial sce-
narios, especially in the absence of historical failure data, and provides an effective
solution for data-driven equipment health management.

(3) Promote the integration and application of intelligent O&M systems

This method can be integrated into intelligent O&M systems for real-time health
monitoring and predictive maintenance of gantry cranes. Combined with existing In-
dustrial Internet of Things (IIoT) platforms, the generated fault data can be used to train
and optimize online monitoring systems, improving fault identification capabilities. In
addition, this method can also be combined with other Al-based O&M platforms (such
as CMMS or intelligent diagnostic software) to achieve automatic fault detection and
early warning, reduce manual intervention, and improve equipment maintenance effi-
ciency.

(4) Reduce maintenance costs and increase equipment reliability

Traditional maintenance methods rely on regular inspections and empirical judg-
ments, which have high maintenance costs and downtime risks. The fault diagnosis
method proposed in this study can effectively reduce unnecessary maintenance man-
hours, optimize maintenance plans by predicting possible failures in advance, thereby
reducing unplanned downtime and improving the reliability and service life of equip-
ment.

Although this method achieves high accuracy in fault diagnosis without fault data,
there are still some limitations. For example, the method relies on open-source datasets
to extract time-domain features, and there may be a lack of applicable public data in
specific industrial environments. In addition, the adjustment of key parameters of
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CGAN is still complex and needs to be further optimized. Future research may consider
extending to different types of crane equipment and combining with other generative
models such as diffusion models or variational autoencoders to further improve the
quality of generated data and the adaptability of the models. In conclusion, this study
provides an innovative solution for the intelligent fault diagnosis of gantry cranes,
which can achieve efficient and accurate fault detection and predictive maintenance in
the case of unbalanced or even missing data, which is of great practical significance for
intelligent manufacturing and industrial equipment management.
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