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Abstract - Addressing the complex structure of the rolling mill gearbox, challenges in fault signal
identification, and the lack of clarity in fault location classification, a fault diagnosis method that
fuses features from a multi-channel two-dimensional convolutional neural network (MC2DCNN)
and a long short-term memory neural network (LSTM) is proposed. Furthermore, a three-channel
hybrid coding two-dimensional sample structure is designed to achieve fault identification and
classification, enabling adaptive classification of typical gearbox faults. This model integrates the
vertical, horizontal, and axial vibration signals of the gearbox to construct the input sample, thereby
encompassing more state information than traditional single-channel signals. Ultimately, fault
identification and classification for gear and gearbox malfunctions are conducted using both an
industrial test platform and existing experimental data. The results demonstrate that the model can
accurately identify the typical faults of gearbox tooth surface wear, root cracks, broken teeth, and
pitting on the tooth surface, achieving an accuracy of over 97%. In comparison to single-channel
signals, the classification samples constructed through multi-channel signal hybrid coding
significantly enhance the neural network's classification accuracy. A vast amount of industrial and
experimental platform data verifies that the proposed intelligent diagnosis method outperforms
traditional methods in terms of classification and recognition accuracy.
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INTELLIGENT FAULT DIAGNOSIS OF THE GEARBOX FOR A HIGH-

data.

1. Introduction

As the core component of the high-precision
rolling mill, the gearbox inevitably sustains various
faults or damage during operating under complex
and harsh conditions, including prolonged exposure
to high speed, heavy load, and high temperature [1].
Due to the complexity of the rolling mill gearbox's
service environment, the fault information of key
components is often drowned out by strong noise,
leading to a low signal-to-noise ratio in the collected
gearbox vibration signal [2]. Furthermore, the
intricate internal structure of the gearbox, coupled
with the interconnected vibration response of each
component and variable transmission paths,
contributes to the lack of high diagnostic efficiency
and accuracy in existing diagnostic methods [3]. The
fault formation process frequently leads to the
emergence of non-stationary phenomena, rendering
existing technologies incapable of providing
sufficient time between warning and failure to
implement safety procedures. This often results in
false alarms and wunnecessary downtime for
maintenance. To ensure the high efficiency and safe

operation of the mill gearbox, it is imperative to
accurately assess the gearbox's running state,
implement predictive maintenance, and thereby
guarantee the safe and stable operation of the entire
equipment [4].

With the rapid advancement in computer and
sensor technology, the fault diagnosis technology for
the rolling mill gearboxes has gradually evolved to
achieve automatic diagnosis. This, in turn, has led to
the emergence of the theories of comparative
analysis and fuzzy analysis. This evolution has
significantly enhanced the efficiency and accuracy of
fault detection in rolling mill gearboxes [5,6]. For
example, Muralidharan et al. [7] employed fuzzy
theory-based fault diagnosis technology for
classification,  successfully achieving feature
extraction and automatic classification of centrifugal
pump faults. However, while these methods
theoretically achieved high diagnostic accuracy, they
exhibited poor robustness and insufficient
adaptability, making them impractical for complex
conditions of large equipment [8]. Then, some
algorithms, such as empirical mode decomposition,
have been introduced, however, there are still some
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problems including limited self-adaptability, a large
amount of calculation, and an imperfect
mathematical theory, which cannot produce a set of
stable and accurate gearbox fault diagnosis models
[9-11]. At present, research on the intelligent
diagnosis of gearbox faults includes acoustic
emission detection, oil detection, current detection,
and vibration detection [12]. Among these, vibration
detection has emerged as the mainstream due to its
advantages of convenience, reliability, and non-
destructive testing. For example, Saxena et al. [13]
captured the vibration signal of the gearbox using an
acceleration sensor and constructed health
indicators to complete the condition monitoring of
the gearbox. McDonald et al. [14] proposed a method
based on maximum  correlation  kurtosis
deconvolution for detecting gearbox gear and
bearing faults from vibration data, and proved that it
performed well on computer equipment,
demonstrating the feasibility of the method. Lei et al.
[15-18] built fault diagnosis models for different
parts of the gearbox based on gearbox transmission
mechanisms and data simulation. They proposed a
series of methods for vibration signal noise
reduction, feature extraction, feature enhancement,
and fault classification, addressing a significant
number of problems in the field of gearbox fault
diagnosis. Feng et al. [19-21] established vibration
signal models for different parts of the gearbox
under varying working conditions. They explained
the frequency components and natural frequency
offsets of each additional signal. They identified
gearbox faults using algorithms such as empirical
mode decomposition and adaptive multi-scale linear
frequency modulation wavelet decomposition, and
verified their feasibility through experiments.

With the increasing development of deep
learning algorithms, scholars have harnessed the
power of big data and deep learning to accomplish
adaptive fault feature extraction and accurate state
recognition, thereby greatly improving the fault
diagnosis robustness of complex rolling mill gearbox
equipment and overcoming the limitations of
traditional methods [22]. For example, Hu et al. [23]
proposed an intelligent fault diagnosis method for
planetary gearbox fault diagnosis, which utilizes
empirical mode decomposition and a deep
convolutional neural network. This method achieved
higher fault identification accuracy compared with
the traditional particle swarm optimization neural
network algorithm. Zare et al. [24] employed multi-
channel convolutional neural networks to create
fault databases for the purpose of wind turbine fault
diagnosis. The obtained time-domain signals were
depicted as time-frequency images for wind turbine
fault diagnosis, greatly improving the diagnostic
accuracy. Azamfar et al. [25] integrate multiple
current signals and directly use them for
classification, without manually extracting and
analyzing fault features. This approach has certain

advantages for the diagnosis of minor faults.
Convolutional neural networks (CNNs) and CNN-
based transfer learning have become important tools
for accurate fault diagnosis of key parts of
mechanical equipment due to their advantages of
high computing speed and recognition accuracy [26-
28].

In summary, the fault diagnosis of rotating
machinery equipment, such as rolling mill gearboxes,
typically follows two approaches: mechanism
analysis and data-driven analysis. Mechanism
analysis, a traditional method, primarily relies on
mechanism modeling, simulation analysis, and other
techniques to infer the precise location of a fault.
This approach often hinges on the sound analysis of
experienced technicians. Alternatively, data-driven
analysis is an adaptive approach that leverages
statistical data from signals like vibration, current,
and temperature. It combines signal processing
techniques such as time-domain, frequency-domain,
and time-frequency domain analysis with neural
network models. This method circumvents the need
for manual intervention and exhibits immense
potential in the realm of equipment fault diagnosis.
Although a lot of achievements have been made in
the existing research on gearbox fault diagnosis
algorithms, theoretical models, feature extraction,
and weak fault recognition, there are still few
research results on the fault diagnosis of mill
gearbox vibration signals due to the poor operating
environment, complex structure, and strong noise
interference. As a result, traditional pre-inspection
and post-maintenance methods remain the primary
approach in the rolling production process.
Therefore, in this paper, a MC2DCNN model is
proposed to realize fault classification for each
component of a rolling mill gearbox. Additionally, the
LSTM model is integrated to address the issue of
gradient vanishing, which occurs when gradients
explode in recurrent neural networks. Finally, using
industrial and laboratory data, the accuracy of the
fusion model is verified, thus completing intelligent
fault diagnosis of rolling mill gearboxes from the
perspectives of signal noise reduction, purification,
and feature classification.

2. The Structure of the MC2DCNN-LSTM
Model

In this section, the MC2DCNN model is designed to
achieve fault classification for the key components of
the rolling mill gearbox. The folding mode of
vibration signals has been improved for input
sample generation. Instead of generating input
samples by simply cutting and folding single-channel
signals, the vertical, horizontal, and axial vibration
signals of the gearbox bearing seat are used as input
samples. The vibration signals from these three
directions are constructed into a two-dimensional
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sample data set containing three-channel
information. The three-channel data undergo
interleaved and differential line recombination to
construct the input sample. This ensures that the
data in the local receptive field can extract both the
time sequence information of vibration signals in the
horizontal direction and the vibration information in
different directions simultaneously in the vertical
direction, thereby improving the accuracy of fault
classification. The structure of the MC2DCNN
network model is shown in Figure 1.
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Figure 1: The Structure of the MC2ZDCNN Network
Model

The CNN model is a type of feedforward neural
network that incorporates convolutional
computation. It is typically composed of a
convolutional layer, a pooling layer, a fully connected
layer, and an output layer. The purpose of the
convolutional and pooling operations is to reduce
the number of calculation parameters in the network
model by sharing local receptive fields and weights,
while decreasing the risk of overfitting and
increasing calculation speed. The fully connected
layer and the output layer then perform the feature
classification task, similar to that of typical fully
connected neural networks. The basic structure of a
convolutional neural network is depicted in Figure 2.
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layer layer Connection ~ Output
layer layer

Figure 2: Structure of convolutional neural network

The design includes a convolutional neural
network structure with a three-channel hybrid
encoding approach, as illustrated in Figure 3. This
approach generates sample data by interleaving the
vibration signals from the horizontal, vertical, and
axial directions at the bearing seat of the rolling mill
gearbox. In this structure, the convolution kernel
size is set to 3x3 to ensure that, as the convolution
kernel traverses the input samples, it extracts the
relationships within the time series of the vibration
signals in the horizontal direction, while also

capturing the relationships between the vibration
signals in the vertical direction within the same
temporal channel.
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Figure 3: Three-channel hybrid encoding sample
structure

The stride of the convolution kernel, when
selected to be less than 3, will result in the local
receptive field extracting information that comprises
the first segment of the horizontal signal, the first
segment of the vertical signal, and the second
segment of the axial signal. This clearly does not
meet the requirement of a 2D CNN model, which is to
extract vibration information from different
directions at the same instant for the rolling mill
gearbox. To address this issue, a sample padding
method, inspired by zero-padding, is proposed. This
method utilizes zeros to separate each group of
three-channel signals. The specific structure is
illustrated in Figure 4.
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Figure 4: Three-channel Hybrid Padding Sample
Structure

The proposed MC2DCNN model in this paper
selects cross-entropy as the cost function to evaluate
the error between the true values of the samples and
the output results of the model. A Softmax linear
output layer is employed to achieve the final
classification of rolling mill gearbox faults. The Adam
optimizer is utilized to update the parameters of the
entire network until the predetermined training
iterations are reached. @ The  constructed
convolutional neural network model comprises
three sets of convolutional, pooling, and batch
normalization layers, a fully connected layer, and a
Softmax classifier. The training parameters and
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model structure parameters of each layer are
presented in Tables 1 and 2.

Table 1. Training parameters of the MC2ZDCNN model

Parameter Output feature scale

rate 0.001

Number of iterations 2600
Convolution kernel size 3x3
Depth of convolution kernel 1 36
Depth of convolution kernel 2 72
Depth of convolution kernel 3 288
The size of the sample core 2x2

Sample the step size of the 9
nucleus

Table 2. Structural parameters of the MC2ZDCNN

model
Output feature
Network layer Parameter
scale
Input layer 2D sample 100x100
Convolution 3x3 convolution nuclei
36x100x100
layer 1 with step size 1 (36) et
Pooling layer 1 22 .samplmg.kernel 36x50x50
with step size 2
Convolution 3><3? convolu.tlon nuclei 79%50x50
layer 2 with step size 1 (72)
Pooling layer 2 2x2 .samplmg.kernel 72x50x50
with step size 2
Convolution 3x3 convolution nuclei
288x25x25
layer 3 with step size 1 (288) e
Pool layer 3 2x2 sampling kernel 288x13x13
with step size 2
Fully connected Neuron 48672
layer
Hidden layer Neuron 275
Softmax classifier Neuron 5

The 2DCNN model, based on horizontal, vertical,
and axial three-channel samples of gearboxes,
achieves a high accuracy in fault classification.
However, this sample construction method still
necessitates segmenting continuous signals, and the
segmented signal fragments maintain temporal
continuity. By integrating an LSTM model into the
MC2DCNN model structure, issues such as gradient
vanishing or gradient explosion, which are prone to
occur in RNNs, are addressed through mechanisms
like input/output gates and forget gates. The
MC2DCNN-LSTM model utilizes the convolution and
pooling operations of 2DCNN to reduce the
dimensionality of features from the three-channel
vibration signals of rolling mill gearboxes.

These features are then fed into the LSTM network
layer, and the final classification of rolling mill
gearbox faults is completed using a Softmax linear
output layer. Finally, the Adam optimizer is used to
update the parameters of the entire network until
the predetermined number of training iterations is
reached, and cross-entropy is employed as the cost
function to evaluate the error between the true
sample values and the model's output results. The
construction process of this model structure is
depicted in Figure 5.
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Figure 5: The construction process of MC2ZDCNN-LSTM
model structure

The intelligent fault diagnosis of rolling mill
gearboxes based on the MC2DCNN-LSTM model can
be divided into four steps: acquisition and division of
three-channel signals, structural design of the
MC2DCNN-LSTM model, creation of input samples,
and fault classification of rolling mill gearboxes using
the MC2DCNN-LSTM model. The diagnosis process is
illustrated in Figure 6.
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Figure 6: Diagnostic process
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(1) Acquisition and Division of Three-Channel
Signals: Acceleration sensors are used to acquire
vibration signals from the horizontal, vertical, and
axial directions of the rolling mill gearbox. An equal-
length window is employed to segment and
determine the signal length.

(2) Creation of Input Samples: The input samples
are constructed using a three-channel mixed
encoding sample structure, and a labelled sample
dataset is created accordingly.

(3) Structural Design of the MC2DCNN-LSTM
Model: The diagnostic model structure is shown in
Figure 7. The model utilizes the cross-entropy loss
function and the Adam optimizer for gradient
descent. The LSTM2 regularization parameter is set
to 0.0001, the initial learning rate is 0.01, the
learning rate decay factor is 0.1, and the model
undergoes 30 rounds of training with 40 iterations
per round, totalling a maximum of 1200 iterations.
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ReLU 1 | Classification I
Imput layer - Sequence LSTM layer
folding lamination Output layer
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Figure 7: The construction process of MC2ZDCNN-LSTM
model

3. Experimental Platform
3.1 Industrial Test Platform

To validate the effectiveness of the proposed fault
diagnosis model in this paper, we collected vibration
signals from the rolling mill gearbox in actual
production for verification. The industrial
experimental platform for rolling mill gearbox fault
diagnosis is depicted in Figure 8. Utilizing gigabit
Ethernet communication and switch expansion, a
single computer can achieve parallel and
synchronous testing and analysis of multi-channel
dynamic signals. Alternatively, a USB 3.0
communication interface can be employed. This
platform is capable of simultaneously collecting
vertical, horizontal, and axial signals from the
gearbox, and it permits the setting of test
parameters. Based on the constructed dataset of
three-channel mixed encoding samples from the
gearbox's horizontal, vertical, and axial directions,
the proposed algorithm in this paper was utilized to
train and classify the samples. Similarly, continuous
training was performed 10 times based on randomly
dividing the dataset into training and testing sets.

: -
Test point#

Figure 8: Industrial test bench for gearbox fault
diagnosis of rolling mill. (a) Test system for industrial
plat-form; (b) Acquisition instruments for industrial
platform; (c) Distribution of measuring points on the
gearbox; (d) Distribution of measuring points in three
directions on the gearbox

3.2 Laboratory Test Platform

The failure of critical components in gearboxes
does not occur only on gears; 20% of failures
originate from the internal bearings. The failure
modes of bearings mainly include the failure of the
inner and outer rings, rolling elements, and cages.
Therefore, to validate the effectiveness of the
proposed algorithm model in diagnosing all types of
gearbox faults, this section designs a classification
experiment that incorporates common faults of gears
and bearings. The experimental data come from the
dynamic simulator of the transmission system at
Southeast University [29], as shown in Figure 9. It
includes eight types of fault data for bearings and
gears, with each type consisting of eight signal
sources. These signals originate from the motor, the
horizontal, vertical, and axial directions of the
planetary gearbox, the motor torque, and the
vibration signals from the horizontal, vertical, and
axial directions of the parallel gearbox. The system
comprises a motor and a motor controller.

The sampling frequency of the sensors is 2000Hz,
with 500 sets of samples for each fault type, including
9 fault types (including the normal state), totaling
4500 sets of samples. Among them, 3600 sets are used
as training samples, and 900 sets are used as testing
samples. On average, the training set for each fault
state includes 400 sets of samples, and the testing set
includes 100 sets of samples. Each sample contains
three vibration signals from the horizontal, vertical,
and axial directions of the gearbox under a certain
state. Each signal segment contains 2000 sampling
points, so each sample contains a total of 6000
sampling points and 4000 padding points.
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Figure 9: Experimental platform for gearbox total
fault data

4 Results and Discussion
4.1 Analysis of Gear Fault Intelligent
Diagnosis Results

Based on the constructed dataset featuring tri-
channel hybrid encoded samples in the horizontal,
vertical, and axial directions of the gearbox, the
algorithm proposed in this paper was used to conduct
training and classification experiments. Similarly, by
randomly dividing the dataset into training and
testing sets, 10 consecutive training sessions were
conducted. The progress of one such training session
is illustrated in Figure 10, and the accuracy rates for
all 10 training and classification sessions are
presented in Table 3.

(@) 100

Accuracy rate (%)

0 200 400 600 800 1000 1200
Number of iterations

G5
"

Amount of loss

0 200 400 600 800 1000 1200

Number of iterations
Figure 10: Model training progress. (a) Accuracy of
the training set; (b) Loss of training set

Table 3. Accuracy of the training set
Test rounds Accuracy rate
96%
98.6%
94.8%
96.8%
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94.4%
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95.8%
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97%
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From the accuracy rates of the test set shown in
Table 3, compared to the MC2DCNN fault diagnosis
model, the proposed MC2DCNN-LSTM fault diagnosis
model has improved the average accuracy of the test
set from 93.0% to 95.94%. Ob-serving the confusion
matrix generated by the model in Figure 11, although
some samples of label 1 (gear tooth breakage) and
label 3 (tooth root crack) are still the main form of
misclassification, there is a significant improvement
compared to the MC2ZDCNN model. This indicates that
the fault classification ability of the MC2ZDCNN-LSTM
neural network, which combines the temporal
memory capabilities of LSTM with the powerful
feature extraction abilities of 2DCNN, has been
significantly enhanced compared to the MC2DCNN
model. The accuracy rates of the 10 randomly trained
test sets are shown in Figure 12.
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Figure 11: Confusion matrix of 10-round training test
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To verify the advantage of the proposed
MC2DCNN-LSTM neural network model in fault
diagnosis accuracy, apart from the MC2DCNN model,
a single-channel 2DCNN-LSTM model was also
compared. While ensuring that the structure and
parameters of the model were consistent with the
MC2DCNN-LSTM model, the dataset samples were
constructed solely by folding the vertical vibration
signal sequence at the gearbox bearing seat into a 2D
matrix. The training set and test set for this model
were also randomly divided and run 10 times. The
accuracy rates of the test set are shown in Table 4,
and the confusion matrix of the classification results
is presented in Figure 13.

Table 4. Accuracy of the training set
Test rounds Accuracy rate
90.8%
93.2%
83.4%
85.2%
92.2%
87%
95%
92.4%
90.8%
92.2%
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Based on the results of the test set accuracy, the
model based on single-channel vibration signals
exhibited a significantly lower average accuracy
compared to the MC2ZDCNN-LSTM model that fused
three-channel vibration signals. The average ac-
curacy of the 10 tests was only 89.22%, and the test
set accuracy varied significantly with different
randomly divided training and test sets. This further
proves that the classification performance of the
neural network has been significantly improved
after introducing the multi-channel mechanism. The
comparison of the test set accuracy results of the
three models is shown in Figure 14.
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Figure 13: Confusion matrix of 10-round training test
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Figure 14: Accuracy rate of 10-round training test

By comparing the experiments between the
MC2DCNN model and the MC2DCNN-LSTM model, it
can be observed that the accuracy of the test set has
been significantly improved after optimization with
LSTM.
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The MC2DCNN-LSTM model, compared to the
MC2DCNN model, incorporates the temporal
relationship of signals, enabling it to contain more
fault information and extract effective information
more comprehensively, thus achieving higher fault
diagnosis accuracy. From the comparison between
the 2DCNN-LSTM model and the MC2DCNN-LSTM
model, it can be seen that the introduction of the
multi-channel vibration signal convolutional sample
structure in the MC2DCNN-LSTM model greatly
increases the effective information of the samples
and reduces the impact of single-channel
interference information. This results in a significant
increase in the average accuracy of the test set of the
MC2DCNN-LSTM model compared to the 2DCNN-
LSTM model.

4.2 Review Stage using IEEE Author Portal

The vibration signals of the gearbox in three
directions: horizontal, vertical, and axial, are selected
for this section. The division of the training set and
test set as well as their corresponding labels are
presented in Table 5. Figure 15 illustrates the
vibration acceleration signals in the horizontal,
vertical, and axial directions of a parallel gearbox
under the condition of a tooth root crack.

Table 5. Gearbox data set
Class tag

Fault type

Bearing rolling element 1
fault

Tooth surface wear

Bearing cage fault

Health state

Inner ring fault

Gear missing teeth fault

Outer ring fault

Root crack fault

O| 0 N O] 1| »| W N

Root pitting fault

The vibration signals are all structured into
matrices according to a three-channel hybrid
encoding method, where each matrix represents a
labeled sample. A dataset is created by compiling all
the sample signals, and the training set and test set
are divided based on Table 5. The processed sample
data is then input into the proposed model to validate
the effectiveness of this method in gearbox fault
diagnosis. The accuracy and loss during the model
training process for the training set are shown in
Figure 16.
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Figure 15: Time domain diagram of parallel gear box
root cracks in three directions. (a) Horizontal
direction; (b) Vertical direction; (c) Axial direction
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Figure 16: Model training progress. (a) Accuracy of
the training set; (b) Loss of training set

To evaluate the generalization capability of the
model, the trained model is used to diagnose and
classify a test set consisting of 900 samples. The
model's generalization capability is evaluated by its
accuracy on the test set. After conducting two
consecutive rounds of model training and test set
identification, the results show that the recogni-tion
accuracy of the first test model is 90.78%, while the
second test model achieves 91.33% accuracy. As
seen from the test set accuracy, the model still
maintains an ac-curacy rate of over 90% in
diagnosing nine failure modes (including normal
conditions) that cover both gears and bearings, as
illustrated in Figure 17. This demonstrates that the
proposed model in this paper possesses high
generalization capability.
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Figure 17: MC2DCNN-LSTM model matrix. (a) The
first round of training tests the confusion matrix; (b)
The second round of training tests the confusion
matrix

The t-SNE dimensionality reduction was
performed on the deep features extracted from the
test set by the proposed model, and the scatter plot
of the extracted deep features is shown in Figure 18.
Among them, Figures (a)-(c) represent the feature
scatter points output by partial activation layers,
while Figure (d) depicts the feature scatter points
output by the fully connected layer. It can be
observed that the features of different states
gradually cluster together during the transmission
process within the model. The results indicate that
the sample features extracted by the MC2DCNN-
LSTM model have a larger distance between
different categories of samples and a smaller
distance between samples of the same category in
the feature space. Fault samples exhibit a significant
distribution difference in the feature space.
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Figure 18: t-SNE feature visualization of test samples
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4. Conclusions

As the core component of the rolling mill for stable
rolling, the operating status of the rolling mill
gearbox is crucial to the safe and stable operation of
the entire equipment. To address the challenges
posed by the difficulty in identifying fault signals and
the unclear classification of fault locations in rolling
mill gearboxes, a fault classification model

integrating MC2DCNN and LSTM is proposed.
Additionally, a two-dimensional sample structure
featuring a three-channel mixed encoding method
has been designed to facilitate fault identification
and classification. Following algorithmic modeling
and experimental validation, the conclusions drawn
are as follows:

(1) The proposed two-dimensional data sample
structure with three-channel mixed encoding
integrates signal data from the vertical, horizontal,
and axial directions of the gearbox. This structure
contains more information about the gearbox's
status compared to traditional single-channel
signals. This method ensures that within the local
receptive field, the data horizontally extracts
temporal information of the vibration signal, while
vertically extracting vibration information from
different directions at the same moment.

(2) The proposed MC2DCNN-LSTM model
achieves an accuracy rate of over 90% in identifying
four common gearbox faults, including tooth surface
wear, tooth root crack, tooth breakage, and tooth
surface pitting. Experimental validation has
demonstrated that this model possesses a higher
diagnostic accuracy compared to traditional
methods. Finally, through t-SNE dimensionality
reduction visualization of each layer of the model, it
is observed that the distance between different
categories of extracted sample features in the feature
space becomes larger, while the distance between
samples of the same category becomes smaller,
resulting in a significant difference in the
distribution of fault samples within the feature
space.
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