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Abstract: Hydraulic presses are indispensable in automotive and aerospace manufacturing,
with hydraulic cylinders serving as key components for operational safety and product quality.
Internal leakage faults in hydraulic cylinders are difficult to diagnose due to the scarcity of
labeled data, the complexity of fault mechanisms, and the limited representation capability of
single-signal methods under variable operating conditions. To address these issues, a hybrid
deep learning feature fusion model based on displacement error and pressure signal, including
convolutional autoencoder, multi-head attention mechanism, residual network and
bidirectional long short time series neural network (CAEMRAB), is proposed for the diagnosis
and classification of leakage faults in hydraulic cylinders. A hydraulic cylinder test system
simulates heavy load, variable speed, and nonlinear motion under actual operating conditions.
Through the all-round deep feature decoupling of the proposed model, the multi-source signal
representation ability in complex and multi-noise environments is enhanced, effectively
extracting the local and global features of displacement error and pressure signal fault data and
achieving efficient classification. Experimental results indicate that the proposed model
achieves at least a 3.95% improvement in diagnostic accuracy compared with ablation models.

In addition, it exhibits high diagnostic stability across other models, single-signal diagnosis,
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1 Introduction safety!”). However, faced with complex working
conditions and production environments, the types and
probabilities of hydraulic cylinder faults exhibit
substantial diversity, concealment, and randomness,
which increases the challenge of fault detection and
efficiency, precision, and controllability!). As the core diagnosis'®. Therefore, in-depth research on efficient
actuator of hydraulic machines, the stable operation of fault diagnosis schemes for hydraulic cylinders is crucial
hydraulic cylinders guarantees production quality and for enhancing production efficiency, ensuring operational

Large, high-speed hydraulic machines have been
widely adopted in production owing to their high
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safety, and driving industrial progress.

Fault diagnosis technology for hydraulic cylinders
was initially based on model-driven methods".
Reference [ employed a model-based fault detection and
isolation scheme, effectively enabling fault diagnosis in
the rudder servo system for ship navigation. However,
model-driven diagnostic methods are overly dependent
on expert systems and precise modeling, and as system
complexity increases, the difficulty of fault diagnosis
rises dramatically. With advances in sensor technology,
under a machine learning framework, Maddahi et al. ")
utilized data-driven methods to analyze the time and
frequency domains of hydraulic cylinder pressure signals,
achieving internal leakage fault detection; Jin et al. !
extracted features using wavelet transforms and
combined them with a wavelet neural network to classify
faults caused by hydraulic cylinder seal damage.
Nevertheless, the diagnostic accuracy of machine
learning methods remains limited by expert knowledge
and feature extraction techniques. Ma et al.””) proposed a
fault diagnosis strategy for solenoid valve groups based
on current signals using a support vector machine, which
enables both fault diagnosis and early warning. However,
the traditional diagnostic accuracy of machine learning
methods is still constrained by their dependence on expert
knowledge and signal feature extraction techniques,
which limit their ability to represent fault information and
make it difficult to address the nonlinear relationships in
long-sequence data of hydraulic cylinders. Therefore,
with the advancement of models, further research is
needed on how to better align intelligent models and
architectures with diagnostic objectives while enhancing
the representation capability of fault signals.

Currently, improvements in deep learning models!'”),
module integration'™', and hyperparameter optimization
(3] have been extensively studied and widely applied.
Convolutional neural networks (CNN), owing to their
excellent feature learning capabilities, hold a significant
position in the diagnosis of rotational faults ', However,
CNN struggle to capture feature information in long time-
series data fully. To address this, CNN are employed for
local feature extraction, supplemented by long short-term
memory (LSTM) to enhance the identification of long-
term dependencies in the data, thereby improving training
efficiency!'>'”. Ma et al. " incorporated an attention
mechanism into the CNN-LSTM model, enabling the
model to focus on valuable information in long-sequence
data, which significantly enhanced its ability to predict
faults in electro-hydraulic actuators. However, traditional
CNN models rely heavily on labeled data, making it
difficult to effectively address the diagnostic
requirements for hydraulic cylinder systems' strongly
nonlinear and concealed faults. Liang et al.l'”! designed a
Siamese Random Spatiotemporal Graph Convolutional
Network, which demonstrated strong feature extraction
capabilities in the fault diagnosis of hydraulic axial piston
pumps. Snyder et al. ! integrated one-dimensional and

two-dimensional information and successfully applied it
to bearing fault diagnosis. Wang et al. *!! transformed
time series into two-dimensional data and developed a
diagnosis model based on sparse attention, thereby
improving both diagnostic efficiency and accuracy. Zeng
et al. ®* combined autoencoders, attention modules, and
LSTM models to achieve unsupervised dynamic fault
detection. Deep learning models are effective in
extracting fault features, but for long-period time series
of hydraulic cylinders under heavy load and time-varying
operating conditions, both one-dimensional data and
image-transformed data remain difficult to process. In
addition, fault data collection under such conditions is
challenging, leading to limited sample sizes that are
insufficient for the needs of deep learning models.
Autoencoder-based methods also show limitations in
capturing global features of highly nonlinear and latent
long-sequence data in complex operating environments.
Therefore, there is a need to explore combined models in
which different modules can complement each other's
shortcomings.

Data availability is also a crucial factor in
determining fault diagnosis accuracy based on learning
models. Due to their ease of measurement, vibration
signals are widely used for fault diagnosis of various
rotating  components®™?¥. By  decomposing >,
transforming®® the signals, and combining them with
different types of deep learning algorithm models, high-
precision fault diagnosis and monitoring can be achieved.
However, with the continuous development of equipment
and the increasing complexity of working environments,
relying solely on a single sensor signal makes it difficult
to achieve precise fault diagnosis®®’**. Consequently,
complementary fusion models for multi-sensor signals
have gradually become important for fault diagnosis.
Information fusion schemes mainly include data-level
fusion, feature-level fusion, and decision-level
fusion'®>%. Xiao et al.®" constructed multi-layer graph
data to achieve hierarchical fusion of multi-sensor
information, employed convolution and  graph
convolutional networks for feature extraction, and finally
applied a decision fusion strategy to accomplish fault
classification. Yang et al. P? designed a sparse
Transformer, which first uses one-dimensional
convolution to extract local features from multi-sensor
data, then applies the Transformer to capture global
features, and ultimately performs feature fusion to
complete the classification task. Li et al.’*! extracted data
features from three vibration sensors positioned at
different locations and further performed compressor
fault type diagnosis through feature concatenation.
However, in the fault diagnosis of hydraulic systems,
vibrations from different components can significantly
interfere with the acquisition of fault-related vibration
signals. Based on previous studies, research on
homogeneous sensors has achieved promising results in
the field of rotating machinery. In contrast, for hydraulic



Chen Yang et al: Hybrid Deep Learning for Hydraulic Cylinder Fault Diagnosis under

42 Complex Conditions via Multi-Source Signal Fusion

cylinder fault diagnosis, discrepancies among sensor
indicators increase data diversity, which in turn raises the
difficulty of exploiting data complementarity®*>®.
Meanwhile, the characteristics of long-period time-series
signals impose higher demands on the joint modeling of
both global and local feature perception. Therefore,
further experimental investigation is required on multi-
sensor information fusion for fault diagnosis of hydraulic
cylinders under complex operating conditions.

In summary, fault diagnosis of hydraulic cylinders
under heavy load and time-varying operating conditions
faces considerable challenges in both model development
and signal data utilization. Traditional models primarily
focus on learning features from a single signal or model
structure, making it difficult to adapt to the complex long-
sequence data of hydraulic cylinders. Although
subsequent studies have enhanced feature extraction
capabilities and employed signal fusion to compensate
for model limitations, these approaches have been applied
mainly to high-speed rotating machinery. Moreover,
existing research often targets small-scale hydraulic
cylinders or simplified experimental environments,
leaving significant gaps in studies on heavy load and
time-varying hydraulic cylinder fault diagnosis. In
addition, the scarcity of long-period time-series data, the
complexity of models required for joint extraction of
local and global features, and the challenges in multi-
sensor feature fusion further hinder progress in this field.
To bridge these gaps, a multi-sensor monitoring test
system for hydraulic cylinders under complex operating
conditions was designed. Based on this system, the
CAEMRAB fault diagnosis model is proposed to address
the deep coupling of local and global features in long-
sequence data under limited conditions.

The main contributions of this paper are as follows:

(cj Hi.gh-speed forming hydraulic press

(1) A hydraulic cylinder internal leakage test rig was
constructed under heavy load and time-varying operating
conditions. Five leakage levels were designed, and multi-
sensor signals were collected under different fault types,
providing comprehensive data support and an
experimental foundation for the proposed model in
hydraulic cylinder fault diagnosis.

(2) A feature fusion algorithm model based on
CAEMRAB was developed, which achieves deep
coupling and fusion of multi-level features by
comprehensively integrating local spatial features with
global temporal dependencies.

(3) Comparative experiments with ablation models
and other advanced models verified the high diagnostic
accuracy of the proposed approach. Single-signal
diagnostic comparisons demonstrated the effectiveness of
the feature fusion strategy in handling the strong
nonlinearity of hydraulic systems under complex
conditions. Furthermore, experiments with varying
amounts of labeled and unlabeled data evaluated the
model's stability in practical scenarios with complex
signal data. Finally, noise interference with different
signal-to-noise ratios was introduced, confirming the
effectiveness and robustness of the proposed feature
fusion strategy across diverse operating conditions, and
further demonstrating its engineering feasibility.

2 Methodology

2.1 Fault Type Analysis and System Establishment

As shown in Fig. 1, the hydraulic cylinder, which
serves as a core actuator in large-scale hydraulic press
equipment, directly impacts production quality and
safety. However, due to the complex structure and

-

| .
(b) Production line of high-speed forming
hydraulic press

(d) Fast forging hydr;ulic press

Fig.1 Complex application conditions of hydraulic cylinder (a. Large free forging hydraulic press; b. Production line of
high-speed forming hydraulic press; ¢. High-speed forming hydraulic press; d. Fast forging hydraulic press)
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concealed installation of the hydraulic systems in large
hydraulic presses, it is difficult to identify fault promptly
causes through visual inspection, and the effects of minor
leakages on the cylinder's operating state are not readily
apparent. Consequently, displacement and pipeline
pressure sensors are essential for assessing the cylinder's
condition. Nevertheless, given the complexity of the
system and operating environment, as well as
unavoidable signal interference, data from a single sensor
are insufficient to characterize the hydraulic cylinder's
operational status fully. In summary, the correlation and
complementarity between displacement sensor data and
pressure signals can effectively facilitate the diagnosis of
hydraulic cylinder faults.

Under heavy load and variable-speed conditions,
large hydraulic presses are extremely sensitive to even
minor changes in system operation, which can lead to
irreversible structural damage and leakage faults in the
hydraulic cylinders resulting. Furthermore, because the
hydraulic cylinders used in large hydraulic presses are
relatively large, with high material performance
requirements and production quality that is difficult to
control fully, subtle damage to the cylinder may go
unnoticed; once the cylinder structure is compromised,
prolonged operation can cause wear or breakage of
components such as sealing rings. As the core actuator of
large hydraulic presses, hidden internal leakage faults in
hydraulic cylinders seriously threaten production safety,
equipment operation, production efficiency, and product
yield. Therefore, identifying the types of hidden internal
leakage faults in large hydraulic presses is a key initial
condition for advancing fault diagnosis in hydraulic
cylinders under heavy load and complex operating
conditions. Fig. 2 illustrates the various hydraulic
cylinder fault types commonly observed in production
operations.

As shown in Fig. 2, different fault types cause
varying leakage flow rates. Accordingly, Fig. 3 illustrates
the fault principles and motion process. Under heavy load
conditions, the rod chamber of the hydraulic cylinder
remains in a high-pressure state, and for all fault types,
the hydraulic fluid leaks from the rod chamber to the non-
rod chamber. During the downward movement of the
moving beam, displacement closed-loop control is
adopted to collect displacement error and rod chamber
pressure data under variable-speed conditions with
different leakage rates. When the moving beam returns, a
servo motor ensures constant flow control. The controller
sets the movement's start and end conditions, and the
servo valves for both the rod chamber and non-rod
chamber circuits are fully opened to minimize the
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Fig.3 Fault operation principle

instability caused by valve regulation.

Considering the safety of personnel and the
experimental environment, an external throttle valve is
used to simulate the leakage failure in the upper and
lower cavities of the hydraulic cylinder. As shown in
Equation (1), according to the pressure difference of the
loop servo valve in the upper and lower cavity of the
hydraulic cylinder and the size of the throttle valve
opening in the middle cut-off state, the leakage flow in
the hydraulic cylinder under six different throttle opening
degrees is calculated by using the orifice flow model.
Combined with the actual operation characteristics of
different hydraulic cylinder fault states, the leakage
amount and corresponding fault types are shown in
Table 1.

Table 1 Leakage and failure types

Type code #0 #1 #2 #3 #4 #5
Leakage (L/min) 0 0.39 0.78 1.17 1.56 1.94
Fault type Normal Piston wear ~ Wear of the sealing ring ~ Cylinder block break ~ Sealing ring break ~ Sealing ring loss
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Qleakzk*Atv*\/E (1)

where, Q.. represents the flow through the throttle valve
leakage; krepresents the experience coefficient;
Ayrepresents the opening area of the throttle valve; AP
indicates the pressure difference between the two ends
of the throttle valve (that is, the pressure difference
between the upper and lower chambers of the hydraulic
cylinder).

2.2 Construction of the Proposed Model

For the hydraulic cylinder motion model under
heavy load and variable-speed conditions, the single-
cycle signals are lengthy and complex, with insufficient
labeled data across different operating conditions and a
limited ability of single sensors to clearly capture fault
features. As illustrated in Fig. 3, when an internal leakage
fault occurs in the hydraulic cylinder, both the pressure in
the dual chambers and the displacement tracking state
change, indicating a strong correlation between these
signals and the fault state. Consequently, the system
adopts a closed-loop displacement control scheme,
causing the displacement data to exhibit time-varying and
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nonlinear characteristics that better meet production
requirements. Additionally, built-in displacement sensors
that are directly linked to system variables and pressure
sensors located in the high-pressure chamber loop are
employed to collect sensor data under various leakage
conditions. To ensure that the data fully capture fault
features, data spanning more than four motion cycles are
grouped together, and both pressure and displacement
error data are extracted.

Secondly, a dual-channel feature extraction model
based on the autoencoder is established. Unlike
traditional methods, the encoder further integrates a
multi-head attention mechanism, a residual connection
network, and a Bidirectional Long Short-Term Memory
(BILSTM) module, which enable efficient extraction of
local and global features from the two signals through
hierarchical integration of global information. This model not
only inherits the advantages of convolutional autoencoders in
local feature extraction and neuron weight sharing, but also
significantly enhances feature capture through the
synergy of its modules, ultimately achieving effective
feature fusion and fault classification. The overall structure
of the proposed model is shown in Fig. 4.
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Fig.4 Overall structure of the proposed model
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2.2.1 Encoder Module

The proposed model's autoencoder module
comprises three convolutional layers, three pooling
layers, one multi-head self-attention network, a residual
connection module, and two BiLSTM layers. For the
dual-channel inputs of displacement error signals, and
pressure signals, two parallel convolutional layers are
constructed to capture local features in the time series,
while the pooling layers further reduce the length of the
time-series data. This enables the model to focus more on
critical features and enhances the selectivity of the filters,
thereby extending the applicability of feature detection,
as illustrated in Equation (2).

hi=fx (X W/+b})

2
Yi]+1=max(hf) @

where, hidenotes the feature output of the layer [after
convolution; fdenotes the activation function; X; denotes
the input data; Wldenotes the weight matrix of the
convolution kernel; blidenotes the bias term; Y/*'denotes
the output feature element of the layer/+ lafter max
pooling; maxdenotes the max pooling operation; idenotes
the identifier for the corresponding channel signal input.
As shown in Fig. 4, the proposed model employs a
multi-head attention mechanism that performs parallel
computations across its attention heads, enabling each
head to focus on information from different subspaces.
The resulting outputs are then concatenated to yield a
richer feature representation, effectively preventing the
loss of critical latent details®”**. As shown in Equation
(3), each attention head within the multi-head self-attention
mechanism performs a weighted computation on the time-
series features produced by the final pooling layer, and the
weights are normalized using the softmax function to ensure
that the sum of the attention scores equals 1. Equation (4)
shows that the multi-head self-attention mechanism
further improves the model's feature representation
capability by concatenating all attention-head outputs.
Oi=YM"we K=v"'wx, vi=y"wr
3
Self— Attention(Q;, K, V,-):softmax[Q,-K,T/\/ch] Vi( )

MA(Q;,K;,V;)=(head, ---,head, W,
head), = Self — Attention(QW 2, KW X, vw,")

where, Y/*'denotes the input sequence;
W, WX, Widenotes the weight matrix; Q; denotes the
query matrix; K;denotes the key matrix; V;denotes the
value matrix. WI-Q, wk, w/!denote the corresponding
parameters of the respective attention heads; W,denotes
the output weight matrix and 4 denotes the number of
attention heads.

To prevent information loss when processing
nonlinear, time-varying, and long time-series data in
hydraulic cylinders, this study employs a residual
network to effectively fuse the feature information

“4)

conveyed by the multi-head attention mechanism with the
initial features provided by the encoder model, thereby
enhancing the integrity of the information and ensuring
that critical data are not omitted. This fusion layer can
capture global dependencies more comprehensively,
thereby effectively avoiding issues such as information
loss and gradient vanishing %!,

Zowi= Y™+ Multi — Head Self— Attention(Q;. K., V;) (5)

where, Z,,denotes the feature output after residual
connection processing; Y;'the feature output of the
encoder model; Q;, K;and V; the feature output after being
weighted by the multi-head self-attention mechanism.

As shown in Fig. 4, to effectively address the
gradient vanishing and exploding issues encountered
during the processing of long time-series data, a BILSTM
network was introduced. This network model adopts
forward and backward LSTM structures that process the
bidirectional time-series data flow from past to future and
from future to past respectively, then merges the outputs
from both layers to enhance the model's capability in
handling the interdependencies of sequential data M**,
Based on the LSTM information propagation and
parameter update formulas, the forward hidden state T, is
computed, and the reverse hidden state J, is obtained by
processing the input sequence in reverse order. Finally,
the forward and reverse hidden states are concatenated to
form the BiILSTM model, as shown in Equation (6).

hei=lhei. D) (6)
where, 4 denotes the final output of the BiLSTM model;
E denotes the forward hidden state;h(_t denotes the reverse
hidden state.

2.2.2 Deconvolution Decoder

The decoder module expands the feature parameters
extracted from the encoder through three deconvolution
layers to reconstruct the sample data. The up sampling-
based feature expansion and reconstruction effectively
reduce noise interference in the original data, as shown in
Equation (7).

H
Xi=fx(> Zow W +c}) @)
J=1

where, Xrepresents the reshaped sample data; frepresents
the deconvolution activation function; Z,, represents the
decoder input; W, represents the transposed convolution
kernel matrix; andc! represents the bias term.

The autoencoder model aims to compress sample
data features, extract key local features, extract important
local features, and reconstruct the sample data through
the decoder to reduce the difference between the original
data and the reconstructed data, effectively reducing the
noise impact of the original sample data. To achieve this
goal, the loss function uses mean squared error, as shown
in Equation (8).

M~

Lvse=

r
i=1

()(,-,,-—)Zi,j)z/rxc) (8)

J=1
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where, Lysedenotes the loss function, 7denotes the number
of time steps, Cdenotes the characteristic number,
Xidenotes the original sample data, )?,»,jdenotes the
reconstructed sample data.

2.2.3 Feature Fusion and Classification Module

Due to the strong nonlinearity, time-varying nature,
high concealment, and difficulties in feature extraction
associated with hydraulic component faults, the
diagnostic challenge increases accordingly. Relying
solely on a single sensor for accurate fault diagnosis is
also highly challenging. As shown in Fig. 5, signals are
collected using various equipment sensors to obtain the
data set, Data,, which is then preprocessed and fused
using different approaches to integrate multi-source
sensor information. Information fusion is generally
classified into data-level fusion, feature-level fusion, and
decision-level fusion. Hydraulic fault diagnosis relies on
diverse signal sources; directly acquiring these signals is
extremely complex. Under the influence of strong noise,
external signals fail to reflect the operating condition of
hydraulic components adequately. Therefore, under heavy
load and variable-speed conditions, a feature-level
information fusion strategy is employed to accurately
represent the working state of the hydraulic cylinder
through comprehensive feature integration to diagnose
internal leakage faults in hydraulic cylinders.

Equipment and sensors j
Data acquisition: Data, Data, Data, Data, - Data,

lﬂ ~ Data Preprocessing and Dataset partitioning |

& 3

.Feature extractlon.
PPrimary diagnosis!

Classification fault diagnosis J

Fig.5 Information fusion strategy

Based on this, all of its parameters are frozen after
the feature extraction module has been trained. The
classification model first fuses the features extracted from
the two sensor signals and then completes the
classification task using a fully connected layer and an
activation function, as shown in Equation (9).

Inpulclassiﬁer = Concat ( Outerrora Outpressure)
den :fden( W den '[nputclassiﬁer + Dgen ) (9)
out = fou( Wourden +b oy

where, Out eror and Out presoure denote the output features of
the extracted displacement error and pressure signal,
respectively; Concat denotes the feature fusion
connector; Input.ssifier denotes the classifier input after

feature fusion; den denotes the output of the fully
connected layer;fy., denotes the activation function of the
fully connected layer; W, and W,y denote the weights
of the fully connected layer and the output layer,
respectively; bgen and bg,e denote the biases of the fully
connected layer and the output layer, respectively; out
denotes the output of the output layer; and £, denotes the
activation function of the output layer.

3 Case Study

3.1 Fault Type Analysis and System Establishment

To verify the effectiveness of the proposed model, an
experimental test rig was constructed, as shown in Fig. 6.
The setup primarily consists of a hydraulic station, valve
block platform, leakage simulation device, hydraulic
press, control station, and power cabinet. The hydraulic
station comprises an oil tank, servo motor, accumulator,
and vane pump, providing hydraulic power to the system.
The independent control servo valves for the upper and
lower chambers of the hydraulic cylinder are mounted on
the valve block platform, enabling variable-speed closed-
loop displacement control. The test rig adopts a four-
column structure, with a high-mass sliding block to
simulate heavy-load motion scenarios in industrial
production, enhancing the applicability of internal
leakage fault diagnosis under heavy-load conditions.

Fig.6 Configuration and control model of experimental equipment

The leakage simulation device connects to the
hydraulic cylinder's upper and lower chambers via a
three-way connector, throttle valve, and hose, allowing
experiments with varying leakage levels. The control
station consists of a host computer, data acquisition card,
and output card, utilizing the Simulink platform for real-
time data acquisition and closed-loop control signal
output. The power cabinet supplies high-voltage and
electrical power to the control station, system, and servo
motor, ensuring the stable operation of the test rig. Based
on experimental requirements, the main hydraulic and
electronic components involved in signal generation and
acquisition in the test rig are listed in Table 2.
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Table 2 Main components and main parameters of the test bench
Component Model Number Main Parameters
Pressure sensors HM20-2X/400-C-K35 Measurement range 0-40Mpa
Bore Diameter 100mm
Hydraulic Cylinder HSG03-100/70-H4110-600 Rod Diameter 70mm
Stroke 0-600mm
Built-in Displacement Sensor Forever7.1-1-2-0340-1-AI0 Working Range 25-600mm
Analog signals input card PCI-1713 Maximum Acquisition Frequency 10kHz
Analog signals output card NI PCI-6703 Maximum Output Frequency 350kHz
Digital signals input/output card PCI-1751U Maximum Acquisition/Output Frequency /

Data
processing

Signal acquisition

Fig.7 Signal acquisition and training

As shown in Fig. 7, small hole leakage models in
different states as shown in Fig. 3 are created by rotating
the Angle of the throttle valve. Subsequently, the required
signals X; and X, in Eq. (2) are collected by the
displacement and pressure sensors, the leakage status of
the throttle valve is obtained by the computer and the pre-
processed sensor data is obtained. Finally, the goal of
model training and diagnosis is realized.

As illustrated in Fig. 8a, the time-varying speed
characteristics of the motion curve and the impact of high
noise reduce the sensitivity of fault features in the data,
thereby increasing the difficulty of normalization and
feature extraction. Therefore, by taking advantage of the
benefits of closed-loop displacement control, the
displacement error data generated by the difference
between the actual displacement and the theoretical
displacement is used as one of the fault feature extraction
signals for the model channel, as shown in Fig. 8b.
During operation, leakage causes significant pressure
changes in the high-pressure chamber; thus, the pressure
signal from the high-pressure chamber is employed for
fault classification, as evidenced by the single-cycle
pressure signal shown in Fig. 8c. Furthermore, as
depicted in Fig. 9, data for six different leakage levels are

collected, with 76 cycles acquired for each category.
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Fig.8 Graph of single-cycle motion signals in normal state:
(a) Displacement tracking signal; (b) Displacement
error data signal; (c) Pressure signal

As shown in Fig. 9, under a high-noise environment,
the two signals in the initial leakage state for cases #0 and
#1 are difficult to differentiate effectively; the
displacement error signals for cases #1 and #2 are hard to
distinguish, whereas the pressure signal exhibits
significant changes; and for cases #3 and #4, the
displacement error signals show only minor variations,
while the pressure signal is not clearly distinguishable. In
summary, the fault expression capability is enhanced by
effectively exploiting the complementary differences
between displacement error and pressure signals, thereby
providing a solid foundation for fault diagnosis.
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Fig.9 Single-cycle dataset of six types of state displacement errors and pressure signals

3.2 Experimental Design and Evaluation Metrics

To independently evaluate the contribution of each
module to the overall diagnostic performance and thereby
validate the rationality of the proposed fusion strategy,
ablation models were designed based on the innovative
structural modules of the model. CAERB: the multi-head
attention module is removed. CAEMR: the BiLSTM
module is removed. CAEMB: the residual connection
module is removed. CAEB: both the multi-head attention
and residual connection modules are removed. CAE: all
module concatenations are removed, leaving only the
convolutional autoencoder. Furthermore, in view of
current research progress, CNNM CNN-LSTM!®],
Graph Attention Networks (GAT), Transformer?, and
Informer**’ models were introduced as comparative
baselines to further demonstrate the effectiveness of the
proposed model.

For training, the proposed model and its ablation

variants were trained in an unsupervised manner using
12, 000 unlabeled samples, generated from 6 types of
pressure signals and six types of displacement error
signals (1, 000 samples each), with 10% of the data
reserved for validation to train the convolutional
autoencoder. Subsequently, supervised training of the
feature fusion and classifier modules was performed
using a labeled training set of 6, 000 samples (500
samples per signal type), again with 10% for validation.
Finally, a test set of 2,400 samples (200 per signal type)
was used for model evaluation. The comparative models
(CNN, CNN-LSTM, GAT, Transformer, and Informer)
were trained and evaluated under the same data settings
as the proposed model and its ablation variants.

The basic parameters of each layer in the proposed
model are listed in Table 3. All models were executed in
Python 3.10 on Windows 10 with 32.0 GB RAM, an Intel
15-12500 3.0 GHz processor, and an NVIDIA 3060 GPU.
The learning rate for all models was set to 0.001, the step

Table 3 Parameters of each layer of the proposed model

Module Structure Parameter Value
Input Pressure/Displacement errors (16834,1)/ (16834,1)
Kernel size 128*4/128*4/64*4
ConvlD
Strides 4
Encoder Multi-Head Heads 4
Self-Attention Key-dim 64
MaxPooling1D Pool-size 2
Bilstm Units 128
Conv1DTranspose Kernel size 128*4/128*4/64*4
Decoder
Dense Units 128
Classifier Dense Units 128
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size to 100, and the number of training epochs to 100.
The convolutional, multi-head self-attention, and
BiLSTM layers in the ablation models were configured
identically to those in the proposed model. The CNN and
CNNB models primarily consist of two convolutional
layers, two pooling layers, and one fully connected layer.
For these models, the convolutional kernels are all 64x4
with a stride of 4, the pooling size is 2, and the fully
connected layer contains 64 units. Due to the larger
parameter size of the Transformer, GAT, and Informer
models, directly training them on the aforementioned
hardware was challenging. To address this, a CNN layer
with a 64x4 kernel was added before these modules to
reduce the dimensionality of the long-sequence input
signals.

The objective of this study is to maximize the
diagnostic and classification performance for leakage
faults in hydraulic cylinders. Guided by this goal, in order
to comprehensively evaluate model performance,
precision, recall, and F1-score were employed in addition
to classification accuracy. These supplementary metrics
help to avoid potential bias caused by relying on a single
evaluation criterion and provide a thorough assessment of
the model's effectiveness under experimental conditions.

The definitions of these metrics are given in
Equation (10).
Accuracy = TP+TN
TP+FP+TN+FN
Precsion = _rmw
TP+ FP
(10)
Recall = T
TP+ TN
Precsion x Recall
Flscore=2x Precsion+ Recall

where, TP (True Positive) denotes the number of samples
correctly identifying the classification as positive; TN
(True Negative) is the number of samples correctly
identifying the classification as negative; FP (False
Positive) is the number of samples incorrectly identifying
the classification as positive; and FN (False Negative) is
the number of samples incorrectly identifying the
classification as negative.

3.3 Results and Discussions
3.3.1 Comparison of Ablation Experiment Results

Fig. 10 presents the diagnostic evaluation metrics of
the proposed model and its ablation variants under the
multi-source signal feature fusion strategy. As shown, the
proposed model consistently outperforms conventional
models across all evaluation metrics. Specifically, under
the feature fusion strategy, the proposed model achieves a
diagnostic accuracy and other metrics of 99.92%,
representing a 3.92% improvement over the best
performing comparative model. The results from the CAE

ablation model indicate that the orderly combination of
modules contributes to superior diagnostic performance.
The integration of multi-head attention and residual
networks ensures that features from multiple subspaces
are effectively captured, providing a solid foundation for
feature extraction by the BiLSTM module. Comparisons
with the ablation models further demonstrate that the
proposed model exhibits exceptional diagnostic
capability for hydraulic cylinder leakage data,
particularly under strong time-varying, nonlinear, and
long-sequence conditions.

I CAEB

I CAEMR

100F

90r

80F

70

Precision Recall F1-Score

Accuracy

Fig.10 Comparison of evaluation metrics for ablation models
under the feature fusion strategy

As shown in Fig. 11(a), the proposed model
achieves high classification performance across all six
fault types. Figs. 11(b) -11(f), representing the ablation
models, exhibit considerable misclassification in tasks
involving subtle leakage faults, such as piston rod and
guide ring wear. The confusion matrices further indicate
that, for hydraulic cylinder fault diagnosis under strong
time-varying and nonlinear conditions, there remains
room for improvement. Compared with the ablation
models, the proposed model effectively handles the
coupling between adjacent fault states, resulting in
superior classification performance.

Fig. 12 presents visualizations of the classification
outputs for different models. Fig. 12(a) shows that the
proposed model achieves large inter-class separation,
clearly distinguishing between different fault types. Figs.
12(b)-12(d) and Figs.12(e)-12(f) highlight the importance
of the BILSTM module in handling long-period time-
series data, as it effectively increases inter-class
distances. However, compared with the proposed model,
all ablation variants exhibit classification issues, which
hinder the efficient diagnosis of hydraulic cylinder faults
in long-sequence data. Therefore, Fig. 12 provides a more
intuitive demonstration that the proposed model achieves
higher classification effectiveness for hydraulic cylinder
internal leakage faults under heavy load and time-varying
operating conditions.
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Fig.11 Confusion matrices of ablation models under the feature fusion strategy
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3.3.2 Comparison of Experimental Results with

Other Models

As shown in Fig. 13, under identical data and

1.0F

' 0 1
~ 0.8F .
S 0.6—
2 0 4 E
g :
O 0.2F
00 C1 1
0.0 0.2 0. .0
Compment 1
(b) CAEB
1.0
ey BF I3 - E
20 Crupt®
2
g 0.4r
S oar -m-l
00 1 I
.2 0. 4 0 6 08 1.0
Compment 1
(d) CAEMB
1OF— ==Bm - BR . 7 .|
~ 0.8
506
2 04
g 0.
O 0.2
0.0

1
0.4 0.6 0.8 1.0
Compment 1

(f) CAE

=3
(=1
=1
(3]

Fig.12 Visualization of classification results for ablation models under the feature fusion strategy

experimental conditions, the proposed model achieves
more effective and accurate fault diagnosis of hydraulic
cylinders for long-period time-series data under heavy
load and time-varying operating conditions, with an
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Fig.13 Comparison of evaluation metrics with other models under
the feature fusion strategy

accuracy improvement of 4.17% over the best-
performing comparative model. Fig. 14 indicates that the
comparative models struggle to achieve adequate inter-
class separation in classification tasks, whereas the
proposed model demonstrates a clear advantage in this
regard

From the CNN model, it is evident that traditional
convolutional networks face considerable difficulty in
extracting features from long-period time-series data. The
Transformer and Informer models show clear advantages
for long-sequence data compared to other baseline
models; however, Fig. 14 reveals that their inter-class

separation in classification still leaves room for
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improvement, with a noticeable gap relative to the
proposed model. The GAT model, widely applied in fault
diagnosis, performs well for high-frequency signals but
exhibits certain limitations in the present experiments.

Overall, the comparative experiments further
confirm that effective design of experimental modules
tailored to the data characteristics is essential for fault
diagnosis tasks in complex hydraulic cylinder operating
environments.

3.3.3 Comparison of Feature Fusion Strategy and
Single Signal Experimental Results

To investigate the effectiveness of the feature fusion
strategy, the proposed model was used to perform
classification evaluations separately on the displacement
error and pressure datasets. In the single-signal fault
diagnosis tasks, the experimental training data comprised
1000 groups of unlabeled data for each type of
displacement error signal and pressure signal. In contrast,
under the feature fusion strategy, the unlabeled and
labeled training sets consisted of 12000 data groups, with
1000 groups per signal type. (CAEMRAB-E is the model
for training displacement error signals, and CAEMRAB-
P is the model for training pressure signals).

As shown in Figs. 15a and 15¢, when the guide ring
break or was lost, resulting in a large leakage, the
displacement error signal gradually becomes insufficient
to distinguish fault types, whereas under conditions of
micro-leakage caused by piston rod and guide ring wear,
the diagnostic performance of the pressure signal data is
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Fig.14 Visualization comparison with other models under the feature fusion strategy
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Fig.15 Confusion matrix of the proposed model under single signal and feature fusion strategy

relatively poor. Compared to a single signal, the feature
fusion strategy used in Fig. 15c¢ achieves a higher
diagnostic accuracy and effectively distinguishes various
fault types. This result further demonstrates the
complementarity and differences between displacement
error signals and pressure signals, as shown in Fig. 8.
Analysis of Fig. 16 reveals that, in hydraulic cylinder
fault diagnosis, the diagnostic performance based on
pressure signal data is 3.59% lower than that based on
displacement error signal data, indicating certain
limitations in the ability of pressure signals to convey
fault information. Moreover, intuitive analysis shows that
the diagnostic performance after feature fusion is 5.75%
higher than the best diagnostic result obtained using a
single signal.
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Fig.16 Comparison of four evaluation metrics for single signal and
feature fusion strategies

Figs. 15 and 16 demonstrate that the feature fusion
strategy outperforms the single-signal model in fault
diagnosis tasks. The feature fusion approach effectively

leverages the correlation and complementarity among
signals collected by different sensors, compensating for
the shortcomings of single-signal diagnostics under both
micro-leakage and high-leakage conditions, thereby
significantly enhancing the diagnostic accuracy for
internal leakage faults in hydraulic cylinders. Moreover,
the proposed algorithm model demonstrates strong fault
diagnosis capabilities across different signal sources in
the comparative study, thereby confirming its excellent
robustness.

3.3.4 Comparison of Experimental Results With
Different Sample Sizes

To further assess the feature extraction and
diagnostic classification capabilities of the proposed
model for multi-source signal fusion in hydraulic
systems, comparative experiments were designed under
varying conditions of labeled and unlabeled data. In the
experimental validation, the training sets were composed
of six types of pressure and displacement signals, with
unlabeled data available in amounts of 800, 700, 600, and
300 groups, and labeled data available in amounts of 500,
400, 300, 200, and 100 groups, respectively, combined
freely.

As shown in Fig. 17, the model diagnosis accuracy
shows a significant positive correlation with the increase
of marker data. When the marker data reaches 400, the
model diagnostic effect is significantly improved,
revealing the importance of marker data for differential
fault learning. Secondly, the results of the proposed
model under the same marker data comparison group
show a strong stability of diagnostic performance. This
finding further reveals the stability advantage of the
proposed method under data distribution perturbation. It
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provides a basis for the study of the number of small
sample data on fault diagnosis accuracy.
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Fig.17 Diagnostic accuracy of the model for different
labelled and unlabelled data

3.3.5 Comparison of Experimental Results Under
Different Noise Levels

Due to the diverse application environments of
different products, the noise form of the signals also has
some differences. Therefore, this subsection adds
Gaussian white noise based on the original signal noise to
further enhance the interference of noisy data and
simulate the signal form under different extreme signal-
to-noise ratio conditions. The SNR are -3 dB, 3 dB, 6 dB,
and 9 dB, and the SNR is calculated as in Equation (11).

where, Pgs denotes the signal power and Py denotes the
noise power.

As shown in Table 4, the proposed model
consistently maintains a high diagnostic accuracy of over

Table 4 Diagnostic accuracy of each model under noise interference

Diagnostic accuracy

Model
-3 3 6 9

CAEMRAB 98.75 98.24 99.83 99.42
CAEB 96.42 95 96.67 95.83
CAERB 83.58 83.50 85.75 87.50
CAEMB 86.42 89.83 87.08 89.58
CAEMR 78.33 86.42 84.75 93.67
CAE 92.67 93.92 95.75 92.92
CNNB 82 83.83 86.08 90.16
CNN 73.08 78.17 80.67 91.92
Transformer 81.33 84.75 87.42 92.17
Informer 85.25 89.92 90.42 91.42
GAT 79.58 82.42 84.83 90.58
CAEMRAB-E 90.75 93 92 93.75
CAEMRAB-P 88 85.08 89 90.75

98% under different SNR conditions, further
demonstrating its stability and generalizability across
varying operating environments. Compared with the
ablation models and benchmark models, the proposed
model improves diagnostic accuracy by at least 2.33%
and 8.32%, respectively. The ablation models also
achieve overall higher accuracy than other advanced
models, validating the effectiveness of the proposed
module combinations in hydraulic system fault diagnosis.
Among the advanced models, the Informer exhibits
notable advantages in handling long-sequence data and
demonstrates relatively stable diagnostic performance
under noisy conditions. These comparisons highlight the
considerable challenges posed by hydraulic cylinder fault
diagnosis under heavy load and time-varying operating
conditions. Furthermore, the feature-fusion model
achieves significantly higher accuracy than single-sensor
approaches, with at least a 10% improvement under
identical conditions. Experimental results across different
noise levels further confirm the superior robustness of the
proposed method under complex working environments.

4 Discussions

Under the operating conditions of heavy load and
time-varying speed, traditional CAE models face
significant limitations in effectively handling long time-
series data. To address this challenge, a multi-head
attention mechanism is first introduced after CAE feature
extraction to emphasize critical information within the
features. Second, residual connections are employed to
enhance the transmission of feature information and
mitigate the loss of valuable information during training.
Finally, by incorporating a BiLSTM model, which is
particularly effective for long sequence modeling, the
proposed framework achieves comprehensive processing
of temporal features. These improvements enable the
model to extract discriminative features from various
sensor signals more effectively than traditional
approaches. Comparative experiments further demonstrate
that the proposed CAEMRAB feature fusion model
achieves higher accuracy and stronger robustness under
complex working conditions, thereby laying a solid
theoretical foundation for fault diagnosis and operational
monitoring of large-scale hydraulic press equipment.

Despite the promising experimental performance,
the proposed model still has certain limitations. First, it
exhibits a strong reliance on labeled data, while in the
operational context of large-scale equipment (as shown in
Fig. 1), sufficient fault samples are often difficult to
obtain, posing a major challenge for research. Second, the
model's complex structure demands considerable
computational resources, which limits its applicability for
direct industrial deployment.

Future research will focus on addressing these issues
of data scarcity and model complexity. Specifically, we
will explore small-sample learning and transfer learning
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approaches to reduce dependence on large-scale labeled
datasets and enhance generalization across different
equipment and operating conditions. In addition, further
optimization of model architecture and computational
efficiency will be pursued to accelerate real-world
implementation, thereby improving the engineering value
and application potential of the proposed methodology.

5 Conclusion

This study proposes a feature fusion model based on
CAEMRAB for diagnosing internal leakage faults in
hydraulic cylinders under long motion cycles, heavy load,
and time-varying operating conditions. The approach
leverages multi-source sensor fusion classification,
focusing on displacement error and pressure data closely
related to fault types, thereby fully demonstrating the
advantages of multi-source signal feature fusion. In
addition, ablation models, advanced models, single-signal
diagnostic models, different data samples, and varying
noise environments were employed in comparative
experiments to further validate the effectiveness and
stability of the proposed model. The main conclusions are
summarized as follows:

(a) In this paper, improvements were made to the
encoder module of the conventional CAE model, and a
semi-supervised feature fusion model based on CAE and
augmented with a multi-head self-attention mechanism,
residual mechanism, and BiLSTM module was proposed.
Through multiple comparative experimental designs, the
proposed model achieves at least 3.92% and 4.17%
higher accuracy than the ablation models and other
advanced models, respectively, effectively demonstrating
its strong performance in diagnosing hydraulic cylinder
faults under heavy load and time-varying operating
conditions.

(b) Diagnostic tests using only displacement error or
pressure signals reveal the limitations of single-sensor
data in fault diagnosis for the nonlinear hydraulic
cylinder motion process. The proposed feature fusion
strategy improves diagnostic performance by at least
5.75% compared with single-signal diagnosis.

(c) The proposed model exhibits strong diagnostic
stability concerning the scale of labeled data; when the
number of labeled data sets increases from 300 to 400,
the model's diagnostic accuracy improves by 11.08%.

(d) Under various noise environments, by adding
different levels of Gaussian noise to the original
experimental noise, the diagnostic performance of the
data can reach at least 98.24%, and high diagnostic
accuracy is maintained across different noise signals,
effectively validating the model's high robustness.
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