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Abstract: Fault diagnosis for hydraulic manipulators plays a crucial role in ensuring operational safety but still faces challenges
in fault localization. To address this issue, a guided differential dilated convolutional network (GDDCN) is proposed in this study.
First, a novel interference masking mechanism is designed to provide dual guidance for feature extraction and classification.
Then, a learnable differential kernel with the center parameter fixed at zero and side parameters opposite in sign is designed to
adaptively extract gradient features. Afterward, a multiscale gated dilated convolution (MGDC) module is developed to capture
global temporal features across multiple scales and achieve gated feature fusion. Finally, the fused features are fed into a fully
connected classification module for fault classification. The results show that the GDDCN achieves diagnosis of the faulty joint
with an average accuracy of 99.39% on a hydraulic manipulator platform. The superiority and effectiveness of the GDDCN are

further confirmed through comparative and ablation studies.
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1 Introduction

Hydraulic manipulators are widely used in deep-
sea operations, industrial manufacturing, and other
fields due to their advantages of fast response, strong
load capacity, and broad environmental adaptability
(Yang et al., 2023; Chen G et al., 2025; Liang et al.,
2025). Nevertheless, the highly coupled hydraulic sys-
tems and mechanical structures of hydraulic manipu-
lators are prone to issues such as internal leakage and
valve sticking during operation. Once these faults
occur, severe consequences such as abnormal system
responses and operational interruption may arise, pos-
ing a serious threat to operational safety (Jose et al.,
2021; Cheng et al., 2025; Meng et al., 2025). To solve
this, it is necessary to localize the faulty joint for de-
signing fault-tolerant control methods or replacing the
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faulty joint to restore the normal state. Therefore, it is
of great significance to design a fault diagnosis method
for locating the broken-down joint.

Fault diagnosis methods for manipulators can be
divided into model-based and data-driven methods
(Hong et al., 2025). The former construct mathemat-
ical models of the manipulator system (Wang et al.,
2018, 2019) and detect faults by comparing actual op-
erating data with outputs generated by the model. For
example, Ma and Yang (2016) proposed a nonlinear
adaptive observer for diagnosing actuator and sensor
faults in robotic manipulators. Wu et al. (2016) devel-
oped a fault detection filter based on a Markovian
jump model for underactuated manipulators. Sabry
et al. (2020) built an energy consumption model to di-
agnose the joint faults of robotic manipulators. Such
methods do not rely on large amounts of training data
or extensive sensor deployment, with the advantage
of relatively low diagnostic costs.

In contrast, data-driven intelligent diagnosis tech-
niques can be applied without explicit modeling of
the coupled system of manipulators by directly extract-
ing fault features from operational data (Guan et al.,
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2021; Ding et al., 2025; Fan et al., 2025; Han et al.,
2026). Due to the excellent performance in diagnostic
accuracy and diagnosable types, data-based methods
have become a research hotspot in manipulator fault
diagnosis.

As a typical data-driven approach, machine learn-
ing (ML) is widely applied in fault diagnosis tasks. For
example, Jose et al. (2021) employed a support vector
machine (SVM) to diagnose leakage faults of hydrau-
lic actuators. Muradore and Fiorini (2012) applied par-
tial least squares for the fault detection of manipula-
tors. Eski et al. (2011) implemented fault diagnosis of
manipulators by means of an artificial neural network.
Wu et al. (2024) used particle swarm optimization com-
bined with random forest to achieve fault diagnosis for
industrial robots. Nevertheless, traditional ML methods
rely on expert knowledge to manually extract features
and have limited modeling ability for nonlinear fea-
tures, which restricts their learning capability, making
them unsuitable for complex diagnostic tasks and di-
verse operational environments (Li et al., 2024).

In recent years, deep learning (DL) has demonstra-
ted superior performance over traditional ML methods
in feature extraction and fault identification for com-
plex tasks (Wang et al., 2023; Li et al., 2025; Patil
et al., 2025). In the field of manipulator fault diagno-
sis, Long et al. (2021) combined SVM and sparse au-
toencoders for industrial robot joint reducer fault diag-
nosis. On the basis of this work, Long et al. (2023)
further proposed a DL method that incorporates a con-
volutional neural network (CNN) and capsule network
to improve fault diagnosis performance. Jiang et al.
(2025) designed a novel CNN and a loss function to
diagnose the gear faults of manipulators under imbal-
anced samples. Wang ZX et al. (2025) fused gated
recurrent units (GRUs), CNNs, and attention mecha-
nisms for fault diagnosis of quadruped robots. Wang
YM et al. (2024) developed a novel transformer model
with strong generalization ability for diagnosing faults
of industrial robot harmonic reducers. Bilal et al. (2024)
proposed diagnosing the joint bearing faults of manip-
ulators by using a hybrid CNN and recurrent neural
network (RNN). He et al. (2024) constructed an atten-
tion residual network to diagnose compound faults in
multiple joints of industrial robots, which are mainly
caused by harmonic reducers. Chen et al. (2022) de-
signed a novel CNN and a feature classification guid-
ance function for diagnosing the faults of industrial

robots. In the field of hydraulic system fault diagno-
sis, Yang et al. (2026) proposed a novel architecture
that integrates physical information, a graph neural
network (GNN), and attention mechanisms for hy-
draulic system fault diagnosis. Tang and Wang (2026)
proposed an improved temporal CNN for hydraulic
system fault diagnosis in the presence of limited sam-
ples and sensor signal absence. Wu et al. (2026) com-
bined a generative adversarial network with contras-
tive learning to achieve hydraulic system fault diagno-
sis. DL methods have strong nonlinear modeling capa-
bilities and can automatically extract multilayer fea-
tures from data, which improves the classification ac-
curacy and demonstrates their great potential in large-
scale data-driven fault diagnosis (Miao et al., 2022).

However, existing studies mainly focus on elec-
trically driven manipulators and general hydraulic sys-
tems (Chen C et al., 2024; Wang SJ et al., 2024; Chen
SH et al., 2025; Xu et al., 2025; Yin et al., 2025). In
contrast, the hydraulically driven manipulator system,
which contains hydraulic power units, control valve
assemblies, actuation mechanisms, and associated fluid
transmission pipelines, is more complex and shows
pronounced nonlinear characteristics, increasing the
difficulty of fault localization (Chen G et al., 2025;
Zhou et al., 2025).

To accurately localize the broken-down joint of
the hydraulic manipulator, this study proposes a novel
guided differential dilated convolutional network
(GDDCN) that consists of a target guidance (TG)
module, a learnable differential (LD) module, a multi-
scale gated dilated convolution (MGDC) module, and
a fully connected classification (FCC) module. The
key contributions are as follows:

(1) A novel TG module is constructed to guide
feature extraction and classification by masking the
position signals and the classification logits corre-
sponding to untested joints, which can highlight the
features of the tested joint and improve diagnostic ac-
curacy and specificity.

(2) A channel-wise LD kernel with the center pa-
rameter fixed at zero and side parameters opposite in
sign is designed to automatically learn the differential
coefficients, enabling adaptive extraction of gradient
features from the modified position signals.

(3) An MGDC module is developed, which com-
bines multiscale 1D dilated convolution and a scale-
gated weighted mechanism. It can effectively capture



global temporal features at different scales and achieve
efficient feature fusion by scale weights, which are
calculated based on the global representation of the
input features.

2 Proposed GDDCN

The proposed framework of GDDCN is illustrated
in Fig. 1. First, the control voltages are fed into the
TG module, which masks the original position signals
X from the untested joints to generate the modified
position signals X. Then, the modified position signals
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are sent to the LD module to extract differential fea-
tures. These differential features, together with the
modified position signals, are input into the MGDC
module for further feature extraction. Next, the ex-
tracted features are fed into the FCC module, leading
to the original classification logits. Finally, the classi-
fication result is obtained under the guidance of the
TG module.

2.1 Data acquisition and preprocessing

During the data acquisition process, the position
signals and control voltages of all joints are recorded
simultaneously. Considering the presence of sharp
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Fig. 1 Fault diagnosis framework for hydraulic manipulators based on GDDCN. X_; (c=1, 2, ---, n; j=1, 2, ---, I) is the jth
position signal of the cth channel in the original position signals, where n is the total number of joints, and / is the
sequence length of each channel; /4 is the multiscale dilated convolution input sequence; V is the differential feature
sequence output by the LD module; e—¢, are the learnable differential parameters corresponding to the six joints; z is
the total number of dilation branches; ReLU is the rectified linear unit; GAP is the global average pooling ; FC1-FCS
are the fully connected layers; y,—y, are the classification logits. Note that n=6 and the first six position signals are shown

in the figure as an example to illustrate the overall workflow
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noise in the original position signals, this study adopts
median filtering for signal preprocessing to improve
signal quality (Wang SB et al., 2025).
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2
after the median filtering operation M(-), which se-
lects the middle value within the filtering window;
x ., are the left-boundary, center, and
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right-boundary signal values within the filtering win-
dow, respectively; T is the output length after filtering;
T, is the initial length of the joint position signal; p is
the filtering window size, which is an odd integer.

To cover the different temporal segments of joint
motion, this study adopts the sliding window sampling
method after the median filtering operation. This method
can generate partially overlapping subsequences by
setting the sliding window length and step size, which
not only increases the number of samples but also im-
proves the robustness of the model in diagnosing dif-
ferent time series segments.

2.2 Target guidance module

During the data acquisition process of the hydrau-
lic manipulator, only one joint is in motion in each ex-
periment, and the other joints remain at their limit po-
sitions under limit position voltages. If the position
signals of all joints are directly used as model inputs,
the inclusion of signals from untested joints will intro-
duce noise, which negatively affects the model’s con-
vergence speed and accuracy. To address this, this
study designs a TG module that identifies the tested
joint by analyzing the control voltages UcR"*, and then
masks the original position signals XeR"*' to generate
the modified position signals XeR"*". The process is as
follows:

LU, #r, 3)
=0, iU, =r.,
X =X.0G'+ (p—G" Oy, 4

where g! (c=1, 2, -+, n) is the state binary encoding
of the cth joint; U,_, is the first element of the cth

channel of U; r. is the limit position voltage of the cth
joint; X,€R'"' is the cth channel of X; X.€R'* is the
cth channel of X; G/eR'*' is the state binary encoding
vector obtained by repeating g! to match the length of
X,; peR' " is the all-ones vector; O is the element-wise
multiplication; # is the masking vector. This method
preserves the position information of the tested joint
while uniformly assigning the position values of un-
tested joints to a masking value (outside the valid range).

To further improve the convergence speed, GDDCN
guides classification by retaining the classification log-
its of the normal and fault classes of the tested joint
while assigning negative infinity to the fault logits of
the untested joints, which effectively suppresses the
interference of the untested joints. The process is de-
scribed as follows:

0, ifU, =r.,

A= ’ 5
oo iU, = ®
gclass=[09 j'lv Y j'n]To (6)
j;=y+gclass7 (7)

where 4, (c=1, 2, ---, n) is the classification masking
value of the cth joint; g .. €R"*" adds 0 before 4, to
preserve the classification logits of the normal class;
yeR"" is the original classification logits; yeR"*" is the
modified classification logits.

2.3 Learnable differential module

Differential operations are widely used to extract
gradient features from 2D images (Wei et al., 2024;
Chen Y et al., 2025; Zhang et al., 2025). To extract
the gradient features in the 1D position signal, this
study proposes an LD module with a differential ker-
nel DeR". The differential kernel consists of a non-
trainable center parameter (set to zero) and trainable
parameters (equal value and opposite signs) on two
sides. By performing convolution operations with this
differential kernel, a differential feature sequence Ve
R" that has the same length as the input is produced.
The differential operation is defined as follows:

DC:[_ec’ 0’ ec]? (8)
V.= X_*D,, ©9)

where D R (c=1, 2, -+, n) is the cth channel of D;
e, is the trainable parameter; V. €R'* is the cth chan-
nel of V; *is the convolution operation.



The LD module has the following advantages
over standard fixed-difference operators and uncon-
strained 1D convolutions. Compared with standard
fixed-difference operators, the learnable parameters in
the LD module can adaptively adjust the differential
intensity according to the data distribution of each chan-
nel, while the coefficients of standard fixed-difference
operators are manually preset and require parameter
tuning to find suitable differential coefficients. Com-
pared with unconstrained 1D convolutions, the output
of the differential kernel in the LD module has a clear
physical meaning (the gradient feature of the signal).
In addition, the number of parameters of the differen-
tial kernel is only one-third of the unconstrained 1D
convolution with three parameters.

2.4 Multiscale gated dilated convolution module

The kernel of a standard convolution is continu-
ous, while the kernel of dilated convolution has a cer-
tain interval. This design can expand the receptive
field without increasing the number of parameters. By
adjusting this interval (dilation rates), features at dif-
ferent time scales can be extracted (Wang et al., 2021;
Liu et al., 2025). In this study, 1D multiscale dilated
convolution is used to extract multiscale features from
the data by setting different dilation rates. The input
sequence is obtained by the following operation:

h=C(V, X)., (10)
where C(*) is the concatenate operation; heR**' is the
multiscale dilated convolution input sequence, ob-
tained by concatenating ¥ and X along the channel di-
mension. The detailed calculation of the multiscale di-
lated convolution operation is as follows:

2n &

m  __ m m
TE=f I DD Mg Wi+ B2 |

c'=17=1

)

where ', (k=1, 2, -+, e]; ¢"=1, 2, ---, €,.) 1s the kth
element in the ¢"th channel of the output sequence of
dilated convolution operation at scale m; & is the
length of £ at scale m; ¢, is the length of ¢”; f(*) is the
activation function; 7 (=1, 2, ---, ¢,) is the index within
the convolution kernel; ¢, is the length of 7; A, ..
(¢'=1, 2, -+-, 2n) is the (k+(z— 1)d" )th element of the
c'th channel of A, and d" is the dilation rate at scale
m; wh .. is the tth weight of the c'th channel of the

"t
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c"th dilated convolution kernel at scale m; b”. is the
c"th bias at scale m.

The multiscale dilated convolution features need
to be fused. Since the receptive fields of multiscale di-
lated convolution are different, the lengths of the ob-
tained feature sequences are also different. Directly
fusing these multiscale outputs may lead to an imbal-
ance among the fused features. To address this issue,
this study employs a GAP method to obtain global fea-
tures p” from the output of the dilated convolution oper-
ation at scale m. The calculation formula is as follows:

ey
m
2T

=t (12)
&

where p”. is the ¢"th element of p”.

If the multiscale features after pooling are directly
concatenated, it may lead to parameter redundancy and
information dispersion. To address this, this study in-
troduces a scale-gated fusion mechanism that adaptively
assigns weights to different scale branches through a
gating network. The global feature vector acR*" is ob-
tained by applying the GAP operation to /. The fea-
tures p™ are weighted, and then summed to produce the
feature fusion vector J. The scale weight calculation
and multiscale dilated gated fusion process are as
follows:

zhc’.k’

a.= (13)
0=0(L,(R(L,@))). (14)
J= ZQ”’Gp’", (15)

where a, is the global average pooling result of the
c'th channel of h; A, (k=1, 2, ---, ]) is the k'th ele-
ment at the c'th channel of /&; Q<R® is the weight vec-
tor corresponding to each scale branch; o(-) is the sig-
moid activation function; L ,(-) and L,(-) are the FC
layers; R(-) is the ReLU activation function; Q" is ob-
tained by repeating the value of @ corresponding to
scale m to match the length of p”.

2.5 Fully connected classification module

By inputting the features obtained from the
MGDC module into the FCC module, the original
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classification logits y can be obtained. The process is
as follows:

y=L R(L(R (L)), (16)
where L4(+), L,(-), and L(-) are the FC layers. Dropout
is applied after the ReLU activation function of L,(+)
and L,(*) to prevent overfitting.

Based on the original classification logits y, the
modified logits y are generated according to Egs. (5)—
(7). The final classification result is determined by se-
lecting the class with the maximum value from y,

while the training loss is computed using the cross-
entropy loss.

2.6 General procedure of GDDCN

The signals collected from the hydraulic manipu-
lator are processed through five steps: data acquisition
and preprocessing, TG module, LD module, MGDC
module, and FCC module. The details of each step
are described as follows:

Step 1: after the data acquisition process, median
filtering is applied to remove sharp noise from the po-
sition signals, and a sliding window is used to gener-
ate samples, including position signals and control
voltages.

Step 2: a TG module is constructed based on the
joint control voltages. By comparing the control volt-
age of each joint with its limit position voltage, the
tested joint can be determined. Then, the position value
of the untested joints is set to a masking value such as
-1, while that of the tested joint remains unchanged.

Step 3: a channel-wise LD kernel centered at
zero with opposite signs at both ends is designed to
adaptively extract gradient features from the modified
position signals.

Step 4: the modified position signals and their
differential features are jointly input into dilated con-
volution branches with different dilation rates. The
output of each branch is activated using the ReLU ac-
tivation function, and then processed through GAP.
Subsequently, a gated network adaptively allocates
weights for each branch based on the global represen-
tation of the input sequence. The weighted features
from all branches are summed to complete feature
fusion.

Step 5: the fused features from Step 4 are input
into a multilayer fully connected network to output the

classification logits of each class. The guidance mech-
anism is reapplied to suppress the fault logits of un-
tested joints by masking them to negative infinity
while keeping the logits corresponding to the tested
joint unchanged. Final classification is performed
based on the modified logits.

3 Experimental verification

In this section, a hydraulic manipulator platform
is constructed, and data from both normal and faulty
operating conditions are collected. Subsequently, the
superiority and effectiveness of the GDDCN are vali-
dated through comparative and ablation studies.

3.1 Platform setup and data acquisition

To verify the effectiveness of the GDDCN, a hy-
draulic manipulator platform of six degrees of free-
dom is constructed, as shown in Fig. 2. The hydrau-
lic manipulator consists of six active joints, where
joints 1, 2, 3, and 5 are driven by the hydraulic cylin-
der equipped with a displacement sensor, joint 4 is
driven by a hydraulic rotary actuator equipped with a
resolver, and joint 6 is driven by a hydraulic motor
equipped with an angle sensor. The position state of
the manipulator can be monitored in real time.

Faults in the hydraulic manipulator may origi-
nate from the electrical control system, hydraulic sys-
tem, or mechanical structure. It is very difficult to di-
rectly pinpoint the source of the fault. Nevertheless,
regardless of the source, it will ultimately affect the
motion performance of the joint.

Based on the flow equation of the proportional
valve, the flow continuity equation of the actuator,
and the force balance equation of the actuator (Feng
et al., 2021), the motion of the hydraulic actuator can
be described by the following transfer function:

KU&UMP—KF% 1+ O, S| Fryp
A, A; 4pK,
Xlap: ’ (17)
st 2C
S|l— +—s+ 1
) )
where X, is the displacement (linear or angular) re-

sponse of the hydraulic actuator; K, is the voltage
fault coefficient; K, is the flow gain coefficient; 4, is
the effective piston area of the hydraulic cylinder or
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Fig. 2 (a) Hydraulic manipulator experimental platform; (b) schematic diagram of joint motion

displacement of the hydraulic motor; U, is the con-
trol voltage command; K is the load fault coefficient;
K, is the total flow pressure coefficient; S is the effec-
tive bulk modulus; O, is the total compression vol-
ume; s is the Laplace variable; F,, is the external load
value (force or torque); w is the natural frequency; ¢
is the damping ratio.

Two types of faults (gain fault and failure fault)
are defined based on the transfer function. It is regarded
as a gain fault if K,#1, indicating that the displace-
ment response is abnormal under the same control volt-
age input. Additionally, it is regarded as a failure fault
if K,=0 and K,=0, indicating that the joint does not
respond at all regardless of the input U,,, and load F,.

The experimental procedure for data acquisition
is as follows. First, limit position voltages are applied
to all joints to drive them to their respective mechani-
cal limits. Then, each of the six joints is sequentially
selected as the tested target. To collect data under nor-
mal operating conditions, the tested joint performs re-
ciprocating motion under a normal voltage while the
other joints remain at their limit positions. Next, a gain
fault is simulated by changing the control voltage of
the tested joint from a normal voltage to a gain volt-
age (K,#1), while all other joints remain fixed at
their limit positions. Thus, the dynamic response of
the tested joint differs from that under normal condi-
tions. Furthermore, a failure fault (K,=0 and K,=0)
is simulated by cutting off the power supply to the

proportional valve of the tested joint, resulting in no
motion response under the normal voltage, while all
other joints remain at their limit positions. Table 1 lists
the limit position voltage, normal voltage, and gain
voltage for each joint.

Following the collection of signals at a sampling
frequency of 200 Hz, the position signals are processed
by applying median filtering with a window size of 9
and a step size of 1. Then, the position signals and
control voltages are sampled using the sliding window
method, with a window size of 100 (corresponding to
0.5 s) and a step size of 10. The size of the samples is
shown in Table 2. Each sample consists of 12 chan-
nels, and each channel contains 100 elements. For each
sample, channels 1-6 correspond to the position sig-
nals of six joints, respectively, while channels 7-12
correspond to the control voltages of six joints, re-
spectively. The number of samples differs for each
joint state.

Table 1 Limit position voltage, normal voltage, and gain
voltage of each joint of the manipulator

Joint Limit position Normal Gain
voltage (V) voltage (V) voltage (V)
1 -0.10 0.30 0.26
2 1.00 -0.16 -0.12
3 -1.00 0.30 0.26
4 1.00 -0.30 -0.26
5 -1.00 0.44 0.40
6 0.00 1.00 0.70
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Table 2 Sample size for training and testing

Sample size

Joint state — Class
Training dataset Test dataset
Normal-joint 1 297x12x100  148x12x100 1
Normal-joint 2 112x12x100 57x12x100 1
Normal-joint 3 292x12x100  146x12x100 1
Normal-joint 4 154x12x100  79x12x100 1
Normal-joint 5 376x12x100  186x12x100 1
Normal-joint 6 266x12x100  132x12x100 1
Gain fault-joint 1 366x12x100  182x12x100 2
Failure fault-joint 1 ~ 190x12x100 90x12x100 2
Gain fault-joint 2 164x12x100  84x12x100 3
Failure fault-joint 2 190x12x100  90x12x100 3
Gain fault-joint 3 393x12x100  194x12x100 4
Failure fault-joint 3 190x12x100  90%x12x100 4
Gain fault-joint 4 215%12x100  109x12x100 5
Failure fault-joint4  190%12x100 90x12x100 5
Gain fault-joint 5 431x12x100  216x12x100 6
Failure fault-joint 5 190x12x100  90x12x100 6
Gain fault-joint 6 403x12x100  199x12x100 7
Failure fault-joint 6  190x12x100  90x12x100 7

3.2 Evaluation metrics and model parameters

In this study, four performance evaluation met-
rics (accuracy, precision, recall, and F1-score) are em-
ployed. Considering the imbalance of samples among
different classes, macroaverage precision (MP), mac-
roaverage recall (MR), and macroaverage F1-score
(MF1) are adopted (Liu et al., 2024). The formulas of
the four metrics are as follows:

14
E Np s
5=1

b

A= (18)
# .
Fu= ié:l ”TP,’:TZFR{S ' (19)
1< Mp s
Ru= ﬂ(SI;l;’P.JE‘;FNJ ' (20)
Fyu= ﬁ, @1

where A, is the accuracy; N is the total number of
samples in the test dataset; x4 is the total number of
classes; 7., is the number of samples correctly pre-
dicted as class o (true positives for class 0); P,, is the
macroaverage precision; 7, ; is the number of sam-
ples incorrectly predicted as class o (false positives
for class 9); R, is the macroaverage recall; np, 4 is the
number of samples belonging to class J but incorrectly
predicted as another class (false negatives for class d);
F,, is the macroaverage F1-score.

The experiments are conducted using PyTorch
2.3.0 with CUDA 11.8 on an Intel Core 17-10870H
CPU and an NVIDIA GeForce RTX 2060 GPU. The
model is trained for 200 epochs using the Adam opti-
mizer with an initial learning rate of 0.0001 and batch
size of 64. A learning rate decay strategy is employed
with a step size of 80 epochs and a decay factor of
0.5. The specific parameter settings of the MGDC
module and the subsequent FCC module are shown in
Fig. 3. ‘In’ and ‘out’ represent the input channel and

9 In=12, out=64 In=64, out=4

=y

Weights
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o 4 & B O S
i1 [Diaton /!! / Diaton /!i / Dilation /il / Dilation /!
11/ rate=1 i rate=2 | i/ rate=4 | i1/ rates8 | ||
i i h ! il
i1/ Relu /il / RelU /1! / ReLU /1! / RelU /1
: | /1 :/ :E I J/ :E I 1/: [y l/: : In=64, out=7
i/ GAP / it/ GAP / it/ GAP i GAP / i
! \/ & ‘\/ . '\/ g "\/ % i Dropout=0.3
1
| Kemel size=10 In=12 Out=64 Stride=1  Padding=0 | l
Weight1l WeightZl Weight3l Weight4l -— Logits Em

Feature fusion layer

Fig. 3 Parameter settings of the MGDC module and the FCC module



output channel, respectively. The settings of kernel
size, input channel, output channel, stride, and pad-
ding are consistent across the different dilated branches.

3.3 Comparative study

3.3.1 Impact of position signal and logit masking in
the TG module

The TG module integrates position signal mask-
ing and classification logits masking to provide guid-
ance for feature extraction and classification. To vali-
date its effectiveness, this section compares GDDCN
with three variants, including a method without any
masking operation (GODDCN), a method that only
masks position signals (GIDDCN), and a method that
only masks classification logits (G2DDCN). The ac-
curacy comparison curves are shown in Fig. 4. Each
point is the average accuracy of 10 consecutive ep-
ochs. G2DDCN shows slightly higher accuracy than
GDDCN during the early stages but demonstrates
poorer convergence performance, which reflects the
limitations of guidance solely at the classification. Al-
though GIDDCN eventually achieves an accuracy
close to that of GDDCN, its accuracy during early ep-
ochs is noticeably lower than that of GDDCN. The
comparison results indicate that the guidance of fea-
ture extraction and classification are complementary,
confirming the effectiveness of the dual guidance
mechanism in enhancing model performance.

100 |
90
é 80}
g
5 70f
3
< 60} —&— GDDCN
—e— G1DDCN
50 | —A— G2DDCN
—v— GODDCN
40

0 20 40 60 80 100 120 140 160 180 200
Epoch

Fig. 4 Comparison of different approaches using TG module

To investigate the influence of different position
masking values 7, four masking values (-1, -3, -5,
and —10) are tested. The accuracy comparison curves
are shown in Fig. 5. When the position masking value
is —1, the accuracy increases rapidly and achieves the
best convergence. As the masking value gradually de-
creases to —3, =5, and —10, the accuracy improvement
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Fig. 5 Comparison under different position masking values

becomes gradually slower, and it shows oscillations
in later epochs. This indicates that the position mask-
ing value should be set within an appropriate range to
be effectively processed by the model.

3.3.2 Comparison between using the LD module and
using fixed-parameter differential methods

To validate the superiority of the LD kernel, ex-
periments are designed to compare it with fixed-
parameter differential kernels set to values of 1, 10,
and 20. The fixed kernel parameters are kept constant
and not updated during training. The experimental re-
sults are shown in Fig. 6. When the fixed kernel pa-
rameters are set to 1, 10, and 20, corresponding to
GD-1-DCN, GD-10-DCN, and GD-20-DCN, respec-
tively, there are significant differences in the model’s
accuracy. In contrast, the proposed GDDCN can auto-
matically learn the appropriate kernel parameters and
achieve superior performance simultaneously.

100 |

< 90

X
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Fig. 6 Comparison under different kernel parameters

To clearly study the training process of the differ-
ential kernel parameters across the six channels, Fig. 7
presents their variation curves with respect to training
epochs. The kernel parameters continuously adjust from
their initial values (the parameters are initialized uni-
formly in the range of [-1, 1]), and eventually converge
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Fig. 7 Changes in differential kernel parameters across
epochs

to the parameters suitable for the model, which im-
proves the adaptability of gradient feature extraction.

3.3.3 Comparison using a single-scale dilated convolution
branch in the MGDC module

After the LD module, this study further introduces
an MGDC module based on four dilation rates of 1, 2,
4, and 8 to enhance the feature extraction capability. To
investigate the impact of multiscale settings on diag-
nostic performance, comparative experiments are de-
signed by constructing four models, each retaining a sin-
gle dilation rate branch (named GDDCN-1, GDDCN-2,
GDDCN-4, and GDDCN-8). Their performance is
compared with GDDCN. To mitigate randomness, the
final performance metrics are reported as the average
of the last 20 epochs (denoted as average accuracy,
MP, MR, and MF1).

As shown in Table 3, the evaluation metrics of
GDDCN-1 (traditional convolution) and GDDCN-8
are below 99.00%, while GDDCN-2 and GDDCN-4
show better performance, which suggests that moder-
ate dilation rates have advantages in feature extraction.
In contrast, the proposed GDDCN achieves an average

Table 3 Comparison between GDDCN and single dilation
rate models

Model ac‘:l’r Zrcayg?%) MP (%) MR (%) MFI (%)
GDDCN 99.39 9953 9950  99.51
GDDCN-1  98.62 98.85  98.99  98.92
GDDCN-2  99.03 99.15 9930  99.22
GDDCN-4  99.04 99.18 9929 9923
GDDCN-8  98.39 98.58  98.89  98.73

accuracy of 99.39% and outperforms other models
in overall performance, validating the effectiveness of
the multiscale convolution structure in enhancing fea-
ture extraction capability.

3.3.4 Comparison with using global max pooling in
the MGDC module

To produce uniform-length sequences of global
features, a global pooling operation is introduced after
multiscale feature extraction. To investigate the impact
of pooling methods on model performance, a compar-
ative experiment between GAP and global max pool-
ing (GMP) is conducted. The experimental result in
Fig. 8 indicates that GAP outperforms GMP across
four evaluation metrics, and therefore is more suitable
for the feature compression strategy.

Awvp

[] Average accuracy MR X MF1

99.39 99.53 99.50 99.51

100
80
60
40
20
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XX
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Value (%)

7/
R
5
RS

Pooling method

Fig. 8 Comparison between GAP and GMP

3.3.5 Comparison with prevalent DL methods

To further validate the superiority of the proposed
GDDCN, comparative experiments are carried out with
several DL models, including the CNN, RNN, GRU,
long short-term memory (LSTM), multi-head attention
(MHA), CNN-GRU, CNN-LSTM, and CNN-MHA.
Fig. 9 shows the accuracy, MP, MR, and MF1 for each
method under different training epochs (20 and 200).
The accuracy and MF1 of most DL models converge
to values below 70.00%, their MR converges to values
below 90.00%, and their MP converges to values
below 60.00%. Moreover, the evaluation metrics of
most models show little improvement from epoch 20
to 200, indicating that their learning capacity is lim-
ited. Among them, CNN-MHA performs relatively
good, with accuracy exceeding 75.00%, MP and MF1
exceeding 80.00%, and MR exceeding 90.00%. In
contrast, the metrics of the proposed GDDCN con-
verge to values approaching 100.00% and show sig-
nificant improvements from epoch 20 to 200. These
results further validate the superiority of GDDCN.
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3.4 Ablation study

To further evaluate the effectiveness of the
GDDCN, ablation studies are conducted. The ablation
models include GDDCN without the TG module
(DDCN), GDDCN without the LD module (GDCN),
and GDDCN without the MGDC module (GDN).
Table 4 presents the comparison results of GDDCN
with ablation models across four evaluation metrics.
The average accuracy, MP, MR, and MF1 of DDCN
and GDCN are all lower than 90.00%, while GDN is
close to 98.00%. In contrast, the corresponding met-
rics of GDDCN are 99.39%, 99.53%, 99.50%, and
99.51%, respectively, which outperform the ablation
models and demonstrate its effectiveness in overall
performance.

Table 4 Performance comparison of the GDDCN and its

variants
Model acfuvr eryg‘z% ) MP(%6)  MR(%) MFI(%)
GDDCN  99.39 9953 9950  99.51
DDCN 88.96 87.64 8747 8748
GDCN 67.08 5837  85.71 69.38
GDN 97.65 9791 9849  98.17

To visually demonstrate the advantages of
GDDCN over GDCN and DDCN, Fig. 10 presents the
confusion matrices of the three methods. The GDCN
has difficulty distinguishing normal and broken-down
joints because of the lack of differential features; the
DDCN is prone to confusing faults in different joints
due to the lack of a TG module. These results further
confirm the importance of incorporating differential
feature extraction and TG mechanisms for accurate
fault identification.

To show the superiority of GDDCN over GDN,
Fig. 11 shows the classification results of these two

methods for each class in the test dataset. In Fig. 11,
the regions divided by the joint state boundary in
class 1 correspond to the normal samples of joints 1
to 6, and the regions in classes 2 to 7 represent the
gain and failure faults of each joint, respectively (de-
tails can be found in Table 5). It can be observed that
GDDCN and GDN perform well in identifying failure
faults. However, the majority of the samples that are
misclassified by GDDCN are also incorrectly labeled
by GDN, and GDN exhibits more misclassifications
in the identification of gain failures. This indicates that
GDDCN is more effective in distinguishing gain faults.

4 Conclusions

To address the challenges of fault localization, a
GDDCN is proposed in this study. First, a TG module
is designed to jointly guide feature extraction and clas-
sification decisions, making the model more attentive
to the features of the tested joint. Then, an LD kernel
with its center parameter fixed at zero and side param-
eters opposite in sign is introduced to adaptively cap-
ture gradient features from positional signals. Finally,
a multiscale dilated convolution combined with a scale
fusion strategy effectively extracts cross-scale global
features. The effectiveness of these modules is vali-
dated on a hydraulic manipulator platform. The main
conclusions are as follows:

(1) The proposed GDDCN achieves an average
classification accuracy of 99.39% in the test dataset of
the hydraulic manipulator platform. It outperforms the
ablation variants and widely used methods in four
evaluation metrics, which indicates its advantage in
overall performance.

(2) The comparative study shows that the guid-
ance of feature extraction and classification has
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Fig. 11 Classification results during the test dataset using (a) GDDCN and (b) GDN

Table 5 Regional interpretations of samples per category

Joint state Classification class ~ Region
Normal-joint 1 1 1
Normal-joint 2 1 2
Normal-joint 3 1 3
Normal-joint 4 1 4
Normal-joint 5 1 5
Normal-joint 6 1 6
Gain fault-joint 1 2 1
Failure fault-joint 1 2 2
Gain fault-joint 2 3 1
Failure fault-joint 2 3 2
Gain fault-joint 3 4 1
Failure fault-joint 3 4 2
Gain fault-joint 4 5 1
Failure fault-joint 4 5 2
Gain fault-joint 5 6 1
Failure fault-joint 5 6 2
Gain fault-joint 6 7 1
Failure fault-joint 6 7 2

complementary effects. The LD kernel can update its
parameters automatically, demonstrating stronger adapt-
ability than the traditional fixed-parameter difference
operator. The performance of the MGDC module is

superior to that of its single-scale version, and GAP
is more effective than GMP in extracting features.
Comparative experiments with several mainstream DL
methods demonstrate that GDDCN exhibits signifi-
cant advantages in diagnosis.

(3) The ablation study shows that the absence of
the TG module leads to confusion among joint faults,
the lack of the LD module impairs the model’s ability
to distinguish normal from faulty states, and remov-
ing the MGDC module diminishes the ability to iden-
tify gain faults despite achieving an average accuracy
of 97.65%. These results validate the effectiveness of
GDDCN.

Although GDDCN has achieved strong results in
both comparative and ablation studies, the following
limitations and challenges still exist. First, the current
diagnosis can only locate the faulty joint but cannot
further identify the faulty components within the joint.
Second, this experiment was completed in a conven-
tional environment, and the effectiveness of the model
in harsh environments such as underwater environments
needs to be further verified. In the future, we will con-
duct relevant research in response to the above limita-
tions. Meanwhile, fault-tolerant control strategies will



be developed based on the diagnostic results to ensure
the performance of the joints in case of faults.
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