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To overcome the limitations of traditional convolutional neural networks in monitoring polishing
and grinding chatter, this paper proposes a fusion approach combining deep separable convolutional neural
networks (DCNNs) with gated recurrent units (GRUs). The grinding force signal undergoes preprocessing via
an optimised variational model decomposition (VMD) algorithm and wavelet threshold denoising, with model
hyperparameters optimised using a hybrid genetic—particle swarm algorithm (MGP). The designed squeeze-
and-excitation (SE)-DCNN-GRU model employs deep separable convolution for multi-scale feature extraction,
utilises the SE attention module to enhance key feature representation, and incorporates residual connections to
address network degradation issues. Experiments demonstrate that this model achieves up to 98.8 % recognition
accuracy for thin-walled titanium alloy components, maintaining over 95 % accuracy even under — 5 dB noise
conditions. Convergence speed increases by 39 % with significantly enhanced stability, providing an effective
solution for chatter monitoring under complex operating conditions.

In modern manufacturing, thin-walled components are exten-
sively employed in aerospace, energy, and other industries
due to their lightweight advantages, yet the occurrence of
chatter can severely impact economic efficiency and impede
the advancement of high-speed, high-precision machining
(Feng et al., 2016; Cao et al., 2017). Traditional prediction
methods based on stability lobe diagrams are plagued by var-
ious limitations, underscoring the urgent need for real-time
intelligent monitoring technologies. Polish-grinding chatter
is essentially the result of a positive feedback coupling be-
tween cutting forces and the displacement of the machin-
ing system, and it can be broadly classified into free vi-
bration, forced vibration, and self-excited vibration (Altin-
tas and Weck, 2004). Among them, regenerative chatter is
induced by the periodic fluctuation of the cutting thickness.
In 1954, based on Arnold’s theory, Tlusty further deepened
the dynamic model of friction-induced chatter and proposed
that the relative kinematic characteristics between the micro-
elements of the cutting edge of the tool and the surface to

be machined of the workpiece during the dynamic cutting
process, the dynamic modulation effect of the tool rake an-
gle, and the phase coupling relationship among the cutting
force vectors are the core mechanisms inducing friction-type
chatter (Arnold, 1946). Liu et al. (1998) constructed a polish-
grinding chatter dynamic model that incorporated clearance
nonlinearity, and through a combination of numerical sim-
ulations and asymptotic analysis, they revealed the interac-
tive coupling phenomena of two nonlinear modes within the
machine tool structure, ultimately deriving explicit expres-
sions for the critical conditions of cutting speed and chatter
instability using a multi-scale averaging method (Tlusty and
Ismail, 1981).

Chatter monitoring in titanium alloy thin-walled compo-
nent processing presents multiple challenges. Existing fea-
ture extraction techniques are primarily categorised into
time-domain analysis (Altintag and Budak, 1995), frequency-
domain analysis (Altintas, 2002), and time—frequency anal-
ysis (Kuljanic et al., 2008). Traditional machine learning
methods, such as support vector machines (SVMs), decision
trees, and artificial neural networks (ANN), have been ap-
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Flowchart of chatter monitoring based on SE-DCNN-GRU.

plied; for instance, Yang et al. (2019) employed simulated
annealing (SA) to adaptively determine the optimal number
of variational model decomposition (VMD) layers, and Liu
et al. (2017) proposed a method for automatically selecting
the VMD decomposition layers based on peaks. However,
these approaches, which depend heavily on manual feature
engineering, often struggle to generalise effectively under
complex operating conditions.

In recent years, deep learning technology has made sig-
nificant breakthroughs. Conventional neural network (CNN)
models extract local features through convolution operations,
although their performance can be limited by issues such
as gradient vanishing (Zhang et al., 2023). Recurrent neural
network (RNN) models, including long short-term memory
(LSTM) and gated recurrent unit (GRU) models, are adept
at capturing temporal dependencies but tend to be inefficient
in processing high-dimensional data (Han et al., 2022). Hy-
brid models, such as CNN-LSTM, have shown promise in
vibration monitoring applications (Zhou et al., 2022), yet
the mechanisms for effective feature fusion remain to be
optimised. The limitations of traditional convolutional neu-
ral networks (CNNs) in vibration signal detection are pri-
marily manifested in three aspects: first, the one-sided na-
ture of feature extraction; second, insufficient ability to cap-
ture temporal dynamic features; and third, weak noise resis-
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tance. These limitations are particularly evident in the con-
text of chatter monitoring during milling of thin-walled com-
ponents. For example, in milling experiments on TC4 tita-
nium alloy thin-walled components, when using a traditional
CNN model for chatter identification of milling force signals,
the highest accuracy rate achieved was only 90.2 %. This re-
sult stems from the fact that the convolution kernels in tradi-
tional CNNs are primarily designed to target local spatial fea-
tures, making it difficult to effectively extract the multi-scale
frequency components inherent in chatter signals. When the
milling process transitions from a stable state to mild chat-
ter, the high-frequency components of the signal exhibit non-
stationary fluctuations. However, the fixed convolution ker-
nels in traditional CNNs cannot adaptively capture such dy-
namic changes, leading to incomplete feature extraction.
Existing research shows that deep separable CNNs (DC-
NNs) reduce the parameter load by decomposing the con-
volution kernels (Tariq et al., 2022), while the squeeze-and-
excitation (SE) attention mechanism strengthens the correla-
tion between channels, providing new insights for overcom-
ing the limitations inherent in traditional CNNs (Cao et al.,
2013). Motivated by these challenges and advancements, this
study presents an intelligent monitoring approach for polish-
grinding chatter that integrates DCNN with GRU (Yang et
al., 2019). A VMD parameter optimisation strategy based



on fuzzy entropy is proposed, which, in conjunction with
wavelet threshold denoising (Zhu et al., 2020), significantly
improves signal quality in the preprocessing stage. The re-
sultant SE-DCNN-GRU model achieves multi-scale feature
extraction via deep separable convolution, leverages an SE
module to enhance key feature representation, and employs
a novel MGP (Cherukuri et al., 2019) hybrid algorithm (ge-
netic algorithm and particle swarm optimisation) designed
to achieve global optimisation of network hyperparameters
(Zacharia and Krishnakumar, 2020).

In summary, the main contributions of this study can be
outlined as follows:

1. An optimised signal preprocessing method combining
VMD with wavelet threshold (Zhu et al., 2010) denois-
ing is developed (Li et al., 2025). By rigorously de-
termining the optimal values for the VMD decompo-
sition level and penalty factor, the method effectively
suppresses noise interference during signal reconstruc-
tion, thereby providing a robust foundation for subse-
quent neural network training and testing (Gao et al.,
2020).

2. The SE-DCNN-GRU network model is constructed to
enhance polish-grinding chatter monitoring. The model
employs an inception module for multi-scale feature ex-
traction and leverages deep separable convolution to ac-
celerate training. Subsequently, the integration of an SE
attention mechanism deepens feature extraction, and the
softmax function is utilised to generate the final classi-
fication results (Liu et al., 2025).

3. The MGP fusion optimisation algorithm proposed in
this paper is used to optimise the hyperparameters of the
SE-DCNN-GRU network model, and finally a network
model with the optimal solution is fully constructed
(Zhou et al., 2023). Through various means such as loss
function evaluation and accuracy curve plotting, it is
fully verified that this model has a good recognition ef-
fect. Finally, through a comprehensive comparison with
different models and algorithms, the significant advan-
tages of the algorithm proposed in this paper in terms of
performance, accuracy, etc. are highlighted.

The remainder of this paper is organised as follows:
Sect. 2 introduces the components of the attention-enhanced
DCNN-GRU monitoring model; Sect. 3 details the hyper-
parameter optimisation process for the monitoring model;
Sect. 4 presents experimental validation and analysis of the
model’s recognition accuracy; and Sect. 5 concludes the
study with a summary of the findings.

This paper proposes a chatter monitoring system based on
the SE-DCNN-GRU neural network model. The flowchart is
shown in Fig. 1. By adopting the depth-wise separable con-
volution technology and comprehensively considering the
overall situation, the entire process of the model, from pre-
processing to network training and chatter identification, is
obtained. Taking full advantage of the superiority of CNN
in local feature extraction and the ability of GRU to ex-
tract the temporal characteristics of time series, a CNN-GRU
monitoring model is constructed. Meanwhile, innovatively,
the MGP algorithm, that is, the genetic algorithm (GA)-
particle swarm optimisation (PSO) fusion algorithm, is used
to optimise the hyperparameters of the DCNN-GRU neu-
ral network model, avoiding the limitations of the traditional
method of setting hyperparameter values based on experi-
ence. Finally, the optimal values of the model hyperparam-
eters are obtained. As a result, the accuracy of the proposed
model in monitoring chatter reaches 98.8 %.

In VMD, the selection of the decomposition level k and the
penalty factor « significantly influences the quality of the re-
sulting mode decomposition. In this study, a tailored param-
eter selection strategy is adopted to determine the optimal
values of k and .

(i) Selection of decomposition level k.

This study proposes a criterion for selecting the optimal
decomposition level k based on the difference in correlation
coefficients between adjacent intrinsic mode function (IMF)
components. The detailed procedure for determining k is as
follows:

a. Initialise k: set the initial value of k = 2.

b. Apply VMD: perform VMD on the original signal to
obtain k IMFs.

c. Compute correlation coefficients: calculate the correla-
tion coefficient k between each pair of IMF components
using Eq. (1).

3 up () (1)
ok = l:()k:kl (1)
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t=0k=1

Here, u(t) denotes the kth IMF component obtained
from the VMD decomposition.



d. The difference in correlation coefficients § between two
adjacent IMF components is calculated as follows:

Sk = lok — pr+1l. ()

e. Compare the difference in correlation coefficients §y
with the decision threshold 6 (where 6 = 0.1). If §; <
0, it indicates over-decomposition, and K is decre-
mented by 1 until the criterion is satisfied. Conversely,
if 8; > 0, K is incrementally increased by 1 until over-
decomposition occurs, at which point the value of K —1
is output.

The polish-grinding force signal is selected for VMD decom-
position preprocessing. Starting with K = 2, the value of K
is gradually increased. Based on extensive experimental re-
sults, it is found that setting K =4 yields the optimal out-
come for the VMD decomposition parameter.

(ii) Selection of the penalty factor «.

This study employs a method based on fuzzy entropy to
select the penalty factor («), effectively enhancing the im-
pact components in the chatter signal. By optimising («), the
fuzzy entropy (FE) value of the VMD reconstructed signal is
minimised, thereby improving the signal quality and making
the decomposition more effective in capturing the essential
features of the chatter signal. The definition of FE is as fol-
lows:

FE(m,n,r)=[Ingp™ (n,r)1n<pm+1(n,r)]. 3)

When N is finite, the fuzzy entropy FE(mnr) can be ex-
pressed as

FE(m,n,r,N)=In¢" (n,r)Ing" ' (n,r). 4)

Based on the above formula for signal analysis, when the
penalty factor @ = 2300, the minimum value of the signal’s
fuzzy entropy gradually stabilises. This indicates the moment
when the signal contains the most significant impact compo-
nents and exhibits the highest similarity. Therefore, the sig-
nal is decomposed using K =4 and o = 2300 as the optimal
parameter settings for VMD decomposition.

Due to its localisation properties, wavelet transform can si-
multaneously analyse a signal in both the time and the fre-
quency domains, effectively capturing local features of the
signal. The continuous wavelet transform (CWT) expression
for a function f(¢) is given by

W¢f<a,b>=(f<x>,¢a,b<x>)=|ar%/f<x>
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In the expression, a represents the scale factor and b rep-
resents the translation factor. The projection of the function
f(x) onto the function ¢, ; (x) is given by the wavelet trans-
form W, f (a, b), which can be expressed as

SRS (Wof) @ b)gas )db] %
Zf()oo —|¢(w)|2da) '

Figure 2 illustrates the structure of the wavelet transform,
where CA represents the high-frequency coefficients and CD
represents the low-frequency coefficients.

fx)=

)

GRU, a variant of RNN, was proposed by Chung et
al. (2014). Utilising a gating mechanism, it effectively retains
long-term temporal information. Compared to LSTM, which
uses three gates — input, output, and forget gates — GRU
simplifies the architecture by employing only two gates: the
update gate and the reset gate. This simplification reduces
model complexity, improves computational efficiency, and
minimises potential redundancy between gates. The basic
unit structure of the GRU network is shown in Fig. 3.

As shown in Fig. 3, (z;) denotes the update gate and (r;)
represents the reset gate. The specific calculation formulas
are as follows:



2t =0 Wx; +Uzhi—1 4+ by), ®)
rr=0Wx;+Uhi—1+by). 9)

In these equations, o denotes the sigmoid activation func-
tion. W,, W,., U, and U, represent the corresponding weight
matrices, while b, and b, denote the respective bias vectors.
X; is the input at the current time step, and /;_ is the hidden
state from the previous time step.

As can be seen from the above formulations, both the up-
date gate and the reset gate perform parameter transforma-
tions on (x;) and (h,_1), followed by the sigmoid activation
to constrain the outputs within the range [0, 1]. This mecha-
nism enables fine-grained control over the flow of informa-
tion.

After obtaining the two gating signals, the reset gate is
used to compute the candidate hidden state (hy), which is
then employed to calculate the current hidden state (%;). The
specific formulas are as follows:

hy =tanh (Wyx; + Uy (ry © hy—1) + bp) (10)
h =2 Ohi—1+(1—2)Ohy. (11)

In these equations, tanh denotes the hyperbolic tangent func-
tion. Wy, and Uj, represent the corresponding weight matri-
ces, and by, is the associated bias vector. The symbol © de-
notes the element-wise (Hadamard) product.

When z; = 0, the current hidden state 4, exhibits a non-
linear relationship with the previous hidden state /;_1; when
z¢ = 1, the relationship becomes linear. Similarly, when r; =
0, the candidate state /2, depends solely on the current input
X¢, excluding any influence from past hidden states. In con-
trast, when r, = 1, the computation of h~[ mirrors that of a
conventional RNN.

This study innovatively integrates the inception module into
the CNN architecture. The inception module performs mul-
tiple convolution and pooling operations in parallel and con-
catenates all outputs to enable the model to autonomously
learn features at multiple scales. As illustrated in Fig. 4, the
CNN architecture primarily consists of an input layer, con-
volutional layers, pooling layers, fully connected layers, and
an output layer.

As a core component of CNNs, the convolutional layer
performs feature extraction through convolution operations.
The specific computation is given by the following formula:

1-1

l 1-1_11 !

= 2 x; ki by | (12)
iEMj

In this equation, x’ denotes the jth feature map in the
Ith layer and f (-) represents the nonlinear activation func-
tion. M is the set of input feature maps contributing to the

Jjth output, and xf ~! denotes the ith feature map from the
(I — Dyth layer. kf j is the convolution kernel applied between
the ith input and the jth output feature map, * denotes the
convolution operation, and b’ is the bias term.

Furthermore, this study introduces a deeper optimisation
of the inception module by incorporating depth-wise separa-
ble convolution. Traditional 3 x 3 and 5 x 5 kernels are de-
composed into multiple smaller kernels suchas 1 x 3,3 x 1,
1 x5, and 5 x 1, significantly accelerating the training pro-
cess. The detailed architecture of the optimised inception
module is illustrated in Fig. 5.

In the field of deep learning, the attention mechanism is an
extremely effective tool. The SE attention mechanism, pro-
posed by squeeze-and-excitation networks (SE networks), is
illustrated in Fig. 6.

Final output of the SE module x. is calculated as follows:

Xe = Ficale (U, 5¢) = Sclle- (13)

In traditional neural network models, hyperparameter values
are often selected based on the experience of researchers,
which can lead to model uncertainty and negatively impact
vibration monitoring performance. Optimisation algorithms
can effectively select the optimal hyperparameter values, re-
ducing model redundancy and improving operational effi-
ciency. Among the commonly used optimisation algorithms,
genetic algorithms (GAs) and particle swarm optimisation
(PSO) have shown superiority in handling time series, though
each has its own strengths and weaknesses. This study inno-
vatively applies the MGP algorithm, a GA-PSO hybrid ap-
proach, to optimise the hyperparameters of the DCNN-GRU
neural network model.

To address the issues of premature convergence and lo-
cal minima in the PSO algorithm, this study integrates the
GA algorithm with PSO to construct the MGP optimisation
method. By leveraging the strengths of both algorithms, the
hyperparameters of the neural network are optimised. During
PSO execution, GA’s selection and mutation operations are
incorporated. The global search capability of the PSO algo-
rithm is enhanced by integrating the selection and mutation
mechanisms of GA. Specifically, introducing the selection
and mutation operations of GA into the PSO iteration pro-
cess can optimise the movement trajectory of particles while
maintaining population diversity, thereby effectively improv-
ing the accuracy and stability of the machine tool vibration
monitoring model.
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The optimisation process begins by defining the hyperpa-
rameters to be tuned, specifically the learning rate, batch size,
and number of iterations, with other parameters pre-sets. The
MGP algorithm is then applied to optimise these hyperpa-
rameters, leading to the identification of the optimal network
model. First, initialise the particle swarm containing hyper-
parameters such as learning rate, batch size, and iteration
count. Each particle corresponds to a set of hyperparameter
combinations. During iteration, first execute the PSO veloc-
ity and position update mechanism; i.e. particles adjust their
search direction based on their own historical best solution
(pbest) and global best solution (gbest). Next, introduce the
selection and mutation operators from GA to optimise the
population: sort the particle swarm by fitness, retain the top

Mech. Sci., 16, 615-626, 2025

50 % of high-quality particles to maintain their superior char-
acteristics, and use the roulette wheel selection operator to
screen out individuals for optimisation from the bottom 50 %
of particles. Then perform velocity and position mutations on
these individuals, introducing random perturbations to avoid
getting stuck in local optima. Finally, the fitness of particles
before and after mutation is compared, and the best ones are
selected to form a new population, achieving the synergistic
effect of PSO’s rapid convergence and GA’s maintenance of
population diversity.

The overall workflow of the MGP-based network optimi-
sation is shown in Fig. 7.

This paper employs the MGP algorithm to optimise the hy-
perparameters of the DCNN—GRU neural network, improv-

https://doi.org/10.5194/ms-16-615-2025
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ing convergence speed, overcoming premature convergence,
and enhancing network performance. The optimal solution
from the MGP algorithm defines the hyperparameters to be
optimised within the DCNN-GRU network. These hyper-
parameters are then applied to the DCNN-GRU model for
training and validation, resulting in chatter monitoring accu-
racy and the loss function curve.

The fitness function, designed based on the optimisation
problem, evaluates particle quality during the iteration pro-
cess. The MGP-DCNN-GRU model is used to monitor chat-
ter in machine tool machining, with the mean squared error
(MSE) chosen as the fitness function, as defined by the fol-
lowing formula:

n

1
EM=-3"(5i—n)" (14)

i=1

Here, n denotes the number of training samples, y; repre-
sents the monitoring output of the ith instance, and y; is the
corresponding expected value (i.e. the ground truth).

The proposed MGP algorithm employs two genetic opera-
tors, the selection operator and the mutation operator, as de-
tailed below.

https://doi.org/10.5194/ms-16-615-2025
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1. Selection operator: this study adopts the roulette wheel

method to perform the selection operation. The selec-
tion probability ps is defined by the following formula:

_ YEW
= RO
S (1/E(»)

1

15)

Here, E (y) denotes the fitness value of an individual in
the population.

. Mutation operator: in the MGP algorithm, mutation op-

erations are applied to both the velocity and the position
of particles. The specific mutation formulas are as fol-
lows.

Velocity mutation operation.

i (k) + (v (k) — vmax) % f(g)
vi (k+1) = Zi<k>+<3min—zz(k))xf(§) s

oo
i

(16)

— =

Mech. Sci., 16, 615-626, 2025
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Here, vmax and vpin represent the upper and lower
bounds of particle velocity, respectively, and xmax and
Xmin denote the upper and lower bounds of particle po-
sition. The variables, ry, r», and r3 are random values
uniformly distributed in the range [0, 1], and g denotes
the current iteration number.

Mech. Sci., 16, 615-626, 2025
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The parameter design in particle swarm optimisation
(PSO) plays a critical role, particularly concerning the in-
ertia weight and maximum velocity, as the effectiveness of
these parameters directly influences the algorithm’s search
capability. In this study, the particle velocity is constrained
as follows: if a particle’s velocity v; > vmax, then v; is set to
Umax; 1f Vi < —vUmax, then v; is set to —vpax. This velocity
regulation allows particles to maintain a high-speed move-
ment state when exceeding the threshold, which facilitates
further exploration based on already promising solutions. As
a result, the likelihood of the PSO algorithm identifying the
global optimum is significantly enhanced.

https://doi.org/10.5194/ms-16-615-2025
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To facilitate subsequent data preprocessing and network
training, this paper conducts milling experiments under dif-
ferent dry cutting conditions using an industrial robot with
ABB IRB1410 and a single-degree-of-freedom constant-
force grinding and polishing device as the end effector. The
industrial robot control system is the IRCS body controller,
and the end effector is controlled by a Siemens PLC. The
controller includes the IRC5 body controller of the mechan-
ical arm, and the grinding tool used is a diamond-coated
grinding head. The experimental workpiece is a titanium al-
loy TC4 impeller with a size of @200 mm x 50 mm.

To thoroughly validate the performance of the pro-
posed MGP-SE-DCNN-GRU model, the accuracy and loss
changes for both the training and the test sets were recorded
during the training process. After optimisation of the hyper-
parameters of the SE-DCNN-GRU model using the MGP
algorithm, the final selected parameters were a learning rate
of 0.001, 60 iterations, and a batch size of 64, as shown in Ta-
ble 1. The specific results for vibration monitoring accuracy
and loss are depicted in Figs. 9. and 10.

The experimental results demonstrate that the MGP-SE—
DCNN-GRU model initially exhibits relatively low accuracy
and high loss. As training progresses, by approximately the
20th epoch the model’s performance stabilises, achieving a
peak accuracy of 98.8 % with negligible subsequent varia-
tion and reducing the loss to around 1 %, thereby validating
the stability and convergence of the proposed network archi-
tecture. To visually illustrate classification performance, con-
fusion matrices for both the validation and the test sets are
presented in Fig. 11.

The experimental results reveal that the proposed model
achieved 100 % correct classification of chatter types on the
validation set. Furthermore, it was able to accurately distin-
guish chatter modes on the test set to a very high degree.
These findings unequivocally demonstrate the model’s excel-
lent accuracy on this dataset.

Validation Set Contusion Matrix
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Class 1
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Comparison of different models.

In this study, a series of comparative experiments were con-
ducted on the dataset to benchmark the proposed model
against several representative methods for polish-grinding
force chatter monitoring. The models selected for compar-
ison were the GA—CNN-GRU network, the PSO-CNN-
LSTM network, the SE-CNN-GRU network, and a conven-
tional CNN-GRU network. Chatter vibration data were in-
put into each model, and performance was evaluated over
five independent trials. The comparative results are shown in
Fig. 12.

As illustrated in Fig. 13, the MGP-SE-DCNN-GRU
model achieves markedly higher accuracy and stability,
demonstrating exceptional classification performance on the
target dataset and significantly outperforming the other com-
pared networks.

The results in Fig. 13 further demonstrate that the pro-
posed network architecture not only achieves the highest
classification accuracy (98.8 %) but also converges signifi-
cantly faster during training than the compared models, high-
lighting its overall advantages in feature learning efficiency
and parameter optimisation.



Structural mass statistics of the polishing and grinding device.

Serial number Name Mass (g)  Quantity (pcs)
1 SGM7J — C2AFC6S Servo Motor 500 1
2 TMECO0050 — 012 — 00Z Voice Coil Motor 645 1
3 YuLi M3813D Six — axis Force Sensor 90 1
4 Hiemosen IKS9.1 Magnetic Scale Read Head 75 1
Network hyperparameters. scale feature extraction, improving training speed and
mitigating gradient vanishing and explosion. Batch nor-
Parameter Value malisation is also incorporated to normalise the input of
Learning rate 0.001 each layer, enhancing robustness and generalisation.
Batch size 64
Optimiser Adam 2. The model further integrates the squeeze-and-excitation
Epochs 60 (SE) attention mechanism to improve feature extraction,
Loss function MES while ResNet modules are introduced to enable feature
Activation function ~ ReLU reuse of chatter characteristics. The final classification
is obtained through a softmax function.
Accuracy Processing Time . e .
T B e = |soo 3. A multi-strategy global optimisation algorithm (MGP)
T Iy T 3 is proposed to optimise the hyperparameters of the SE—
0.8 400 DCNN-GRU network, leading to a well-tuned model.
. The effectiveness of the model is verified through loss
506 300 é function evaluation and accuracy curve analysis. Com-
§ T 2 prehensive comparisons with alternative models and al-
<04 200= gorithms highlight the superior accuracy and fast con-
G- - = vergence of the proposed DCNN-GRU model in chatter
02 100 detection based on polish-grinding force signals, con-
firming its overall advantages.

0 @ DCNN-GRU SE-CNN-GRU ONN-LSTM w0

Different Models

Comparison of classification accuracy and inference
time for different models.

To enable effective chatter monitoring, this study proposes
a novel method based on a deep separable convolutional
neural network (DCNN) integrated with a gated recurrent
unit (GRU) network. The approach begins with data pre-
processing of the acquired signals, followed by precise de-
termination of the optimal number of VMD decomposition
layers and the corresponding penalty factor. Subsequently, a
wavelet thresholding technique is applied for denoising and
signal reconstruction. A SE-DCNN-GRU chatter monitor-
ing model is then constructed, achieving a classification ac-
curacy of 98.8 %.

1. The inception module is enhanced by introducing
depth-wise separable convolutions, decomposing tradi-
tional 3 x 3 and 5 x 5 kernels into smaller kernels such
as 1 x3,3x1,1x5,and 5 x 1. This reduces the to-
tal number of model parameters while enabling multi-
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