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Multi-modal denoised data-driven
milling chatter detection using an
optimized hybrid neural network
architecture

Haining Gao'"“, Haoyu Wang?, Hongdan Shen?, Shule Xing?, Yong Yang?, Yinlin Wang?,
Wenfu Liu3, LeiYu®*, Mazhar Ali* & Imran Ali Khan*

Chatter, a type of self-excited vibration, deteriorates surface quality and reduces tool life and
machining efficiency. Chatter detection serves as an effective approach to achieve stable cutting.

To address the low accuracy in chatter detection caused by the limitations of both one-dimensional
temporal and two-dimensional image modal information, this study proposes a multi-modal denoised
data-driven milling chatter detection method using an optimized hybrid neural network architecture.
A data denoising model combining Complementary Ensemble Empirical Mode Decomposition (CEEMD)
and Singular Value Decomposition (SVD) is established. The Ivy algorithm is employed to optimize the
hyperparameters of CEEMD-SVD. Multi-modal data features of different machining states are then
obtained using time-frequency domain methods and Markov transition field methods. Sensitivity
analysis of time—frequency domain features is conducted using Pearson correlation coefficient analysis.
A hybrid neural network model (DBMA) for chatter detection is constructed by integrating dual-scale
parallel convolutional neural networks, bidirectional gated recurrent units, and multi-head attention
mechanisms. The Ivy algorithm is utilized to optimize the hyperparameters of DBMA. The t-SNE
algorithm is employed to visualize features extracted from different network layers of the chatter
detection model. Results demonstrate that effective denoising of machining signals and the use of
multi-modal data can significantly improve the accuracy of state detection. Compared with other
methods, the proposed model exhibits superior stability and robustness.
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Machining processes play a vital role in modern manufacturing, particularly in the aerospace industry where
high precision and reliability are essential!. However, critical components in aerospace applications, such as
blades, are prone to chatter during milling due to their thin-walled structure, complex geometry, and the use
of difficult-to-machine materials like titanium alloys. Chatter not only degrades machining surface quality
and shortens tool life but also poses serious safety risks to operators. To prevent chatter occurrence during
milling, researchers have conducted studies on chatter prediction? and chatter detection®*. Chatter prediction
first requires establishing a multi-degree-of-freedom dynamic model of the research object. Then, milling
experiments or cutting force models are conducted to obtain parameters such as modal parameters and cutting
force coefficients®. Next, stability lobe diagrams are generated using stability analysis methods. Based on the
stability lobe diagrams, stable machining parameters are selected®. However, due to the complexity of machining
conditions and variability of machining parameters, chatter may still occur even when stable cutting parameters
are selected’. Chatter detection has garnered widespread attention due to its advantages in real-time performance
and accuracy.

Signal acquisition is the first step in chatter detection. Common detection signals include vibration signals®®,
cutting force signals'®!!, current signals'>!%, and fused signals®'“. However, fused signals face challenges such
as temporal alignment and synchronization difficulties of multi-source data, information redundancy leading to
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increased feature selection and dimensionality reduction complexity, and difficulties in optimization and adaptive
adjustment of fusion weights'®. Kuljanic et al.!® found that rotary dynamometers performed well in laboratory
tests but had limited industrial applications. Spindle power signals showed lower reliability for chatter detection.
Wang et al.'® discovered that force signals and acceleration signals were more reliable for chatter detection.
Matthew et al. conducted comparative experiments between cutting force signals and acceleration signals. Their
research revealed that acceleration signals, with lower computational complexity, were more suitable for chatter
detection!”. However, experimental data obtained through sensors has limitations in processing condition range,
high costs, and time-consuming nature. To address this issue, Yin et al.!® generated simulated machining signals
based on dynamic milling process models. Kuo et al.!? employed generative adversarial networks to produce
abundant training data.

Feature extraction is the second step in chatter detection. Common feature extraction methods include time-
domain methods>?, frequency-domain methods?!, and time-frequency domain methods?>-?%. Time-domain
feature extraction is widely applied due to its relative simplicity and convenience. With the rapid development
of deep learning methods, time-frequency domain methods have become a research hotspot. Song et al.?2
proposed a second-order synchrosqueezing transform method for feature extraction. Compared with traditional
methods such as EMD, EEMD, VMD, and SET1, their proposed method exhibited the lowest noise in envelope
spectra. Jauhari et al.”* improved the sharpness of continuous wavelet transform images using wavelet-based
synchrosqueezing transform, enhancing the accuracy of feature extraction. The accuracy of recurrence plots
in reflecting cutting system dynamics depends on hyperparameter settings. To address this issue, Chen et al.2
proposed an adaptive particle swarm algorithm to calculate hyperparameters, thereby automatically generating
recurrence plots. Matthew et al.'” applied time-frequency masking techniques to process short-time Fourier
transforms, effectively reducing noise interference and highlighting chatter frequency components.

Pattern recognition is the third step in chatter detection. Pattern recognition methods consist of threshold
methods®!'4% and intelligent classification methods. The essence of threshold methods lies in selecting suitable
chatter indicators and thresholds. Chatter indicators include various measures such as entropy values'*? and
statistical indicators®. However, most existing indicators are directly or indirectly correlated with machining
parameters, causing indicators to fluctuate with changes in machining parameters and making early chatter
detection challenging. To address these issues, researchers have conducted several studies. Lu et al.?¢ introduced
a chatter correlation factor indicator that eliminated the effects of modal mixing and machining parameter
influences. Chen et al.”’ developed a chatter indicator based on cyclic steady-state energy ratio, which is
independent of cutting conditions. Zhao et al.?® proposed thresholds based on dual risk levels, effectively
overcoming the limitations of single thresholds. The sparse dictionary-based chatter detection method proposed
by Wang et al.?? can automatically adjust chatter detection thresholds. Similarly, sequential probability ratio tests
can also achieve automatic adjustment of chatter detection thresholds*.

Although traditional intelligent classification algorithms such as support vector machines and random forests
have achieved certain success in chatter detection, their practical applications are limited by high dependence
on manual feature engineering, restricted generalization capability, and unstable performance under complex
working conditions. Wan et al.*! improved support vector machines using adaptive boosting algorithms,
enhancing chatter monitoring accuracy. Deep learning has been widely applied in chatter detection due to its
advantages in automatic feature extraction, end-to-end learning capabilities, and efficient utilization of large-
scale data. Convolutional neural networks (CNNs) are the most extensively applied deep learning methods.
Current research primarily focuses on incorporating different attention mechanism modules into CNNs. Zhang
et al.3! proposed a hybrid deep convolutional neural network combining SE ResNet modules and Inception
modules. Lu et al.*? developed a noise-resistant convolutional neural network based on adaptive frequency band
attention modules and discriminative feature attention modules. Sun et al.** constructed a novel deep attention
information fusion network by integrating SE modules, MAConv modules, and CapsNet modules.

Multimodal data fusion has been widely applied in fault diagnosis*, geological disaster prediction®®, and
vehicle detection®. Existing multimodal data fusion methods can be classified into three levels: data-level
fusion, feature-level fusion, and decision-level fusion. Data-level fusion often encounters synchronization issues,
while decision-level fusion may lose detailed feature information. Feature-level fusion is adopted to balance
information preservation and fusion efficiency. Currently, single-modal features (one-dimensional temporal
features or two-dimensional image features) are predominantly used in chatter detection processes. Meanwhile,
the hyperparameters in signal denoising algorithms and convolutional neural networks are often set based on
human experience. Research on chatter detection based on multi-modal data and optimized hybrid neural
networks remains relatively limited, with their detection capabilities and application value requiring further
exploration.

An optimized CEEMD-SVD model for data denoising is first constructed in this study. Subsequently, time-
frequency domain analysis techniques and Markov transition field methods are applied to extract multi-modal
data related to machining states. Then, A DBMA for chatter detection is constructed by integrating dual-scale
parallel convolutional neural networks (DSPCNN), bidirectional gated recurrent units (BiGRU), and multi-head
attention mechanisms (MSA). To enhance model performance, the Ivy algorithm is employed to optimize the
hyperparameters of the DBMA model. Finally, the effectiveness of the proposed method is validated through
multiple evaluation metrics including accuracy, precision, recall, and F1-score.

Ivy algorithm
The Ivy algorithm is proposed by Ghasemi et al.*”. The algorithm primarily simulates different life stages of Ivy
plants, including growth, climbing, and propagation within ivy populations.

At the beginning of the algorithm, the initial positions of the Ivy population in the search space are randomly
determined using Eq. (1).
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L’ = Imin —l—rand(l,D) O] (Imaz - Imin)ai = ]-7 e 7NP0P (1)

where, Iinaz and Imin represent the upper and lower bounds of the search space, respectively. ©® denotes the
Hadamard product of two vectors. rand(1, D) is a D-dimensional vector of uniformly distributed random
numbers in the interval [0,1]. Nyop represents the total population size of Ivy plants.

Based on data-intensive experiments and simulation processes, the difference equation for growth rate Gv; (t)
of member I; is shown in Eq. 2.

AGu;i(t+1) = rand® ® (N(1, D) ® AGu;(t)) (2)

Vectors AGw; (t 4+ 1) and AGw;(t) represent the growth rates of the discrete-time system (at time ¢ and ¢ + 1
). rand?® is a random number of the random variable with probability density function equal to 1/(2,/).
N(1, D) denotes a D-dimensional random vector.

The equation describing member I;'s climbing and logical movement along the light source direction
utilizing member I;; is shown in Eq. 3.

I =L+ |N(1,D)|® (Ii; — )+ N(1,D) © AGv;,i = 1,2, -+ , Npop
AGuv, = { I’L (Imax - Irnin) 5 Iter =1 (3)
Yi =\ rand® ® (N(1,D) © AGuv;), Iter > 1

where, |[N (1, D)| is the absolute value of N (1, D). @ represents the Hadamard division of two vectors.

Member I; searches for better optimal solutions in the vicinity of member Ipes:. The computational process is
shown in Eq. 4.

I = Iges ® (rand(1, D) + N(1, D)AGuv;) (4)
AGU” = I O (Imax — Imin)

When the objective function value f(I;) of member I; is less than f(Ipes¢) multiplied by a factor,
B = (2 + rand)/ 2. Subsequently, the ivy plant begins to expand the width of its branches and leaves (given by
Eq. 3). Otherwise, the ivy grows and climbs upward (given by Eq. 4).

Data denoising and feature extraction
Ivy-CEEMD-SVD data denoising
CEEMD overcomes the mode mixing problem of EMD by adding white noise to the original signal, performing
multiple EMD decompositions, and then taking their average.

The reconstructed signal is obtained by adding and subtracting n Gaussian white noise signals n(t) with zero
mean, constant amplitude, and standard deviation from the original vibration signal z(t).

[ el =5l + sl ©)

where, x;4(t) represents the composite signal after adding j Gaussian white noise signals, x ;3 (t) denotes the
composite signal after subtracting j Gaussian white noise signals.

EMD decomposition is performed on ;4 (t) and z;,(t) to obtain IMF ﬁ and I M F;;, which are two sets of
integrated IMF components, and their average value is calculated.

SVD can effectively separate the principal components of signals from noise components, as larger singular
values typically correspond to the main structure of the signal, while smaller singular values are generally
associated with noise.

The IMFs obtained through CEEMD are reconstructed to obtain P = [IMFMFs, -, M Fn}T. Its
Hankel matrix is presented in Eq. 6.

T xiz - Tin
To1 X2 - T11
P = (6)
Tm1 ITm2 R xm(m#»nfl)
where I M F can be expressed as {x11, 12, * T1n }-

P is decomposed using singular value decomposition.
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where, U and V7T represent the left and right singular matrices respectively. S is the diagonal matrix,
S = diag(o1,02, - 0k), {01,02, -0} denotes the singular values of matrix P. yi; and v; are the i-th
eigenvectors of square matrices PP” and PTP respectively.

The denoising performance of CEEMD and SVD depends on several parameters, including ensemble size, noise
standard deviation, and the number of retained singular values. To reduce manual intervention and enhance
both the efficiency and effectiveness of the denoising process, the IVY-CEEMD-SVD method is proposed by
combining intelligent optimization algorithm with CEEMD-SVD. In the signal denoising process, the design of
the fitness function is crucial for evaluating the denoising performance. The ratio of Shannon entropy between
the denoised signal and the original signal is adopted as the fitness function. Signal-to-Noise Ratio (SNR),
Kurtosis Ratio (KR), and Correlation Coeflicient (CL) are employed as evaluation metrics.

= (py - log2(py)

fit== > (pa - log 2(p-) ®
S (a)?
SNR=10lg—"—"—— ©)
2 (zj —y;)?
KR_E[(y—§4]/(E[y—§2]>2—3 (10)
El(x -2/ (E[(z -2)%)? -3
CL — cov(z,y) (11)

std(z) - std(y)

where, x represents the original signal, y denotes the denoised signal, E[] represents the expected value, p
denotes the probability distribution of signal amplitude, cov represents the covariance, std denotes the standard
deviation.

Feature extraction

Comprehensive and accurate acquisition of state characteristics during the machining process is a prerequisite
for precise identification of milling chatter. Currently, time-domain, frequency-domain, and time-frequency
domain methods are commonly employed to obtain state characteristics during the machining process®. Time-
domain features, frequency-domain features, and time-frequency domain features are selected as state features,
as shown in Table 1.

The Markov Transition Field is a method that transforms time-series data into spatial image data. This method
extends the Markov state transition matrix by sequentially expressing the state transition matrix, fully preserving
discretized temporal dynamic information, and ultimately generates two-dimensional images through fuzzy
kernel aggregation.

Let X = {z1,22, -+ ,Zn} denote the time series, where n represents the total number of time points. The
range X is divided into @) equal quantile intervals. The Markov state transition matrix W is then constructed.

wil Wiz o WIQ
w21 W22 v W2Q

W = . . . (12)
w1 w2 -t W

where, w;; represents the transition probability from quantile interval i to quantile interval j, > w;; = 1.
i=1

A dynamic probability transition matrix M across multiple time scales was generated based on the Markov state
transition matrix.

Wijler€qimieq;  Wijlereaieeq; 7 Wijleieqieieq;
wij|$1€qm$1€q; wij|:€1€q¢7$1€f1j o wij|ac16q1,,ac1€qj
M= . . . (13)
wij|$1€qm$1€q; wij|:€1€q¢7$1€f1j o wij|ac16q1,,ac1€qj
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Category Feature Expression Feature Expression
Peak to peak value (PTP) X1 = max|z;| — min|z;| | Root mean square (RMS) Xo =
N
Absolute mean (ABS) X3 = ﬁ Z |z standard deviation (STD) X4 =
i=1
Time domain
N s |- x 4
Kurtosis (KUR) Xs=4%> (%) Skewness (SKE) X6 =
i=1
Peak factor (PAF) X7 = %‘”‘ Pulse factor (PUF) Xg =
2
Waveform factor (WAF) Xo = ;—i Clearance factor (CF) X109 = mdx;#
2
N
N S . > Ui PG
_ 1 ) ravity frequency of frequency =1
Mean of frequency spectrum (MFA) X111 = Z P(fs:) spectrum (GFFS) Xi2 = ~
=t > P
i=1
N
Frequency domain Z (fi-Fi-P(fi)
Mean square frequency of frequency X i=1 Root mean square frequency of X1, = VX
spectrum (MSES) 13 = N frequency spectrum (RMSFS) 14 = 13
DIRLED)
i=1
N N
Frequency spectrum variance (FSV) Xi15 = Z ((fi = FC? - P(f1)) Z P(f:)
i=1 i=1
N
Time -frequenc Wavelet energy entro; Xi16 = Z |1:P 2
quency gy entropy 16 = G
i=1

Table 1. Time frequency domain characteristics.

Chatter detection model

DSPCNN

CNN is a biologically-inspired feedforward neural network primarily composed of convolutional layers, pooling
layers, and fully connected layers. The convolutional layers primarily extract implicit feature information from
data through convolution operations, then incorporate nonlinear factors using activation functions to enhance
feature expressiveness. The computational process of the convolutional layer is as follows.

L m
X ZFI Zizl (X!, xwi;)+b (14)

where, ij.l represents the features of the [+ 1-th layer after convolution operation, wﬁ,j denotes the
convolution kernel, Xfy‘j represents the j-th feature value of the i-th feature map, b is the bias term, and L

indicates the kernel size.

A DSPCNN is proposed to effectively extract milling chatter components and enhance model identification
performance. The architecture is illustrated in Fig. 1. The DSPCNN model parallelly connects convolutional
layers at two different scales to enhance feature extraction capabilities. The DSPCNN model also incorporates
max pooling layers and global average pooling layers. The max pooling layers scan the pooling regions of feature
maps and extract maximum values as feature representations, thereby reducing the number of parameters in the
model. The global average pooling layers combine and flatten the features from each feature map into feature
vectors to achieve feature concatenation of the two branches.

BiGRU
BIGRU addresses the propagation direction issue by employing two GRU layers. The forward GRU processes
the input sequence from start to finish, while the backward GRU processes it in the reverse direction. Each GRU
layer maintains its own hidden state and updates it based on the current input and the hidden state from the
previous time step.

The computational formula for the internal hidden layer units of BIGRU is shown in Eq. 15.
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Fig. 1. Dual scale parallel convolutional neural network structure.

= GRU (1, hy_1)
fad

= GRU(zt, h)
t—1 (15)

- —
he = (W, - he + We - b +bi)

t

RSN

where, h; and h represent the forward and backward states of the hidden layer at time #, W, and W<— denote
the forward and backward weights of the hidden layer at time ¢, and b; is the bias of the hldden layer atttlme t.

BiGRU

MSA consists of multiple self-attention mechanism structures that process the same feature information
simultaneously, with its output being the concatenation of multiple self-attention outputs. The computation is
as follows.

MultiHead(Q, K,V) = Concat(heada, - - - , heady) - W° (16)
head; = Attention(QWS, KW VW) (17)

where, Wl-Q, W, and W} are the weights of the mapping matrices, W is the weight matrix of the output.

Ilvy-DBMA model

An Ivy-DBMA milling chatter monitoring model is proposed in this study. The architecture is illustrated in Fig. 2.
Subsequently, the processing state feature values are input into the BiGRU layer to extract temporal features.
The processed two-dimensional feature map is input into the DSPCNN layer to extract Markov transition field
image features. The high-dimensional image features and one-dimensional temporal features are fused to obtain
temporal-spatial features. These temporal-spatial fusion features are then input into the multi-head attention
mechanism layer, which effectively captures the contribution degree of extracted features and emphasizes key
features. Finally, using the validation set recognition accuracy as the objective function and combining the Ivy
algorithm with DBMA for parameter optimization, the optimal chatter classification model is obtained.

To objectively evaluate the prediction results of different models, this paper employs the following evaluation
metrics: Accuracy, Precision, Recall, F1 Score, and Specificity. Accuracy is the ratio of correctly classified samples
to the total number of samples. Precision is the proportion of true positive samples among all samples classified
as positive. Recall is the proportion of correctly identified positive samples among all actual positive samples.
Specificity measures the proportion of correctly classified negative samples among all actual negative samples.
The F1 Score is the harmonic mean of precision and recall, comprehensively considering the performance of
both metrics. The closer all five metrics are to 1, the better the performance.
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Fig. 2. Milling Chatter Detection Model.

Accuracy = (TP+TN)/(TP+TN + FP + FN)

Precision = TP/(TP + FP)

Recall = TP/(TP + FN) (18)
F1 Score = 2 x (Precision * Recall) /(Pr ecision + Recall)

Specificity = TN/(TN + FP)

Milling experiment
Experimental setup
The machine tool used is a VDL-1000E three-axis CNC machine tool manufactured by Dalian Machine Tool
Group. The cutting tool is a flat-end mill with 4 teeth and a diameter of 10 mm. The workpiece material is TC4
titanium alloy with dimensions of 200x 200 x5 mm. A PCB accelerometer with a sensitivity of 10.42 mV/g and
a Donghua DH5922 acquisition system.

were used to collect acceleration signals during the machining process. Sampling frequency is 5000 Hz. The
workpiece stiffness was modified through the installation of spacer blocks on both sides. The milling mode
is down-milling with dry cutting. The experimental setup is shown in Fig. 3. The simulation experiments are
conducted on a Windows 10 (64-bit) operating system, with hardware specifications including an Intel(R) Core
(TM) 19-12900 k CPU, NVIDIA GeForce RTX3080, 3.2 GHz clock speed, and 32 GB RAM. All simulations were
executed using Matlab R2023b.

Experimental parameter settings

The modal test was conducted using a force hammer with a sensitivity of 3.41 pC/N to obtain the natural frequency
of the titanium alloy thin-walled component, which was 864 Hz. The cutting parameters and machining states
selected based on the stability lobe diagram drawn from reference? are shown in Table 2. Among them, the radial
cut width is 0.5 mm, and the feed per tooth is 0.1 mm/tooth.
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Fig. 3. Experimental setup (a) Experimental site (b) Vibration data acquisition.

Cutting parameters Cutting parameters
No | n (r/min) | ap (mm) | Machining state | No | n (r/min) | ap (mm) | Machining state
1 750 6.8 13 | 1050 7.2
2 750 7.2 14 | 1050 7.5
Slight chatter
3 900 59 15 | 1200 5.1
4 900 6.3 16 | 1200 54
Stable
5 1050 6.0 17 | 750 8.2
6 1050 6.4 18 | 750 8.5
7 1200 4.3 19 | 900 7.6
8 1200 4.7 20 | 900 7.8
Severe chatter
9 750 7.9 21 | 1050 8.0
10 | 750 8.0 22 | 1050 8.2
Slight chatter
11 | 900 7.0 23 | 1200 5.8
12 | 900 7.1 24 | 1200 6.5

Table 2. Processing status under different conditions.

Parameters Ensemble size | Noise standard deviation | Singular value
Range [500,1000] [0.5,1.5] [50,100]
Default value | 600 0.95 50

Optimal value | 818 1.2 80

Table 3. Parameters of CEEMD-SVD.

Results analysis

Signal denoising analysis

Based on Experiment 4, the denoising effect of the IVY-CEEMD-SVD method is analyzed. The detailed
information of the IVY algorithm optimizing the CEEMD-SVD parameters, including the range of values
and the optimized values, is reflected in Table 3. The comparison results of different denoising methods after
optimizing the model parameters are shown in Fig. 4. The evaluation results of different denoising methods are
presented in Table 4.

As shown in Table 4, compared to other methods, the proposed method achieves up to a 23.9% improvement
in SNR, a 14.3% reduction in KR, and a 16.67% increase in CL. The significant improvement in SNR indicates
excellent denoising performance. The slight decrease in KR indicates that while removing noise, the denoising
process largely preserved the peak characteristics of the signal. The significant increase in CL demonstrates
that the denoised signal maintains high similarity with the original signal. After optimization of the CEEMD-
SVD model, the SNR and CL increased by 0.23 and 0.05, respectively, while the KR decreased by 0.06. This
demonstrates the effectiveness of the optimization method.

Markov transition field
The original data under different states is segmented using a sliding window. The window size is set to 5000. The
Markov transition field images of signals under different states are shown in Fig. 5.

As shown in Fig. 5, the color variation characteristics of the Markov transition field provide rich information
about the machining states. Under stable conditions, the transition field exhibits light colors with good
predictability. As chatter emerges and intensifies, the colors gradually darken and form concentrated regions,
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Fig. 4. Comparison results of different noise reduction methods (a) Original signal, (b) Fourier transform of
the original signal, (¢) CEEMD denoised signal, (d) Fourier transform of CEEMD denoised signal, (e) SVD

denoised signal, (f) Fourier transform of SVD denoised signal, (g) Optimize the CEEMD-SVD denoised signal
denoised signal, (h) Fourier transform of CEEMD-SVD denoised signal.

SVD 322 | 1.19 | 0.84
CEEMD 3.67 | 1.11 | 091
CEEMD-SVD 3.76 | 1.08 | 0.93
IVY-CEEMD-SVD | 3.99 | 1.02 | 0.98

Table 4. Comparison of evaluation results for different denoising methods.

(a) Stable

(b) Slight Chatter

Fig. 5. Markov transition fields of different states.

(¢) Severe Chatter
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Fig. 6. Correlation analysis between feature extraction and processing status.

Name | STD RMS ABS PTP GFFS WPE3 | MSFS MAF WPE2 | WPE7
Value |0.83524 | 0.83522 | 0.83492 | 0.82036 | —0.74217 | 0.70495 | —0.7003 | 0.6924 | 0.68684 | 0.65797
Rank |11 12 13 14 15 16 17 18 19 20
Name | WPE4 | WPE5 | WPE1 | WPE8 | WPE6 KUR PUF WAF SKE PAF
Value | 0.64128 | 0.63091 | 0.58704 | 0.56585 | 0.56067 0.39129 | 0.3659 0.35911 | 0.33939 | 0.18326

Table 5. Ranking of feature importance.

reflecting increased frequency and volatility in state transitions. The light-colored regions during stable machining
correspond to small amplitude variations and stable machining behavior. The medium-intensity colors during
slight chatter indicate the onset of irregularities in tool-workpiece interactions. Under severe chatter conditions,
the darkest regions represent strong correlations between adjacent states, indicating sustained and intense
vibration patterns.

Correlation analysis

Correlation analysis is used to select features that are sensitive to changes in the machining state. Figure 6
displays the Pearson correlation coefficient matrix of time—frequency domain features. Table 5 summarizes
the results of the correlation analysis between time-frequency domain features and the machining state. It
can be observed that the GFFS and MSEFS features are negatively correlated with the machining state. GFFS
negative correlation indicates that chatter causes significant shifts in the spectral centroid. MSFS negative
correlation reflects the discretization trend of frequency domain energy distribution. In the chatter state, energy
is dispersedly distributed across a wide frequency band. The remaining time-frequency domain features are
positively correlated with the machining state. The correlation coefficients of STD, RMS, and ABS are 0.83524,
0.83522, and 0.83492, respectively. The high positive correlation of RMS reflects the cumulative effect of system
energy during the chatter process. STD reflects the degree of vibration amplitude fluctuation in the cutting
process. ABS characterizes the average amplitude deviation from zero point. Their positive correlations reflect
the decrease in cutting system stability during chatter state. Overall, time domain features show the strongest
correlation, followed by frequency domain features. The impact of chatter on the system is first manifested in
amplitude changes, followed by frequency characteristic alterations.

A threshold Pearson correlation coefficient of 0.6 is established for feature selection, with features exceeding
this threshold being retained for further analysis. The results indicate that STD, RMS, ABS, PTP, GFFS, WPE3,
MSES, MAE, WPE2, WPE7, WPE4, and WPE5 show a strong correlation with the machining state. The selection
of 12 features designed for the time domain, frequency domain, and time-frequency domain provides rich
information for the machining state indicators.
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Analysis of classification results

The detailed information of the IVY algorithm optimizing the DBMA model parameters, including the range
of values and the optimized values, is reflected in Table 6. All data are divided into training, validation, and
test sets, with proportions of 80%, 10%, and 10%, respectively. Under the optimized hyperparameters of the
DBMA model, the identification results of the training, validation, and test sets are shown in Fig. 7. In the
classification scheme, the numerical labels 1, 2, and 3 correspond to stable machining, slight chatter, and severe
chatter conditions, respectively.

Analysis of Fig. 7a and b reveal that the model achieved a recognition accuracy of 98.94% on the training set.
Two instances of stable cutting are misidentified as slight chatter. One instance of slight chatter is misidentified
as stable cutting, and another as severe chatter. One.

instance of severe chatter is misidentified as slight chatter. Examination of Fig. 7c and d indicate that the
model attained a recognition accuracy of 98.31% on the validation set. In this set, a single instance of slight
chatter is misclassified as stable cutting. From Fig. 7e and f, it is observed that the recognition accuracy of the
test set is 96.61%, with one instance of slight chatter misidentified as stable cutting and another as severe chatter.

The ten fold cross validation results can eliminate the bias caused by random segmentation of the dataset™®.
The detection results before and after hyperparameter optimization are shown in Table 7.

As can be seen from Table 7, the optimization effect is significant, and all indicators have been significantly
improved. In terms of accuracy, the optimized method has improved by about 5-6 percentage points compared
to the default value. In terms of ten fold cross validation, the optimized method also improved by about 6-9
percentage points. Overall, the optimized model has good generalization ability. The obtained results are
consistent with the conclusion of reference®**.

The ten fold cross validation mean results of machining state detection accuracy before and after denoising
are shown in Table 8.

As shown in Table 8, the machining state detection accuracy is highest using the IVY-CEEMD-SVD denoised
signal, followed by the CEEMD-SVD denoised signal, with the raw signal showing the lowest accuracy. Compared
to other methods, the proposed approach achieves up to a 2.18% improvement in detection accuracy on the
training set. It demonstrates up to a 1.89% improvement in detection accuracy on the validation set. On the test
set, it shows up to a 1.34% improvement in detection accuracy. These results demonstrate that removing noise
from machining signals can improve detection accuracy. These findings are consistent with the conclusions in
reference?!.

The CEEMD-SVD method with IVY optimization demonstrates significant advantages compared to the
traditional CEEMD-SVD method. Specifically, the IVY-CEEMD-SVD method improved detection accuracy by
1.06, 1.03, and 0.20 percentage points on the training set, validation set, and test set, respectively.

The ten fold cross validation mean results of machining state detection accuracy under different modal data
are shown in Table 9.

As shown in Table 9, the highest machining state detection accuracy is achieved using multi-modal data,
followed by temporal data. Compared to other data types, multi-modal data demonstrates up to a 1.17%
improvement in detection accuracy on the training set. It shows up to a 1.35% improvement in detection
accuracy on the validation set. On the test set, it achieves up to a 1.0% improvement in detection accuracy.

The features extracted from different network layers of DBMA are visualized using the t-SNE algorithm, and
the results are shown in Fig. 8.

Figure 8a shows the t-SNE visualization of test set data samples at the model input layer. It can be observed
that various data samples are intermixed, showing poor clustering performance. Figure 8b presents the
visualization results after feature extraction by the DSPCNN layer. As evident, samples of the same class have
largely converged together, though some minor mixing still exists. Figure 8c shows the visualization results after
feature extraction by the BiGRU layer. The data is fundamentally differentiated, but significant intermixing still
exists with poor convergence. Comparing Fig. 8a and b, it is clear that the recognition accuracy of the DSPCNN
layer is higher than that of the BiGRU layer. Figure 8d presents the visualization results after feature extraction
by the MSA layer. It is evident that all data samples are completely segregated into three classes, corresponding
to three machining states. The DBMA model effectively classifies and recognizes milling states.

The Davies Bouldin index (DBI), silhouette coeflicient (SC), and Calinski Harabasz index (CHI) are used to
evaluate the tightness and separation of feature distributions. The results are shown in Table 10.

As shown in Table 10, the model demonstrates continuously improving clustering performance from the
initial to final stages. The DBI metric decreased from 0.82 to 0.58, a reduction of 29.3%, indicating significant
improvement in intra-cluster compactness and inter-cluster separation. The SC metric increased from 0.65 to
0.73, an improvement of 12.3%, reflecting gradually enhanced accuracy in sample classification. The CHI metric
increased from 2500 to 3200, a 28% improvement, suggesting continuous optimization of the ratio between
inter-cluster and intra-cluster variance.

Parameters DSPCNN learning rate | Number of hidden layer neurons in BiGRU | Number of MSA heads
Range [0.001,0.1] [0,100] [2,6]

Default value | 0.001 16 2

Optimal value | 0.029581 25 4

Table 6. Parameters of the DBMA model.
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Fig. 7. Recognition results of different machining states.

BiGRU-MSA, ISR-CNN?!, and ILR-DNN'!. To minimize error, the ten fold cross validation mean results of
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To verify the reliability and superiority of the model, comparisons are made with CNN-BiGRU, CNN-

five repeated experiments are used as the final evaluation results. The comparison results for the training set are
shown in Fig. 9. The comparison results for the test set are shown in Fig. 10. The ten fold cross validation mean
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Categories Training set (%) | Validation set (%) | Test set (%)
Default | 93.05 91.48 90.95
Accuracy
Optimal | 98.94 98.31 96.61
Default | 90.76 88.63 87.06
Ten fold cross validation mean
Optimal | 97.57 97.14 95.73

Table 7. Detection results before and after hyperparameter optimization.

Signal type Training set (%) | Validation set (%) | Test set (%)
Original signal 96.75 96.27 95.19
SVD denoised signal 97.11 96.91 95.80
CEEMD denoised signal 97.72 97.07 96.32
CEEMD-SVD denoised signal 97.87 97.13 96.33
IVY-CEEMD-SVD denoised signal | 98.93 98.16 96.53

Table 8. Machining state detection results under different signals.

Data type Training set (%) | Validation set (%) | Test set (%)
Temporal data 97.79 97.16 96.17
Image data 97.65 96.97 95.49
Multi-modal data | 98.82 98.32 96.49

Table 9. Machining state detection results under different modal data.

results of different methods for calculating time are shown in Table 11. Among them, the prediction is divided
into four scenarios with sample sizes of 10, 20, 30, and 40.

As shown in Fig. 9, the proposed method outperforms all comparison methods across various evaluation
metrics. The accuracy reaches 98.9%, representing an improvement of up to 6.7% compared to the other four
methods. The precision achieves 99.0%, showing an increase of up to 6.4%, while the recall attains 98.6%,
demonstrating an improvement of up to 5.7%. Furthermore, the average F1-score and specificity reach 98.8%
and 99.2%, respectively, exhibiting improvements of up to 6.4% and 2.7% compared to the baseline methods.

As shown in Fig. 10, the proposed method achieves the highest accuracy and recall of 96.2% and 96.8%
among all methods. The maximum improvement compared to the comparative method is 7.6% and 5.0%,
respectively. The specificity value is 98.2%, showing improvements of 0.3-7.9% over other methods. The method
demonstrates differentiated performance in terms of precision and F1-score. The precision and F1-score of the
proposed method are 95.1% and 96.1%, outperforming three comparative methods but 0.9% and 0.2% lower
than the ILR-DNN method.

As can be seen from Table 11, the proposed method shows significant differences in computation time
compared to the other four methods. During the training phase, the proposed method took 183.40 s, an increase
of 44.5% compared to the fastest CNN BiGRU method (126.88 s). In the prediction stage, when processing sample
sizes of 10, 20, 30, and 40, the proposed method requires 25.61 ms, 48.7 ms, 67.26 ms, and 83.23 ms, respectively.
Although the proposed method has a longer computation time, considering its significantly improved detection
performance (accuracy increased by 7.6%), this increase in computational overhead is acceptable. Moreover,
with a prediction time of 83.23 ms for 40 samples, it still meets the requirements for real-time monitoring.

Vibration signals under three states in variable stiffness conditions are selected to verify the robustness of the
proposed method. The initial stiffness of the workpiece is 1.26 x 105 N/m. The terminal stiffness of the workpiece
is 2.23x 105 N/m. The radial cut width is 0.5 mm, and the feed per tooth is 0.1 mm/tooth. The spindle speed is
1000 r/min, and the axial cutting depth is 7.8 mm. The signals and detection results under different machining
states are shown in Fig. 11.

The experimental results show an overall machining state detection accuracy of 94.94%. The detection
accuracy for severe chatter is 93.84%. The detection accuracy for slight chatter is 87.5%. The detection accuracy
for stable cutting is 97.14%. Four cases of severe chatter are misidentified as slight chatter. Two cases of slight
chatter are misidentified as severe chatter. One case of slight chatter is misidentified as stable cutting. Two cases
of stable cutting are misidentified as slight chatter. These results demonstrate that the proposed method exhibits
good robustness and stability.

Conclusion

An Ivy-CEEMD-SVD data denoising model is constructed in this paper. Time-frequency domain methods and
Markov transition fields are used to extract multi-modal data features related to machining states. A DBMA
for chatter detection is constructed by integrating DSPCNN, BiGRU, and MSA. Finally, the advantages of the
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Fig. 8. Visualization results of classification model.

Stage DBI | SC | CHI
Input layer 0.82 | 0.65 | 2500
DSPCNN layer | 0.65 | 0.72 | 2800
BiGRU layer 0.71 | 0.69 | 2650
MSA layer 0.58 | 0.74 | 3200

Table 10. Cluster quality evaluation indicators at different training stages.

proposed method are validated through evaluation metrics such as accuracy. The specific conclusions are as

follows.

(1) Compared to SVD and CEEMD, the proposed denoising method achieved up to 23.9% improvement in
SNR, 14.3% reduction in KR, and 16.67% improvement in CL. The detection accuracy of machining condi-
tions can be improved by using the denoised signal.

(2) Through Pearson correlation analysis of time-frequency domain features, it is found that STD, RMS, ABS,
PTP, GFFS, WPE3, MSFS, MAE, WPE2, WPE7, WPE4, and WPES5 have a strong correlation with the ma-
chining state.
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ISR-CNN

Time CNN-BiGRU | CNN-BiGRU-MSA | ISR-CNN | ILR-DNN | Proposed method
Training (S) 126.88 161.35 155.6 149.31 183.40
Predictionlo (ms) 16.82 20.84 14.47 12.3 25.61
Prediction20 (ms) | 31.53 39.09 27.6 22.56 48.7

Prediction, (ms) | 44.13 54.62 37.87 31.53 67.26
Prediction40 (ms) | 54.61 67.65 46.82 39.08 83.23

Table 11. Calculation time for different methods.

(3) The t-SNE algorithm is used to visualize features extracted from different network layers. The results indi-

cate that the recognition accuracy of the DSPCNN layer is higher than that of the BiGRU layer.

(4) Compared to unimodal data, multimodal data achieved up to 1.17% improvement in detection accuracy on

the training set, 1.35% on the validation set, and 1.0% on the test set.

(5) Compared to CNN-BIGRU, CNN-BiGRU-MSA, ACNN-BiLSTM, and ILR-DNN, the proposed method
achieved improvements of up to 7.6% in accuracy, 6.4% in precision, 5.7% in recall, 6.4% in F1 score, and

2.7% in specificity.

(6) The proposed method still meets the requirements of real-time monitoring with a prediction time of

83.23 ms in the case of 40 samples.

(7) The accuracy of the proposed method in detecting machining status under variable working conditions is

94.94%, which proves that the proposed method has good robustness.
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Fig. 11. Signals and detection results under different machining states (a) Surface topography (b) Vibration
signal (c) Machining state detection.

Multi-signal fusion can overcome the limitations of individual signals and improve chatter detection accuracy.
Future work will explore multi-source signal and multi-modal data fusion for machining state detection.
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