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ABSTRACT

In manufacturing, tool wear monitoring (TWM) is crucial for ensuring product quality and processing efficiency.
Numerous data-driven models based on deep learning have been developed to enhance the accuracy of TWM.
However, most models necessitate traditional signal preprocessing and heavily depend on expert knowledge for
parameter settings. To address these issues, this study proposes a novel TWM architecture, LCNN-EMD, which
combines large-scale convolutional neural networks (LCNN) with adaptive empirical mode decomposition
(EMD). By analyzing cutting process mechanisms, it is found that sensor signals can be decoupled into low-
frequency noise from the machine’s inherent frequencies, mid-frequency features from the tool’s chatter, and
high-frequency noise from the sensor’s quantization. The interpretability of the LCNN-EMD architecture is rooted
in its sophisticated capability to analyze and suppress specific frequency features from the input signals. The
LCNN adeptly captures low- and mid-frequency features while effectively suppressing high-frequency noise.
Concurrently, adaptive EMD dynamically mitigates low-frequency noise, ensuring the preservation of critical
mid-frequency features. This dual mechanism not only enhances the accuracy and robustness of LCNN-EMD but
also provides it with high interpretability, addressing the limitations of traditional models that depend on
extensive expert knowledge and static signal preprocessing. Finally, we conduct tool life experiments and
compare the LCNN-EMD with mainstream models for a comprehensive evaluation. Experimental results indicate

that LCNN-EMD consistently outperforms the comparative models in terms of accuracy and stability.

1. Introduction

During the tool cutting process, chatter between the tool’s back
cutting surface and the material being removed is the main source of
wear features and is essential for tool wear monitoring (TWM) [1,2].
Chatter signals, reflecting the dynamic interaction between the tool and
the material, encompass a frequency range of 500-1500 Hz [3]. How-
ever, the analysis of machining signals faces challenges from the ma-
chine’s inherent frequencies and sensor’s quantization noise [4].
Structural vibrations of computer numerical control (CNC) machine,
together with resonances from the bedframe and supports, significantly
contribute to low-frequency noise, predominantly concentrated within
the 0-500 Hz frequency range [5]. Effective identification and removal
of low-frequency noise during signal processing are essential to prevent
interference with the analysis of tool wear features. In addition, sensors
introduce high-frequency noise, typically originating from the electrical
features of the sensor, internal interference within the data acquisition
system, and electromagnetic interference from the environment,
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concentrated within the 1000-2000Hz frequency range [1].
High-frequency noise can also significantly degrade the quality of signal
analysis, especially when attempting to extract tool wear features from
the signal. The impact of noise on machining signal analysis necessitates
the adoption of effective noise-filtering and signal-processing strategies
[2,6,71.

Mainstream architectures for TWM commonly depend on expert
selection of signal features and adjustment of classification algorithms
[8,9]. Researchers are developing increasingly sophisticated architec-
tures to reduce reliance on expert experience and augment the level of
automation in data processing. Habaibeh et al. [10] proposed an
autonomous sensor and signal processing strategy that identifies the
most sensitive sensors for machining fault detection, thereby reducing
the time and cost associated with these detections. Guo and Yang [11,
12], as well as other researchers, have employed machine learning
methods to predict tool wear. Specifically, Guo et al. [11] utilized a
multi-scale convolutional attention network to integrate multi-source
data and enhance prediction performance. Yang et al. [12] predicted
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Fig. 1. The sources of noise signals in TWM, as well as the architecture of LCNN-EMD and mainstream models.
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Fig. 2. The stages and characteristics of features and noise in TWM.

the milling force of a single-edged tool based on the theoretical formula
of undeformed chip thickness, generating cutting force samples through
time shifting and Gaussian distribution to address the considerable
dimensionality of the sample set. Building on these studies, Traini et al.
[13] developed a data-driven architecture that merges preprocessing
and predictive models, utilizing various machine learning algorithms
and comparing them to select the optimal results. However, these
methods necessitate extensive data preprocessing and computational
resources, and carry the risk of overfitting. Zhou et al. [14] proposed a
multi-sensor global feature extraction method that selects features from
multi-domain data and employs an improved genetic algorithm to find
optimal parameters in a bi-objective optimization model, thereby
enhancing prediction accuracy. Yet, the convergence speed and stability
of the method present unavoidable challenges. It is evident that main-
stream TWM architectures comprise multiple distinct yet interdepen-
dent components, each fulfilling a specialized role within the overall
monitoring framework to ensure precise wear monitoring. Due to the
asynchronous nature of these components in terms of data processing
speed and capacity, data flow within the architecture is susceptible to
delays and blockages, significantly reducing the monitoring system’s
response speed and efficiency.

The high-frequency noise introduced during the sensor analog-to-
digital conversion process in milling poses a significant challenge to
the accuracy of TWM [15]. To address this challenge, researchers have
developed various noise reduction techniques, including, sparse
decomposition [16], wavelet packet decomposition [17], and a combi-
nation of acoustic analysis, wavelet denoising, and support vector ma-
chines [18]. Zhu et al. [16] focused on processing cutting force noise,
extracting useful signals from a complex noise environment through
sparse decomposition, yet the method is computationally intensive and
the noise reduction efficacy depends on parameter selection. Tran et al.
[17] optimized high-frequency noise through wavelet packet decom-
position combined with multi-sensor data, but did not compare their
method with existing mainstream algorithms. Zhou et al. [18] utilized
acoustic analysis and wavelet denoising, in conjunction with support
vector machines, achieving an 85 % monitoring accuracy; however, for
high-precision manufacturing requirements, the algorithm’s accuracy is
still inadequate. Furthermore, Li et al. [19] integrated a denoising
autoencoder with a deep belief network (DBN) to enhance the robust-
ness and denoising capabilities of their model through sparse repre-
sentation techniques. However, the computational overhead associated
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with this model is substantial, making it more applicable for scenarios
where real-time processing demands are not stringent. The generaliz-
ability of the aforementioned research to a wider array of sensor types
and a broader spectrum of noise frequencies necessitates further inves-
tigation and validation.

In addition to high-frequency noise, low-frequency noise induced by
the machine’s inherent frequencies presents a significant challenge in
TWM. Garg et al. [20] proposed a simplified approach based on the
finite element method to estimate the inherent frequencies and modal
shapes of machine structures. However, the simplified model cannot
accurately capture the dynamic responses of complex machine struc-
tures, leading to imprecise frequency estimations. Additionally, Jia et al.
[21] proposed an fault diagnosis model leveraging the multi-parameter
optimization capabilities of SDAE to enhance noise suppression within
low-frequency domains. However, the model requires intricate param-
eter configuration, reliant on optimization algorithms to determine the
optimal structure, which increases computational complexity and
constrain feasibility for real-time applications. Li et al. [22] explored the
low-frequency modes of machine structures and their impact on surface
formation. Nonetheless, this research necessitates substantial computa-
tional resources and expertise. Zhang et al. [23] denoised original sig-
nals using wavelet analysis and employed a neuro-fuzzy network to
predict tool wear, yet the predictive performance is contingent upon the
quality of the training data. Sabareeswaran et al. [24] optimized the
machining fixture layout using Genetic Algorithms and Particle Swarm
Optimization techniques to maximize the difference between the
workpiece’s inherent frequency and the tool excitation frequency. The
aforementioned research primarily focuses on improving surface qual-
ity, but does not adequately consider the potential impact of the ma-
chine’s inherent frequency on TWM.

Given the ongoing challenges in TWM, the development of an effi-
cient architecture is imperative. To address these issues, we propose a
novel architecture, LCNN-EMD, integrating a large-scale convolutional
neural network (LCNN) with adaptive empirical mode decomposition
(EMD). The detailed steps of LCNN-EMD and its comparison with
mainstream models are shown in Fig. 1 [13,18,24-26]. This architecture
capitalizes on the robust feature-learning capabilities of LCNN and the
advanced non-linear and non-stationary data processing strengths of
EMD, significantly enhancing data flow consistency and processing ef-
ficiency while diminishing reliance on empirical knowledge. In-
novations are as follows:
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Fig. 3. Time and frequency-domain representations of the first convolution layer outputs for large-scale kernels and small-scale kernels. (a) and (b) are the time and
frequency-domain representations of the small-scale kernel’s outputs; (c) and (d) are the time and frequency-domain representations of the large-scale kernel’s

outputs, respectively.

@ Addressing the limitations of traditional monitoring architectures:
To address the significant rigidity and excessive dependence on prior
knowledge of mainstream algorithms, we have developed the LCNN-
EMD. LCNN-EMD ensures consistent data flow, minimizes de-
pendency on expert knowledge, and facilitates the progression of
TWM towards automation and intelligence.

@ Suppressing high-frequency noise: To address the high-frequency
noise introduced by sensor quantization, a large-scale convolution
kernel based on dynamic soft thresholds is proposed. This kernel,
with its wide-field of view, adapts to a higher frequency range and
suppresses high-frequency noise from various types of sensors
through dynamic threshold.

@ Suppressing low-frequency noise: To address the low-frequency
noise induced by the machine’s inherent frequencies, an adaptive
EMD is proposed. The adaptive EMD extracts essential features
related to the tool’s wear features, effectively identifying and sup-
pressing low-frequency noise induced.

The remainder of this study is organized as follows. The "INTER-
PRETABILITY OF LCNN-EMD" s section elucidates the functions of each
module within the architecture and explains how they interact to
enhance the interpretability of LCNN-EMD. The "RESULTS AND
ANALYSIS" section provides a detailed description of the dataset,
comparative models, and performance analysis. The "ABLATION
EXPERIMENT" section explores, through visualization experiments, the
specific roles of the large-scale convolutional neural network and
adaptive empirical mode decomposition in improving the performance
of LCNN-EMD. Finally, the "CONCLUSION" section presents the contri-
butions of this study and outlines directions for future research.
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2. Interpretability of LCNN-EMD
2.1. The analysis of tool signals

During the machining process, the signals collected by sensors are
complex and information-rich, consisting primarily of three key com-
ponents: low-frequency noise from machine’s inherent frequencies [5],
high-frequency noise from sensor’s quantization noise [1], and
mid-frequency features from the tool’s chatter [3], which contain wear
features. Fig. 2 shows the stages of occurrence and characteristics of
these components, providing a basis for comprehensive assessment of
the TWM.

Machine’s inherent frequency: low-frequency noise generated by the
machine’s own vibration modes. These vibrations originate from im-
balances in the machine, resonance among components, and wear of
parts. As shown by the blue lines on the right side of Fig. 2, their consist
of multiple superimposed sine signals, with energy primarily concen-
trated below 500 Hz (the first and second inherent frequencies are
34.7 Hz and 68.8 Hz, respectively, with the highest amplitude). Identi-
fication and filtering of this low-frequency noise are crucial for
enhancing the signal-to-noise ratio.

Sensor’s quantization noise: high-frequency noise primarily from the
electrical properties of the sensors themselves, including resolution loss
during the analog-to-digital conversion process and electromagnetic
interference from electronic devices. As shown by the green lines on the
right side of Fig. 2, their energy amplitude is relatively low and evenly
distributed within the 0-2000 Hz frequency band. Quantization noise
does not carry direct information about the machining process, yet its
presence significantly impacts the accuracy of signal analysis.

Tool’s wear features: critically, chatter signals are directly related to



Y. Sun et al.

Journal of Manufacturing Systems 78 (2025) 294-307

15077,
(a) /\m
," |¢\‘ \
V) .F AN
Z 11417 I
!
=100 . : :
0 2000 4000 6000

Sample size

1000

LR A R R IR Rl Rtz

Frequency (Hz)

Y ALALAALL LI LA LA LAY

1] 0.2 0.4 0.6
['ime (s)

—
h

/ N/ \-\/\J'I\jl"\\f“s /\/\

Cutting force (N)

=100

2000 4000
Sample size

0 600(

1000

L L L S S LR Sl

Frequency (Hz)

o

0 0.2 0.4

Time (s)

0.6
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the interaction between the tool’s back cutting surface and the material
being removed. These chatter signals contain critical information about
wear features, changes in cutting forces, and cutting parameters. As
shown by the red lines on the right side of Fig. 2, their energy amplitude
is high, with the highest energy band near 1000 Hz. Analyzing these
signals enables real-time tool wear monitoring, facilitating maintenance
decisions.

2.2. The interpretability of LCNN

While CNNs gain widespread adoption in TWM, existing research
primarily focuses on parameter optimization and model design, with
relatively scant attention paid to the specific influence of kernel size
[27]. Kernel size is crucial for the ability of CNNs to extract features,
especially in processing signals with complex frequency components. To
address this research gap in TWM, this section explores the impact of
kernel size on the CNN’s feature extraction capabilities.

To investigate this, a two-layer CNN is constructed, where the first
layer utilizes two different kernel sizes, a large-scale kernel (128 x1)
and a small-scale kernel (3 x1), specifically to analyze the effect of
kernel size on feature extraction capabilities. Both models are trained
1000 times. By visualizing the output of the first convolutional layer, the
impact of kernel size on machining signals is analyzed, as shown in
Fig. 3.

Firstly, time-domain features are analyzed. By comparing the local-
ized details of time-domain signals in Fig. 3(a) and (c) (enlarged section
within the red box), it is evident that the convolutional layer composed
of larger kernels produces smoother waveforms. This contributes to
reducing the number of extreme points near signal inflection points,
thereby alleviating modal aliasing in subsequent EMD processing. Sec-
ondly, frequency-domain features are analyzed. Comparing Fig. 3(b)
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and (d), it is observed that the left red box in Fig. 3(b) exhibits light blue
features, while no frequency-domain features appear in the left red box
of Fig. 3(d). Additionally, there is no significant difference in the low-
frequency noise below 500 Hz. This indicates that the convolutional
layer with large-scale kernels can identify and suppress high-frequency
noise around 1500 Hz, while the convolutional layer composed of small-
scale kernels is unable to effectively process high-frequency noise.

The aforementioned analysis indicates that large-scale kernels,
owing to their larger receptive field area, can effectively capture low-
and mid-frequency components, suppress high-frequency noise caused
by sensor noise, and consequently enhance feature extraction
significantly.

2.3. The interpretability of adaptive EMD

Traditional EMD methods rely on manually selecting intrinsic mode
functions (IMFs) to suppress noise, a process that is both time-
consuming and experience-dependent [28]. To address this challenge,
this section explores the feasibility of adaptive EMD.

Adaptive EMD dynamically adjusts the decomposition process,
focusing on extracting features related to tool wear, and effectively
suppressing low-frequency noise introduced by the machine’s inherent
frequencies. Adaptive EMD decomposes time series signals into multiple
IMFs, each capturing different frequency components of the signal.
Subsequently, the mutual information entropy between IMF is calcu-
lated sequentially. The two IMFs with the highest information entropy
serve as the demarcation between low- and mid-frequency features of
the signal segment. Then, the noise of the low-frequency component is
suppressed by the exponential weighted moving average filter, and the
trend of the residual component is suppressed by the second-order
polynomial. Finally, the processed signals are reassembled, achieving
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A

Fig. 5. The process of adaptive EMD.

the suppression of low-frequency noise. Unlike predefined filter pa-
rameters, adaptive EMD dynamically adjusts based on the signal’s
inherent characteristics.

The time-frequency domain characteristics of the signal after adap-
tive EMD processing are shown in Fig. 4. By comparing signals before
and after processing with adaptive EMD, the suppression effect of low-
frequency noise can be clearly observed. In time-domain feature anal-
ysis, comparing Fig. 3(c) and Fig. 4(a) shows that adaptive EMD effec-
tively eliminates signal trends, making the signals more stable and easier
to analyze. In frequency-domain feature analysis, comparing Fig. 3(d)
and Fig. 4(b) reveals that noise below 500 Hz is significantly suppressed,
while mid-frequency features above 500 Hz are preserved. Conse-
quently, adaptive EMD dynamically adjusts processing parameters
based on the signal’s actual characteristics, not only improving the ef-
ficiency of low-frequency noise suppression but also retaining essential
mid-frequency features, thereby enhancing the precision of TWM.

3. Proposed method
3.1. LCNN

LCNN extracts features from local regions of the input using different
convolutional kernels, with each kernel acting as an independent feature
filter. The convolution process is as follows:

1 ke
Zig1 = Z ZXi,c.zxs+j * Wy + by

c=0 j

-

@

.

where, Xy ¢ is the training dataset, Xy is the output value of the f-th
convolutional kernel at position [ for the i-th sample. N is the number of
training samples (i € N), C is the number of channels, and L is to the
length of each training sample (I € L). F is the number of convolution
kernels (feF), k is the size of the convolution kernels, S is the step length,
and * is a one-dimensional convolution operation. Additionally, Z;y; is
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the output value of the f-th convolutional kernel at position [ for the i-th
sample, Wy, is the weights with the c-th channel of the f-th convolu-
tional kernel, and by is the bias term for the f-th convolutional kernel.
Then, max pooling is employed for subsampling, aiming to reduce
the spatial dimensions of the signals while extracting significant features
and mitigating overfitting. The subsampling procedure is as follows:

Pij1 = maxz;%)ziflxspoﬂl-%—m (2
Lpooin — D
Lpool out = {w} +1 (3)
B Spool

where, max is the operation of selecting the maximum value within the
pooling window, D is the dimension of the pooling window, Sy, is the
stride, and [] is the floor function. Ly in and Lye oue are the input and
output lengths of the max pooling layer, respectively.

The sigmoid and tanh can lead to the vanishing gradient, whereas the
ReLU can render a portion of neurons inactive. In LCNN-EMD, the
implementation of Leaky ReLU introduces non-linearity, enhancing
convergence speed while extracting sparse features. The process of
Leaky ReLU is as follows:

Aif1 = {

where, a is the leakage coefficient, employed to control the small
gradient value for negative input values.

LCNN-EMD employs batch normalization to normalize the activated
features, ensuring that the mean of each feature is close to 0 and the
variance is close to 1. This process helps reduce the sensitivity of LCNN-
EMD to amplitude variations in the training dataset Xy ¢, thereby
enhancing the model’s generalization capability across different cutting
parameters. The procedure for batch normalization is described by the
following equation:

Py ifPiyi >0

a X Pig1ifPis; <0 Q)
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Table 1
Experimental parameters of tool wear.

Parameters Model/Value

CNC machine

Measured cutting tool

Tool holder

Cutting force sensor

Signal acquisition instrument
Charge amplifier

Tool wear measuring device
Test material

Cooling condition

Vertical Machining Center VMC850
Duracarb APMT1135 Carbide Tool
INTINIZEL—-300R—10-1T-C10-120L
KISTLER—9257B

DEWETRON DEWE3021
KISTLER—5015A

BC4800 Industrial Microscope
Steel 45

Dry Cutting

Aif1— 1
Bis1 = yflif + B
\/0F +€

where, y; is the scaling parameter and f is the shifting parameter, both

)

of which are used to adjust the normalized values. y; and aJ? are the

mean and variance of the f-th convolutional kernel calculated during
training, respectively. ¢ is a small constant added for numerical stability.

In LCNN-EMD, while max pooling, Leaky ReLU, and batch normal-
ization effectively optimize the scale and distribution of features, these
methods primarily focus on feature scaling and distribution without
directly addressing noise-related issues. To mitigate this, a dynamic soft
thresholding is proposed. Unlike static thresholding methods, the dy-
namic soft thresholding approach derives its threshold, 1;, from the
statistical distribution of features within each sample. Consequently,
this method is insensitive to the amplitude variations of the sample
while maintaining high sensitivity to high-frequency noise. The process
is described by the following equations:

L

1.
A= EZZ ifl— Hsi)’ (6)

c=1 [=1
1 C L
Hsi =L ; ;Biﬂ )
SoftThreshold (B;s., A;) = sign(Bs;)max (|Bis| — 4:,0) ®

Table 2
Details of the tool wear dataset.

where, sign(-) is the sign function and || is the absolute value function.
3.2. Adaptive EMD
Adaptive EMD provides an effective means in TWM for processing

and analyzing complex machining signals. To identify between low- and
mid-frequency components, EMD is rewritten as:

EMD;s; = Ligi + Mg (C)]
K-1
L= Y IMF+r a0
k=Knmin
M, = ZIMFk an

where M, is the combination of IMFs of the mid-frequency compo-
nents; L;s; is the combination of IMFs of the low-frequency components
and residual component; ky,;, is the IMF’s label at the boundary between
mid- and low-frequency components; IMFy is the IMF with different
frequencies obtained by EMD; r is the residual component, which is the
average trend of the input. Mutual information entropy is used to
measure the statistical dependence between two random variables [29],
and its expression is:

I, = H(IMFy) + H(IMFy,,) — H(IMFy, IMFy., )

—1
p(IMFy, IMF,1)

= IMF;., IMF, log(———"———"
(P IME IMFica 108y o (IME )

=

(12)

o~
||

where p(IMFy) and p(IMFy,,) are the probability distributions of IMFy
and IMFy 1, respectively. p(IMFy,IMFy.1) is a joint probability distri-
bution.

The mutual information entropy relationship between the two IMFs
is used to identify the boundary between the mid- and low-frequency
components. The following search objective function is obtained:

kmin = min [Ik] (13)
0<k<K

where rr}(in [-] is a function that returns the index of the minimum
0<k<K

Field Number  Sampling points ~ Spindle speed/ (r/min) ~ Feed rate / (mm/s)  Back cutting depth/ (mm)  Workpiece materials ~ Workpiece size/ (mm®)
Training dataset 600 4096 4500 6.67 1.5 45 steel 100 x 100 x 200
Test dataset 600 4096 4000 5 45 steel 100 x 100 x 200

Frequency domain visualization of one-dimensional large-scale convolution kernel weights. From a to p, each represents one of the 16 channels.
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Fig. 8. Signals and surface profiles of the tool at different wear stages.

value from 0 to K.

An exponential weighted moving average filter is applied to the low-
frequency components for smoothing, with the smoothing coefficient o;
dynamically adjusted. The process is as follows:

L
IMFydenoisea = ) 01 % IMFj + (1 = o) % IMFyjy
j=2

(14)

«— ZL: IMFyj — IMFy; 1

max(IMFy) s

=2
The trend of the residual component is removed using second-order
polynomial fitting. The process is as follows:

Tdenoised = T — AT (16)

Ar = ag + a; x + axx?® a7)

Finally, the features are reconstructed using denoised low-frequency
components L;y denoised> r€Sidual component r'genoised and unchanged mid-
frequency components M;s;. The process is as follows:

K-1
Lif‘l.denuised = Z IMF, k.denoised + Tdenoised (18)

k=kmin

EMD; s = Lif denoisea +Mifi 19

Adaptive EMD ensures effective noise reduction of low-frequency
components while preserving the integrity of mid-frequency compo-
nents, resulting in a reconstructed signal of higher quality. The process is

Table 3
Overview of comparison models.

Model Supervised model Semi-supervised model
Sequence Spatial
RNN [32] Vv X X
CNN [31] x v X
U2PL-TCM [30] x v X
DBN-EMD [33] x Vv X
RNN-EMD [32] Vv x v
LCNN-EMD X v x
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shown in Fig. 5.

3.3. Process of LCNN-EMD

The LCNN-EMD is an architecture specifically designed for TWM,
aimed at automatically identifying and suppressing noise in machining
signals by integrating multiple key components while ensuring efficient
data flow within the architecture. Fig. 6 shows the main components and
processes of LCNN-EMD.

4. Results and analysis
4.1. Establishment of the dataset

The LCNN-EMD is validated using signals obtained from a cutting
force sensor (KISTLER-9257B). Signal acquisition is performed on a
vertical machining center (VMC850) with three channels at a sampling
frequency of 10 kHz, as depicted in Fig. 7. The wear values of the tool
edges are measured using a GP-300C industrial microscope. The detailed
experimental setup is shown in Table 1. Considering the properties of
the material and the performance of the machine tool, a strategy of "low
cutting depth, high spindle speed, and high feed rate" is adopted, with
specifics provided in Table 2. The LCNN-EMD model is trained and
tested on a 64-bit Windows 10 operating system, utilizing PyTorch 2.0.0
as the primary tool. The hardware specifications include an Intel®
Core™ i7 14700KF processor, a GeForce RTX 2080 Ti graphics card, and
48 GB of 6000 MHz DDR5 memory.

In accordance with the GB/T 16460-2016 standard, the tool is
considered to have failed when the uniform wear thickness exceeds
350 pm, at which point the experiment is terminated. Consequently, the
wear states of the tool during failure are categorized into three types:
initial wear state (0-100 um), normal wear state (100-200 um), and
severe wear state (greater than 200 um). The profiles of the front and
back face of the tool at various wear stages are shown in Fig. 8.

4.2. Comparison model

Based on the labeling of samples, the field of tool wear monitoring is
primarily divided into supervised and semi-supervised models. Addi-
tionally, supervised models can be further categorized into sequence and
spatial models. To comprehensively evaluate the performance of LCNN-
EMD, a series of representative models were selected for comparison,
including recurrent neural network (RNN), CNN, unreliable pseudo-
label network (U2PL-TCM), DBN-EMD, and RNN-EMD, as shown in
Table 3 [30-33]. Notably, both DBN-EMD and RNN-EMD employ
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Fig. 10. The training losses of each model.

adaptive EMD, which enhances their capability to handle non-stationary
and non-linear characteristics. By evaluating the performance of these
models in practical TWM tasks, a comprehensive understanding of each
model’s strengths, weaknesses, and applicable scenarios is achieved.

4.3. Results analysis

To thoroughly evaluate the performance of various models, this
study designed 40 rounds of repetitive experiments, with results dis-
played in Fig. 9 using Boxplots. In each round, every model was
initialized with random parameters and underwent 5000 epochs.

To begin with, the accuracy distribution of each model is analyzed.
The interquartile ranges for RNN, CNN, U2PL-TCM, and RNN-EMD are
0.063, 0.069, 0.073, and 0.057, respectively. These values indicate a
wide distribution of accuracy across repeated experiments, suggesting
lower stability for these models. Specifically, due to its complex archi-
tecture, U2PL-TCM does not fully realize its potential on limited data-
sets, resulting in the most dispersed accuracy distribution. Conversely,
LCNN-EMD shows the most compact distribution, with an inter-
quartile range of 0.021, reflecting superior stability.

Following the distribution analysis, the mean accuracy of each model
is analyzed. It is evident that integrating adaptive EMD with deep
learning markedly improves the accuracy of models such as DBN-EMD,
RNN-EMD, and LCNN-EMD. This integrated approach effectively en-
hances the models’ capabilities to process complex signals, resulting in
superior performance in TWM. Among these, LCNN-EMD stands out
with the highest mean accuracy of 0.955. This remarkable performance
is largely due to LCNN’s proficiency in capturing local signal features,
coupled with the EMD method’s adaptive decomposition, which effi-
ciently extracts essential wear characteristics.

4.4. Stability analysis

Stability is a critical indicator for evaluating model performance in
TWM. This section evaluates the models’ performance in terms of
convergence efficiency and stability. Fig. 10 shows the losses throughout
the training process for each model.

During the initial stages of training, both RNN and CNN displayed
high loss values, averaging around 0.5. As training epochs increased,
CNN’s loss gradually decreased and stabilized, converging at 0.21. In
contrast, RNN’s loss remained relatively unstable, even after 5000
epochs, fluctuating around 0.37. This difference highlights CNN’s more
stable convergence, attributed to its straightforward feature extraction
mechanism and reduced sensitivity to gradient-related. In contrast, the
RNN, while attempting to capture the rapid local changes in cutting
force signals induced by tool wear, compromised its overall temporal
comprehension, thus preventing it from reaching an optimal conver-
gence point.

Among all evaluated models, LCNN-EMD exhibited the lowest loss,
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Fig. 11. The timeliness of each model.

with values converging to 0.03. Additionally, LCNN-EMD exhibited the
highest stability, achieving convergence after approximately 1700
epochs. This performance is attributed to the synergy of LCNN and EMD,
which makes LCNN-EMD highly effective in extracting key features
relevant to TWM.

4.5. Timeliness analysis

In this section, the timeliness of six different models is evaluated by
comparing parameters, accuracy, and the multiply-add divide opera-
tions (MADDs) time for a single sample, as shown in Fig. 11.

The RNN shows a maximum MADDs time of 318.5ms and a
parameter count of 2.282 x 1076. This is attributable to the inherent
characteristics of RNNs, which necessitate substantial computational
resources to process information at each time step, directly leading to
longer MADDs time and a higher number of parameters. While EMD
integration raises RNN accuracy to 91.76%, it also increases MADDs
time and parameters. Conversely, the CNN achieves the shortest MADDs
time of 98.4 ms and a parameter count of 8.15 x 10"5, benefiting from
its optimized layer structure and parameter sharing features.

Overall, LCNN-EMD demonstrates dual advantages in efficiency and
performance, with an MADDs time of 157.3 ms, an accuracy of 95.42%,
and a parameter count of 1.037 x 10°6. The exceptional performance of
LCNN-EMD is attributed to several key design features: the inherent
feature extraction efficiency of LCNN, which eliminates the need for
excessively deep networks; the dynamic nature of adaptive EMD,
ensuring the model adapts to different signals without requiring exten-
sive training parameters; and the incorporation of batch normalization,
max pooling, and Leaky ReLU activation functions, which mitigate
overfitting while rapidly achieving feature dimensionality reduction
with minimal computational overhead.

4.6. Sensitivity to the size of the dataset

The performance of deep learning models is closely linked to the size
of the dataset. This section evaluates the models’ performance across
various dataset sizes, specifically with sample sizes of 150, 300, 450,
600, 750, and 900, as shown in Fig. 12.

Models utilizing adaptive EMD, such as DBN-EMD, RNN-EMD, and
LCNN-EMD, exhibit less significant declines in accuracy and less
dispersion in result distribution with smaller sample sizes. This indicates
that adaptive EMD effectively suppresses low-frequency noise with a
limited sample size, mitigating the model’s tendency to overfit noise due
to insufficient training dataset, thereby enhancing the model’s gener-
alization capability. However, constrained by the limitations of deep
learning architectures, these models exhibit poor convergence in accu-
racy as the number of samples increases. In contrast, LCNN-EMD
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Fig. 13. Frequency domain visualization of one-dimensional large-scale convolution kernel weights. From a to p, each represents one of the 16 channels.

consistently demonstrates more compact accuracy distributions across
datasets of varying scales. Despite its complex architecture, LCNN-EMD
efficiently identifies and extracts critical features necessary for TWM,
ensuring accuracy while reducing dependency on the number of
samples.

5. Ablation experiment
5.1. The effect analysis of LCNN
The design and application of large-scale convolution kernels play a

crucial role in enhancing the performance of LCNN-EMD. This section
provides a visualization analysis of the frequency domain features of

one-dimensional large-scale convolution kernel weights, as shown in
Fig. 13. From Fig. 13, it can be observed that these kernel functions
effectively filter signals in the frequency domain, allowing mid- and low-
frequency features to pass through while suppressing high-frequency
noise. This capability aids in extracting key tool wear features,
thereby enhancing the robustness of LCNN-EMD.

In the large-scale convolution layer, each channel functions as an
independent feature detector, capturing specific input frequency fea-
tures. For example, channels such as those shown in Fig. 14 (c), (f), and
(k) are more suitable for the mid-frequency features of the signal, while
channels like those in Fig. 14 (b), (i), and (g) prioritize the low-
frequency features of the signal. This combined effect enables LCNN-
EMD to better adapt to signal variations across different frequency
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ranges, enhancing its signal analysis capability and thereby improving
its accuracy in recognizing complex signals. Thus, large-scale convolu-
tion kernels play a critical role in LCNN-EMD, providing an effective
approach for TWM.

5.2. The effect analysis of adaptive EMD

In LCNN-EMD, adaptive EMD is one of the key factors to ensure its
robustness. To analyze the impact of adaptive EMD on the robustness of
the LCNN-EMD and its underlying mechanisms, we conducted 40
repeated trainings of the LCNN-EMD and LCNN on datasets with varying
numbers of training samples. The experimental results, as shown in
Fig. 15 and Fig. 16, consistently demonstrate that LCNN-EMD out-
performs standard LCNN in both accuracy and result concentration.

Notably, on a small dataset of 150 samples, LCNN-EMD’s average
accuracy exceeds that of the standard LCNN by 6.52%. This performance
improvement is attributed to LCNN-EMD’s reliance not only on a fixed
set of IMFs but also on the adaptive reconstruction of IMFs, effectively
capturing the time-frequency domain features of the signal and trans-
forming them into feature vectors rich with tool wear information.

Visualize the features output by the fully connected layer and reduce
dimensionality using T-SNE, as shown in Fig. 16 and Fig. 17. It is evident
that in the LCNN, samples from the normal and the sharp wear stage are
mixed in the feature space, with significant overlap in both the X and Y
axes. Such overlap can interfere with the classification performance of
the fully connected layer, ultimately affecting the LCNN’s accuracy. In
contrast, LCNN-EMD shows clearer sample distribution boundaries in
the feature space. Although there is some overlap between the normal
wear stage and the sharp wear stage along the Y-axis, the overall
distinction in sample distribution is more pronounced, mitigating the
feature overlap problem. This clear separation enables LCNN-EMD to
better predict tool wear.

5.3. Effect of the number of dynamic soft thresholding and adaptive EMD
in LCNN-EMD

By selectively omitting specific dynamic soft thresholding and
adaptive EMD, we analyzed the resulting changes in model perfor-
mance. Specifically, we removed the dynamic soft thresholding from the
second layer and the adaptive EMD from the fourth layer of LCNN-EMD,
creating a modified model referred to as LCNN-EMD-ablation. Both
LCNN-EMD and LCNN-EMD-ablation were trained with gaussian noise
added to the dataset at SNR levels ranging from 0 to 10 dB, and each
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model underwent 40 training repetitions. The resulting performance
comparisons are shown in Fig. 18.

As the Gaussian noise increased within the SNR range of 0 to 10 dB,
the difficulty of isolating useful signal features intensified. In a noise-
free environment (0 dB), the accuracy advantage of LCNN-EMD over
LCNN-EMD-ablation was minimal, at only 0.012. However, under a 6 dB
SNR condition, the accuracy gap widened to 0.021, indicating that the
roles of dynamic soft thresholding and adaptive EMD become increas-
ingly significant in maintaining model accuracy as noise levels rise.
Notably, LCNN-EMD-ablation exhibited greater sensitivity to noisy en-
vironments, with a sharp performance decline and the appearance of
outliers particularly at SNRs of 6 dB and 4 dB. These anomalies suggest
that the reduction of dynamic soft thresholding and adaptive EMD di-
minishes the model’s robustness against noise interference, rendering
LCNN-EMD-ablation less capable of maintaining stable feature
extraction.

The dynamic soft thresholding adaptively adjusts thresholds to bal-
ance the proportion of signal to noise, effectively suppressing high-
frequency noise—especially impactful after the initial convolutional
layers, where it substantially reduces noise influence during feature
extraction. Conversely, the adaptive EMD gradually filters out low-
frequency noise through multi-level decomposition of IMFs. The syn-
ergistic effect of dynamic soft thresholding and adaptive EMD ensures
that the network can dynamically adjust and eliminate noise at various
levels, thereby enhancing the network’s noise robustness and the ac-
curacy of feature extraction.

6. Conclusion

In this study, we have proposed the LCNN-EMD architecture for
TWM, which combines LCNN with adaptive EMD. This novel architec-
ture addresses the limitations of traditional models that rely heavily on
expert knowledge and significantly enhances data flow consistency and
processing efficiency. Using visual analysis, we demonstrated that the
design of LCNN and dynamic soft thresholding targets high-frequency
noise suppression, while adaptive EMD is designed to suppress low-
frequency noise and retain mid-frequency features. Through tool wear
experiments, it is shown that LCNN-EMD consistently outperforms other
mainstream models in terms of accuracy and stability, with significant
improvements in tool wear prediction and noise suppression.

It is evident that the trend in TWM technology is towards more
automated and intelligent systems, reducing reliance on manual input
and expert knowledge. The development of the LCNN-EMD architecture
is a significant step in this direction, providing a more reliable and
effective architecture for monitoring tool wear. However, in order to
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further improve the maturity and application range of this technology,
further research work is still needed. First, to enhance the robustness
and generalizability of LCNN-EMD, future studies should focus on cross-
validating the model using datasets from different machining environ-
ments, tool types, and a wider range of operating conditions. Addi-
tionally, exploring the integration of LCNN-EMD with edge computing
can aid in deploying the model in environments with limited access to
high-performance computing resources. This will facilitate real-time
monitoring and decision-making at the production site.
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