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Abstract

Accurate tool wear monitoring plays a decisive role in machining efficiency, product qual-
ity and reliability in modern manufacturing systems. Existing deep learning methods
struggle to balance the high-frequency transient features and low-frequency evolution
trends in tool wear signals, often losing key temporal evolution details when processing
long-range degradation data. Therefore, this paper proposes an online prediction method
of tool wear value that combines multi-scale convolution and dual-attention temporal
features. This method extracts local mutation and trend features in wear signals through
multi-scale convolution, captures wear evolution features through bidirectional cyclic
network, and adaptively fuses local detail information and global trend through dual
attention mechanism SWGC-DA to generate a multi-scale time series feature-driven pre-
diction model. The ablation experiment based on the PHM2010 public data set verifies
the effectiveness of the network structure design and demonstrates the model’s superior
predictive ability. Experiments on the self-built TiAl alloy milling dataset achieved a
stable prediction of R? up to 99.1%, with MAE and RMSE of 2.29 and 2.47, respectively.
The results show that this method significantly improves the accuracy and robustness of
wear prediction.

Keywords: tool wear prediction; multi-scale convolution; dual-attention mechanism;
Bidirectional Long Short-Term Memory (Bi-LSTM); multi-sensor information fusion

1. Introduction

In the context of modern manufacturing advancing toward intelligence, cutting tools
serve as core fundamental components in high-end equipment manufacturing, and their
wear condition directly affects machining efficiency, machining quality, and manufacturing
costs [1]. During the machining process, flank wear is a complex and inevitable progressive
process. Severe tool wear can lead to tool breakage and workpiece rejection, and may
even affect the normal operation of machinery [2]. In actual production, traditional tool
management relies excessively on manual experience; however, premature replacement
results in 15%-20% waste of production costs [3]. Delayed replacement, on the other hand,
leads to decreased machining accuracy and equipment damage. Therefore, establishing an
accurate and reliable online tool wear monitoring system in the manufacturing field is of
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great significance for improving machining quality stability and reducing manufacturing
costs [4].

Early research on tool wear monitoring generally employed direct observation and
measurement of tool wear using equipment such as optical microscopes and scanning
electron microscopes [5]. Although the direct method can provide more accurate tool
wear information, it requires stopping the equipment for inspection, making real-time
online monitoring difficult to achieve. Consequently, it has gradually been replaced by
indirect monitoring methods. Indirect monitoring methods refer to the use of various
sensor devices installed on machine tools to collect signals related to tool wear, such as
cutting force signals, vibration signals, and acoustic emission signals, and then infer the tool
wear condition through signal processing [6]. To overcome the high cost and low stiffness
of conventional intelligent tool holders, Xue et al. [7] developed a mountable monitoring
ring. This hardware solution integrates triaxial vibration sensing with Variational Mode
Decomposition (VMD) and manifold learning for efficient feature reduction and online
monitoring. Among these relevant signals, cutting force signals can directly reflect the dy-
namic characteristics during the machining process, with cutting force gradually increasing
as wear intensifies. Vibration signals are more sensitive to tool wear and can reflect changes
in the dynamic characteristics of tool wear. However, characterizing wear using a single
signal is limited. In contrast, multi-sensor information fusion captures tool condition from
multiple perspectives, integrating complementary data to enhance monitoring robustness
and accuracy [8]. Xu et al. [9] proposed a parallel convolutional neural network (CNN)
architecture that leverages multi-scale feature fusion and a channel attention mechanism.
By incorporating residual connections to adaptively optimize feature map weights, this
framework effectively enhances the robustness of tool wear prediction under complex
cutting scenarios.

In terms of signal processing and feature extraction, traditional methods mainly
rely on time-domain statistical features, frequency-domain features, and time-frequency
domain features. These types of features have certain limitations: First, feature selection
and extraction rely excessively on expert prior knowledge. Additionally, manual features
can only capture shallow statistical characteristics of signals and have difficulty mining
deep correlation patterns within the data. Most importantly, when fusing multi-sensor
signals, how to determine the weights of different features and fusion strategies remains a
challenging problem. Current research has extensively utilized machine learning algorithms
to map sensor signals to wear states. For instance, Chen et al. [10] employed LS-SVM,
Ganeshkumar et al. [11] utilized random forest and K-nearest neighbor regression, and
Heitz et al. [12] incorporated physical models into XGBoost. However, these methods rely
heavily on expert knowledge for manual feature extraction and often struggle to capture
deep nonlinear correlation patterns within the data.

Among deep learning methods, CNN has been widely applied due to its power-
ful self-learning capability. As a representative architecture of deep learning, CNN can
effectively extract spatial features from signals through local connectivity and weight
sharing mechanisms. It reduces the complexity of neural network models while signif-
icantly decreasing the number of neural network parameters, thereby preventing over-
fitting. Ahmadzadeh Mdengd et al. [13,14] applied one-dimensional CNN to time-series
signal processing, progressively extracting high-level abstract features by stacking multiple
convolutional layers. Li R et al. [15] converted one-dimensional time-series signals into
two-dimensional time-frequency images through continuous wavelet transform, and then
utilized two-dimensional CNN for feature extraction. However, such methods require
additional time-frequency transformation steps, increasing computational complexity, and
the selection of time-frequency transformation parameters also affects the final prediction
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performance. To fully leverage the advantages of CNN, some researchers have proposed
hybrid architectures. Al Mamun A et al. [16] designed a multi-channel parallel CNN struc-
ture that simultaneously processes multi-source information from time domain, frequency
domain, and time-frequency domain, achieving integration of complementary information
through feature fusion strategies. Huang et al. [17] proposed a multi-scale CNN model
based on attention mechanism, utilizing convolutional kernels of different sizes to capture
multi-scale features and adaptively adjusting the weights of features at each scale through
attention modules.

Recurrent neural networks (RNN) and their improved variant, long short-term
memory networks (LSTM), have been introduced into tool wear monitoring due to their
advantages in processing sequential data. The LSTM proposed by Hochreiter et al. [18]
effectively addresses the gradient vanishing problem of traditional RNN and is well-
suited for processing time-series data. To optimize temporal feature extraction, Cui Z
et al. [19] constructed a multi-layer stacked LSTM network to model complex patterns
under multiple working conditions, while Marani et al. [20] systematically evaluated
network depth and width, identifying a two-layer architecture with eight units as the
optimal configuration. Furthermore, Wang G et al. [21] proposed an LSTM model based
on encoder—decoder structure, transforming the tool wear prediction problem into a
sequence-to-sequence mapping task and improving the accuracy of multi-step prediction.
Cai et al. [22] constructed a deep learning framework based on stacked Long Short-Term
Memory (LSTM) networks. By fusing multi-sensor time-series features with processing
parameters, this approach achieves robust tool wear prediction under complex operating
conditions. However, standard LSTM employs a unidirectional information propagation
mechanism, which can only utilize information from historical moments to model the
current state. For progressive degradation processes with obvious trends such as tool
wear, information from future moments also contains important clues for state evolu-
tion. Xu Z et al. [23] applied Bi-LSTM to tool wear state recognition, and experimental
results demonstrated that the bidirectional structure can more accurately capture the
bidirectional dependencies of wear evolution. Li X et al. [24] proposed a tool wear trend
prediction model based on Bi-LSTM, significantly improving prediction accuracy by
fusing forward and backward hidden state information. However, overall, research
on the application of Bi-LSTM in tool wear monitoring remains relatively limited, and
its potential requires further exploration. The introduction of attention mechanisms
provides deep learning models with a dynamic weighted feature selection approach.
In tool wear monitoring, global attention can identify time periods that have greater
influence on wear states, improving model interpretability. Global attention, as utilized
by Sun M et al. [25] and Xue Z et al. [26], effectively identifies critical wear stages but
involves all temporal moments, making it computationally expensive and susceptible
to noise. To alleviate this, researchers proposed local [27,28] or sparse [29] attention
mechanisms to reduce complexity and focus on short-term dynamic changes. Build-
ing on this, Li B et al. [30] introduced soft-thresholding to reinforce trend recognition.
However, since tool wear signals contain both low-frequency trends and high-frequency
mutations, single mechanisms often fail to adequately capture complex features. Conse-
quently, recent studies have developed hybrid architectures: Zhou Y et al. [31] designed
a multi-resolution network (MRDAN), while Hou K et al. [32] proposed the Swinsion
framework integrating CNN and Transformer. Additionally, spatiotemporal [33] and
channel-spatial [34] attention mechanisms have been employed to refine feature selec-
tion. Moreover, to address specific machining challenges, Zhang et al. [35] utilized
meta-learning for small-sample scenarios, while Zhang et al. [36] incorporated physics
constraints for cross-condition adaptation. Nevertheless, existing methods still struggle
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to adaptively balance global and local features to mitigate interference from complex
machining dynamics.

Despite existing advancements, current data-driven methods still face three criti-
cal challenges: First, fixed-scale convolutional structures often fail to simultaneously
capture instantaneous impact features and long-term degradation trends, limiting the
model’s receptive field. Second, traditional temporal modeling relies heavily on unidirec-
tional propagation, ignoring the bidirectional dependencies inherent in the continuous
wear process. Third, existing attention mechanisms struggle to balance global context
with local details, making it difficult to adaptively mitigate interference from complex
machining dynamics.

To address the aforementioned issues, this paper proposes a tool wear monitoring
method based on the Multi-Scale Convolution and Dual Attention Temporal Feature
Network (MS-DATFNet). The main contributions of this method include:

(1) A parallel multi-scale convolution module is constructed to synchronously extract
high-frequency impact features and low-frequency degradation trends. This design
aims to enhance the signal-to-noise ratio and capture intrinsic degradation patterns
robust to environmental noise.

(2) A Bidirectional LSTM (Bi-LSTM) architecture is employed for modeling comprehen-
sive temporal dependencies. By integrating both historical accumulation and future
context, this module is designed to precisely track the nonlinear evolution characteris-
tics of the entire wear lifecycle.

(3) A global-local dual-stream attention mechanism is integrated to mitigate interference
from complex machining dynamics. Through the synergy of macroscopic critical
moment identification and microscopic periodic pattern capture, this objective ensures
the model maintains stable prediction accuracy across varying cutting conditions.

2. Methods

This section introduces a multi-source information fusion network, termed MS-
DATFNet, designed to address the limitations of fixed-scale feature extraction, uni-
directional temporal modeling, and the insufficient adaptability of existing attention
mechanisms. The architecture is designed to effectively fuse multi-sensor signals and
conduct in-depth mining of wear-related features. Specifically, the model is composed
of three collaborative modules, dedicated to multi-scale feature extraction, temporal
dependency modeling, and adaptive feature fusion, respectively. First, the multi-scale
convolution module is employed to extract discriminative key features from raw force
signals and vibration signals, followed by max pooling layers to compress feature di-
mensions and remove redundant data. Subsequently, a Bidirectional Long Short-Term
Memory (Bi-LSTM) module is introduced, leveraging its bidirectional temporal mod-
eling capability to capture both forward and backward temporal dependency patterns
in signal sequences. Furthermore, global attention and local attention mechanisms are
incorporated, enhancing the representation capability of core temporal features through
dual attention constraints. Finally, multiple fully connected layers are constructed at the
top of the network to increase output nonlinearity, and a regression layer is utilized to
generate the target tool wear values. Figure 1 illustrates the overall flowchart of tool
wear prediction.
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Figure 1. Tool wear prediction based on the MS-DATFNet.

2.1. Parallel Convolution Fusion

Convolutional Neural Networks (CNNs) utilize local receptive fields and parameter
sharing to model the spatial correlations of multi-channel sensor signals. Based on the
dimensionality of input variables, CNNs can be primarily categorized into 1D-CNNSs for
processing one-dimensional temporal signals and 2D-CNNss for two-dimensional image
analysis. Many existing studies convert raw signals into two-dimensional time-frequency
spectrograms through Fourier transform or wavelet transform to meet the input require-
ments of 2D-CNNSs. Although such methods can improve the prediction performance of
models, they rely heavily on prior knowledge and involve high computational complexity.
In contrast, 1D-CNNs can directly perform end-to-end modeling on raw time-domain
signals. Tool wear signals exhibit distinct multi-time-scale characteristics, encompassing
both local abrupt features and slowly evolving trends. Convolution kernels with a single
scale and fixed receptive field struggle to simultaneously capture these heterogeneous
temporal patterns. Therefore, this paper designs a multi-scale convolution module con-
sisting of three parallel one-dimensional convolution branches, with the structure shown
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in Figure 2. The module incorporates three distinct kernel sizes: 1 x 3,1 x 5,and 1 x 7.
This multi-resolution structure is designed to decouple the vibration signals into different
frequency domains for comprehensive feature extraction. The smaller kernel specializes
in capturing high-frequency local variations. In contrast, the larger kernel focuses on
low-frequency global patterns, effectively characterizing the gradual degradation trend of
the tool. The intermediate kernel serves to bridge these scales, ensuring semantic continuity
across the feature maps. By limiting the receptive fields to this specific range, the model
achieves a balance between detailed local sensitivity and global trend awareness. This
selection provides sufficient coverage for tool wear dynamics, whilst effectively avoiding
the computational redundancy and potential overfitting risks associated with excessively
large kernels. The feature extraction process of the three branches along the temporal
dimension can be expressed as:

F®) = ¢(BN(Conv1d®) (X))), ks = 3 1)
F™) = ¢(BN(Conv1d"™ (X))), ky =5 )
F) = ¢(BN(Conv1d(X))), k; =7 3)
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Figure 2. Parallel convolution module structure.

In the formula, Convld() denotes one-dimensional convolution, where different con-
volution kernel sizes correspond to distinct time windows. o(-) represents the ReLU acti-
vation function, and BN stands for batch normalization. To ensure the stability of feature
extraction, all three branches follow the standardized processing pipeline: “convolution-
batch normalization-activation-dropout”. The temporal features of the three branches are
concatenated along the channel dimension, and 1 x 1 convolution is further employed for
feature integration to reduce computational complexity.

Feoncat = Concat([F(S),F(’”)/p(l)],dim =1) @

Ffused = U(BN(Convldlxl(Fconcat))) ()

Finally, the fused multi-scale temporal features are added to the input signal via
residual connection:

Hbilstm = [hl ® hl,h2 & h2, ..., hT' & hT'] (6)
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This design serves two purposes: it preserves the integrity of the original temporal
signal while mitigating the gradient vanishing problem common in deep networks. Con-
sequently, the model can simultaneously capture multi-scale feature representations in a
single forward pass, thereby providing rich temporal features for subsequent modeling.

2.2. Temporal Encoding Module

Due to the strong temporal dependencies inherent in sensor signals, tool wear assess-
ment requires consideration of information from each time step. To capture the temporal
dependencies of signal features, given the feature sequence after multi-scale convolution
processing and dimension transposition H & REXT'*D wwhere B denotes the batch size
T’ = T/4, represents the temporal length after pooling, and D is the feature dimension.
The feature vectors extracted from the 1D-CNN, X; = [Xl, X, Xt,..., XN] are fed into
a Bidirectional Long Short-Term Memory network (BiLSTM) to achieve deep temporal
modeling. The stacked BiLSTM processes the input sequence simultaneously through
forward and backward directions using two independent LSTM structures. The forward
LSTM considers the influence of historical information on the current hidden state, thereby
capturing the trends of tool wear. The sequence is processed chronologically from time step
t=1tot=T"

— —
he= LSTMforward(ht/ htfl) )

e = oy (W T W h + o) 8
t U'h( hh -1+ iht+ h) ()

The backward LSTM primarily utilizes future information to update the current hidden
state. Simultaneously considering both historical and future information further enhances
the capability of the LSTM unit to perceive dynamic variations in feature sequences. The
sequence is processed in reverse chronological order from time step t = T" to t = 1:

— —
hy = LSTMbuckwurd (htr h t+l) (9)

e b b b

where Wi{h/ b denotes the hidden state weight matrix of the forward LSTM, Wij;/b represents
the input weight matrix of the backward LSTM, WI{ /Y denotes the bias vector, and o,
represents the tanh activation function.

— — —

— = —
Hyitstm = [M1® hy, ho® ho,..., hp @ hp] (11)

where @, denotes vector concatenation. While deeper LSTM layers help address non-linear
features in temporal prediction, they also increase computational resource consumption
and weaken the model’s generalization ability. To balance network performance and
overfitting, this paper adopts a two-layer bidirectional LSTM structure and introduces a
dropout mechanism to prevent overfitting.

"0

bistms = Dropout (BiLSTM® (Hyj, V)1 € {1,2} (12)

bilstm

The output bidirectional LSTM feature Hy;jss;, € RB*T'*2Dyigaen contains both forward
and backward contextual information at each time step, where Dy,;44,,, denotes the number
of LSTM hidden units (Figure 3).

It is important to note that the bidirectional mechanism utilizes information from
the entire input window, which necessitates a buffered processing strategy for online
monitoring. In practice, the prediction for the current timestamp is generated once the
sliding window is fully populated. Given the high sampling frequencies employed in
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our experiments, this buffer introduces a latency only on the scale of tens of milliseconds.
Since tool wear is a relatively slow degradation process, this micro-latency is negligible for
process control, allowing the system to benefit from the enhanced accuracy of bidirectional
modeling without compromising operational effectiveness.

L
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Figure 3. Schematic diagram of the overall architecture and internal cell structure of the stacked
bidirectional LSTM network.

2.3. A Dual-Attention Mechanism Integrating Sliding Windows with Global Context

During the tool wear process, long-sequence data contains not only long-term wear
patterns but also local abnormal features that indicate critical states. Effectively capturing
and fusing these multi-scale temporal features is a key challenge. To overcome the limi-
tations of traditional single attention mechanisms, this paper proposes a dual attention
mechanism, which employs a simplified global attention and local adaptive attention to
achieve effective fusion of multi-scale temporal features. The hidden sequence states output
by the bidirectional LSTM are denoted as H & RB*Txd and the formal definition of the
dual attention mechanism is as follows: the attention energy value of each time step is
calculated via non-linear transformation,

e = Wy - tanh(Wy - hy + b1) + by (13)

where W; € R9*d" and Wy € R1*4" are learnable weight matrices, b; and b, are bias terms,
d’ denotes the dimension of the intermediate layer. A two-layer neural network is used to
map the hidden states to scalar energy values, where the tanh activation function introduces
non-linearity, enabling the model to learn complex attention patterns. Then, the energy
values are normalized using softmax to obtain the attention weights for each time step:

exper)

ar = (14)

T
X exp(e)

This ensures that the sum of weights across all time steps equals 1 (Y a; = 1, a; € [0,1])),
t

and that each weight value lies within the interval [0, 1]. The attention weight «; reflects the
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importance of time step i to the final prediction. Based on these attention weights, the global
context vector is calculated as: ’
Cglobal = Z at - hy (15)
t=1
By aggregating information across all time steps via weighted summation, cgopal
encapsulates the global semantic information of the entire sequence—time steps with larger
weights contribute more to the global representation.
To capture local detailed features, the sequence is divided into k local windows with a
window size of w. For the k-th window, the window feature is first constructed through a

concatenation operation:
Wi =H[:,k-s:k-s+w,:] (16)

where H € REXT*4 is the hidden state matrix, s denotes the stride, k represents the feature
slice of the window extracted from the complete sequence, and w is the window size—this
ensures that the local attention only focuses on adjacent time steps.

The local attention energy is calculated for each local window:

e}c?tc al = MLPlocal (wk,t ) (1 7)

where MLPj,, is a lightweight multi-layer perceptron, and wy ; denotes the hidden state
at time step t within window k.

This network learns the local dependency relationships inside the window; its pa-
rameter count is much smaller than that of the global attention, which reduces computa-
tional complexity.

K
B = s0ftmax(MLPyiopa (i) )crocas = Y Prc - (18)
k=1

where c}fcal denotes the local context vector of the k-th window, and By is the cross-window
attention weight. This two-level attention structure first aggregates information within the
window to obtain ¢}, then performs selective fusion across windows via By, enabling
the model to focus on local regions containing key wear features. The window size w is
adaptively adjusted based on the sequence length T, typically set as w = [T /K], where K is
the preset number of windows.

Finally, the integration of dual attention features is achieved through a fusion network:

Cfused = MLPfusion ( {Cglobal; Clocal} ) (19)

Here, [; | represents the feature concatenation operation, and MLPfysion is the fusion
network, which learns the optimal combination weights of global and local features. By
non-linear transformation, this network adaptively balances the contributions of the two
attention mechanisms, allowing the fused features to retain both the global wear trend and
local abnormal information.

For global attention, the attention weights are first computed, followed by normaliza-
tion operations to obtain global information. For adaptive local attention, the sequence is
partitioned according to window size, local attention is computed within each window,
and then fused through cross-window attention. The window size w is adaptively adjusted
according to the sequence length T. Finally, the integration of dual attention features is
achieved through the fusion network.

As shown in Figure 4, the input features are simultaneously fed into two parallel
modules: the global attention mechanism and the adaptive local attention mechanism. The
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(Td)

resulting global and local attention features are fused through concatenation operations
and further optimized via a multi-layer perceptron. Finally, a fusion network is employed
to learn the optimal combination weights of the two attention mechanisms. By explicitly
modeling the global-local dependencies, the Dual Attention Mechanism (DAM) allows the
model to leverage complementary multi-scale wear-related information while maintaining
computational efficiency. This facilitates the mining of temporal evolution patterns that are
essential for high-precision tool wear prediction. The fused attention features derived from
this method encapsulate the deep semantics of tool wear information across multiple time
scales, which not only preserve the global information reflecting the long-term degradation
trend but also capture the local detailed features indicating abrupt state changes.

Global Attention Branch
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States H —»|
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SlidingWin| G == c-
| dow || Levell I —>|| Level2
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Figure 4. Architecture of the dual-branch global-local attention mechanism.

3. Experiments

To comprehensively evaluate the effectiveness and generalization ability of the pro-
posed model, dual verification was performed using two datasets: one provided by the
Prognostics and Health Management Society (PHM) based in New York, NY, USA [37], and
the other independently constructed from TiAl alloy milling experiments. This section elab-
orates on the experimental data acquisition setup, machining parameters, and monitoring
system configuration.

3.1. Publicly Available Dataset

This study utilizes the PHM2010 public dataset for model validation. The experimental
setup is shown in Figure 5. The experiments were conducted on a Roders Tech RFM
760 high-speed CNC milling machine (Roders GmbH, Soltau, Germany). A three-flute
cemented carbide ball-end milling cutter with a diameter of 6 mm was employed, and
dry side milling was adopted to machine Inconel 718 alloy. The relevant experimental
parameters are as follows: spindle speed: 10,400 r/min, feed rate: 1555 mm/min, axial
depth of cut: 0.2 mm, radial depth of cut: 0.125 mm, and feed per tooth: 0.001 mm. The
sampling frequency was 50 kHz. The data acquisition equipment included a Kistler 9265 B
three-dimensional dynamometer (Kistler Group, Winterthur, Switzerland), a Kistler 5019
A multi-channel charge amplifier (Kistler Group, Winterthur, Switzerland), an NI DAQ
data acquisition card, and a Leica MZ 12 metallographic microscope (Leica Microsystems,
Wetzlar, Germany). In this experiment, three-axis cutting force data were acquired using a
Kistler 9265B three-dimensional dynamometer, while vibration signals were captured via a
Kistler 5019 A multi-channel charge amplifier; acoustic emission signals were collected with
an acoustic emission sensor. After gathering signals from seven channels (encompassing
force and vibration data for the x, y, and z axes, plus acoustic emission data), the signals
were conditioned using the Kistler multi-channel charge amplifier—this step ensured the
signal-to-noise ratio and accuracy of data acquisition via the NI PCI 1200 system. To obtain
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ground-truth labels for tool wear, the flank wear width (VB) was measured offline using a
LEICA MZ 12 microscope. Six full-life-cycle tests were conducted using up-milling of the
material. The duration of each pass was equal, and the wear on the flank face of the cutting
tool was measured after each pass. Machining was completed after 315 cuts. Among the six
datasets obtained, the C1, C4, and C6 datasets were used to measure the wear of the milling
cutter. Since wear assessment based solely on a single cutting edge is prone to local bias,
the average wear value of the three cutting edges across 315 sample sets was designated as
the reference standard for characterizing the tool wear state.

Stepl: Machining And

Sensor Installation Step 2: Signal Amplification

And Digitization

—O

— Kistler charge
amplifier

T

Step 3: Microscopic

Inspection (Ground Truth) Step 4: Signal Processing

And Analysis
LEICA MZ12
Microseope measurement @

Tool wear

VB Analysis And
Measurement Prediction

Figure 5. Experimental setup of PHM2010.

3.2. Self-Built TiAl Alloy Milling Dataset

To further verify the reliability and generalizability of the model, this study conducted
a complete tool wear cycle milling experiment through TiAl milling tests. The primary
objective of this experiment is to evaluate the prediction accuracy and adaptability of the
proposed method under distinct machining scenarios. The machining equipment employed
herein was a CAMUMC 850 ultrasonic-assisted three-axis milling machine. (The workpiece
material was a cylindrical TiAl alloy, with dimensions specified as ¢74.8 mm x 199 mm. A
four-flute cemented carbide end mill was used as the cutting tool. During the experiment,
force signals were recorded by a Kistler dynamometer, and vibration signals were moni-
tored and recorded by an IGTech A26 F100 T01 C system. The experimental parameters are
shown in Table 1.

Table 1. Milling Parameters of TiAl Alloy.

Experimental Parameter Value
Spindle Speed 3000 rpm
Feed per Revolution 0.2mm/r

Depth of Cut 0.1 mm
Width of Cut 0.15 mm

Sampling Frequency 20 khz
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Tool wear (pum)

Upon completion of each tool pass, the flank wear width of the four cutting edges
was measured using a super-depth-of-field microscope. The average of these four
measurements was adopted as the tool wear value for that pass. Figure 6 depicts the
specific experimental setup for the TiAl alloy milling. A total of 56 cutting tests were
conducted throughout the complete tool life cycle. The resulting wear progression
curve is shown in Figure 7. Based on the wear curve, tool wear was categorized into
three distinct stages—initial wear, steady-state wear, and accelerated wear—using the
K-means clustering algorithm. The dataset was subsequently divided in an 8:2 ratio for
model training and validation, respectively.

Measuring
equipment

Dynamic Signal
Sensing Unit

Figure 6. Experimental Setup of TiAl Alloy Milling.
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Figure 7. Tool Wear Curve for Tool Life in TiAl Alloy Milling Experiment.

3.3. Training and Validation of the Model

The model was trained on the Windows 11 operating system, with an NVIDIA RTX
4090 graphics card utilized for acceleration. The training environment was built on PyTorch
2.0 paired with CUDA 11.8. During the training process, the AdamW optimizer was
adopted to perform iterative optimization of model parameters, while the cosine annealing
with warm restarts strategy was integrated to dynamically adjust the learning rate. The
detailed hyperparameter configuration of the network is presented in Table 2.
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Table 2. Hyperparameter Configuration for Model Training.

Hyperparameter Setting Value
Total Training Epochs 160
Batch Size 18
Initial Learning Rate 0.0002
Weight Decay Coefficient 0.0005
Dropout Rate 0.45

3.4. Performance Evaluation

The mean absolute error (MAE), root mean square error (RMSE), and coefficient
of determination (R?) were selected as the evaluation metrics, and their definitions are
given in Equations. Herein, §; and y; represent the predicted value and actual value,
respectively, ¥ denotes the mean value of the actual values and N is the total number of
samples. These commonly used metrics were employed to evaluate the performance of the

proposed method.
1Y
MAE = =) 19, —y; (20)
N i=1
1y ’
RMSE = NZ 9 —v,) (21)
i=1
N 2
X (§i—-v)
R2=1- 1= (22)
N —\2
'21 i =)
1=

4. Ablation Experiment of Key Modules

To verify the effectiveness of each core component of the model proposed in this
paper, ablation experiments were designed for validation. Three core modules were
mainly analyzed as follows: (1) Multi-scale convolution, which was used to evaluate the
contribution of different convolution kernels to feature extraction; (2) Bidirectional LSTM
(Bi-LSTM), which was adopted to verify the performance improvement of bidirectional
temporal modeling compared with unidirectional temporal modeling; (3) Dual attention
mechanism, which was utilized to assess the necessity of fusing local attention and global
attention. To ensure the rigor and reliability of the experiments, the principle of a single
variable was followed in each group of ablation experiments. Except for the module to be
verified, the remaining network structure, computer hardware environment, and training
configurations were kept unchanged.

4.1. Ablation Experiment of the Parallel Convolution Fusion Module

To verify the effectiveness of the parallel convolution fusion module proposed in this
paper for capturing different frequency-domain features during the tool wear process,
multiple groups of comparative experiments were designed in this section. Specifically,
the experiments included three single-scale convolutional layer control groups (Baseline
A: Kernel = 3, Baseline B: Kernel = 5, Baseline C: Kernel = 7), two dual-scale combination
control groups (Baseline D: Kernel = 3, 5 and Baseline F: Kernel = 5, 7), and the multi-scale
fusion method proposed in this paper (Proposed). The experimental results are presented
in Table 3 and Figure 8.
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Table 3. Performance Comparison Under Different Convolution Kernel Configurations.
Experiment ID  Kernel Configuration MAE RMSE OverallR?  C1R? C4 R? C6 R?
Baseline A Kernel =3 6.309 8.676 0.952 0.941 0.929 0.970
Baseline B Kernel =5 4.767 7.321 0.966 0.979 0.943 0.975
Baseline C Kernel =7 5.765 8.191 0.957 0.966 0.925 0.976
Baseline D Kernel = 3,5 5.257 8.294 0.957 0.925 0.981 0.955
Baseline F Kernel =5,7 4.702 7.005 0.969 0.979 0.942 0.983
Proposed Multi-Scale 3.657 5.840 0.978 0.978 0.968 0.983
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Figure 8. Wear Prediction Scatter Plots of Training and Test Sets for Different Models.

From the data in Table 3, it can be analyzed that the prediction accuracy of single-scale
models (Baseline A, B, C) is significantly affected by the convolution kernel size, and they
cannot simultaneously achieve an optimal balance between local sensitivity and global
stability. For example, although Baseline B (Kernel = 5) performed best among the single-
scale group, its MAE remained at 4.767. In contrast, the multi-scale convolution fusion
method proposed in this paper effectively overcomes the limitations of a single receptive
field. By extracting features at different scales through parallel convolution and then fusing
them, all evaluation metrics were improved. The MSE and RMSE were reduced to 3.657 and
5.840, respectively, and the overall R? reached 0.978, demonstrating the best performance
among all control experiments.

The regression scatter plot in Figure 8 offers a more intuitive visualization of the
aforementioned analysis. Specifically, the first row of subplots (from left to right) depicts
Baseline A, Baseline B, and Baseline C, while the second row presents Baseline D, Baseline
F, and the Proposed model (MS-DATFNet).In this plot, blue and red dots illustrate the
correlation between predicted values and ground-truth values, while the histograms on
both sides separately delineate the density distribution of the corresponding datasets. The
best-performing single-scale model B exhibits significant instability in the high-wear stage,
with a recorded maximum absolute error of 16.2 um. This large local deviation indicates
that single-scale features fail to capture rapid degradation signals. In contrast, the proposed
MS-DATFNet demonstrates superior robustness under severe wear conditions. In the same
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high-wear stage, the maximum absolute error is drastically reduced to 7.5 um. Such a
significant error reduction highlights that the multi-scale fusion strategy successfully over-
comes the limitations of single-scale models in handling extreme wear patterns. However,
it is worth noting that a slight overestimation trend is observed in the initial wear stage
(approx. 0-50 um). This is primarily attributed to the unstable tribological behavior during
the “run-in” period, where weak micro-wear signals are susceptible to background noise.
Future improvements could address this via stage-specific denoising or weighted feature
learning. Despite this localized deviation, the overall predictive capability remains robust.
This performance improvement is mainly attributed to the feature complementarity of the
multi-scale convolution module: small-scale convolution kernels sensitively capture local
features reflecting abrupt wear changes, while large-scale kernels effectively characterize
the overall degradation trend. The combination of both significantly enhances the model’s
capability for feature extraction and representation throughout the entire tool life cycle. In
addition to this multi-scale fusion strategy, the internal residual connections are crucial
for ensuring effective model training. Comparative analysis with a non-residual variant
revealed that removing these connections resulted in optimization difficulties, requiring
approximately 20 additional epochs to reach convergence and increasing the MAE from
3.657 to 3.924. This confirms that residual learning is indispensable for maintaining both
gradient stability and high prediction accuracy in the deep architecture.

4.2. Ablation Experiment of the Temporal Encoding Module

Considering the deficiency of convolutional features in temporal modeling, a temporal
encoding layer was introduced to improve prediction accuracy. To evaluate the effective-
ness of the proposed module and determine its optimal structure, a stepwise ablation
experiment involving four distinct configurations (as presented in Table 4) was designed
and conducted in this section. The configurations are detailed as follows: Variant 1 (w/o
LSTM): the recurrent neural network (RNN) layer was removed; Variant 2 (Uni-LSTM): a
unidirectional LSTM structure was adopted; Variant 3 (GRU): the LSTM units were replaced
with gated recurrent units (GRU); Proposed (Bi-LSTM): a bidirectional LSTM structure was
implemented. The experimental results are presented in Table 4 and Figure 9.

Table 4. Prediction Accuracy Evaluation of Different Ablation Variants.

(Ablation Settings) MAE RMSE Overall R? C1R? C4 R? C6 R?
Variant1 (w/o LSTM) 7.092 15.762 0.843 0.316 0.921 0.973
Variant2 (Uni-LSTM) 6.634 11.455 0.917 0.702 0.933 0.981

Variant3 (Bi-GRU) 4.950 8.120 0.955 0.910 0.952 0.982
Proposed (Bi-LSTM) 3.657 5.840 0.978 0.978 0.968 0.983

It can be clearly observed from the table that after removing the LSTM structure, the
model exhibited the worst performance, with its RMSE value reaching as high as 15.762.
Moreover, the overall R? on the C1 dataset dropped to as low as 0.316, indicating that
relying solely on convolutional features cannot effectively handle the complex nonlinear
wear process, resulting in near-complete model failure. With the introduction of temporal
structures, the model’s prediction performance improved in a stepwise manner. However,
the Uni-LSTM and Bi-GRU structures demonstrated limited fitting capability on the C1 and
C4 datasets. In contrast, the Bi-LSTM proposed in this paper achieved the best prediction
performance, with its RMSE value reduced by as much as 62.9% compared to the w/o
LSTM structure, and the R? improved to 0.978. This result fully demonstrates the decisive
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role of the bidirectional LSTM structure in capturing global temporal context and enhancing
model generalization capability.

Model Architecture Model Architecture
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Figure 9. Rain Cloud Plot of Absolute Wear Error Distribution for Different Ablation Variants.

As shown in Figure 9, the raincloud plots containing probability density curves, box
plots, and scatter plots comprehensively illustrate the absolute wear errors of different
ablation variants. The extremely wide error distribution and low-density peak of Variant
1 intuitively indicate the model’s failure in the temporal dimension. Although Variant
2 introduces temporal memory, long-tail extensions still persist. This is because the model
can only utilize historical degradation trajectories, and when abrupt changes in wear rate
occur, the lack of future information for reference prevents timely deviation calibration.
Variant3 narrows the interquartile range through the bidirectional mechanism, but it is less
effective than the Proposed model in filtering complex wear noise. The model proposed in
this paper simultaneously integrates historical trajectories and future evolution information
of tool wear, effectively capturing bidirectional dependencies in wear signals. This global
perspective endows the model with exceptional robustness, enabling it to almost completely
eliminate the long-tail phenomenon in both the C1 and C4 datasets, thereby maintaining
prediction accuracy even in dynamic environments.

4.3. Ablation Experiment of Sliding Window Global Attention

Relying solely on the final time step of Bi-LSTM tends to cause the loss of degradation
information in long sequences. In addition, tool wear involves both a gentle global trend
and intense local fluctuations, which cannot be simultaneously captured by a single atten-
tion mechanism. To verify the effectiveness of the attention mechanism and the necessity of
the dual-stream adaptive fusion mechanism proposed in this paper, four groups of compar-
ative experiments were designed in this section, namely M0 (without attention mechanism),
M1 (single global attention mechanism), M2 (single local attention mechanism), and M3
(dual attention mechanism).

As can be seen from Figure 10, although the M1 model incorporating the global
attention mechanism can capture the overall degradation trend of the entire sequence and
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reduce the MAE value to 4.398, the RMSE value and overall R? did not improve but instead
decreased. This phenomenon indicates that single global weighting causes over-smoothing,
resulting in weak model sensitivity to high-frequency transient features that characterize
abrupt wear changes. The M2 model with a single local attention mechanism significantly
improved prediction accuracy through fine-scale temporal window partitioning, validating
the primary role of local features in wear detection. However, on the C1 dataset, its R* was
lower than that of the M0 model without attention mechanisms, indicating that local models
lacking global perspective are more susceptible to noise interference and fail to adequately
preserve critical long-term dependency information. The dual-stream adaptive attention
model M3 proposed in this paper combines global trends and local details, achieving
optimal performance in both MAE and RMSE values. On the C1 dataset, the R?> was
significantly improved to 0.978. This demonstrates that the M3 structure can adaptively
adjust attention weights according to signal states, simultaneously capturing global trends
and local abrupt changes, thereby achieving high-precision wear prediction.
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Figure 10. Visualization of Ablation Experiment Results for the Effectiveness of the Dual Atten-
tion Mechanism.

4.4. Performance Comparison and Evaluation of Tool Wear Prediction Models on the TiAl Alloy
Milling Dataset

To comprehensively evaluate the performance of the CNN-LSTM-DualAttention
model proposed in this paper for tool wear prediction tasks, three representative and
academically influential temporal modeling benchmark models were selected for compari-
son. (1) CNN-LSTM: This architecture integrates the local feature extraction capability of
convolutional neural networks with the temporal modeling capability of long short-term
memory networks, serving as a classic benchmark architecture in the field of industrial
equipment condition monitoring [38]. (2) TCN (Temporal Convolutional Network): This
model employs dilated causal convolution structures to efficiently capture long-range
temporal dependencies and has demonstrated excellent performance in industrial time-
series prediction tasks, making it one of the important reference standards in this field [39].
(3) Transformer: Based on the global self-attention mechanism to directly model depen-
dency relationships between arbitrary positions in sequences, it represents the cutting-edge
paradigm in current sequence modeling [40]. For a rigorous comparative analysis, the
hyperparameters of all baseline models (CNN-LSTM, TCN, and Transformer) were sys-
tematically optimized via grid search on the validation set. Specifically, the fitting ranges
for the initial learning rate were evaluated across { 1073,5 x 1074,2 x 104,104}, and the
final value was determined to be 0.0002. The batch size was optimized within the range
of {16, 32, 64}, with 16 selected as the optimal size. To ensure convergence and prevent
overfitting, we employed an early stopping mechanism with a patience of 20 epochs, al-
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lowing for a maximum of 100 training epochs. Consistent with the dataset setup, an 8:2
training-to-validation split was maintained. All experiments were implemented on an
NVIDIA RTX 4090 GPU. The proposed model demonstrates high computational efficiency,
requiring only about 15 min to complete 100 training epochs. The detailed hyperparameter
configurations are summarized in Table 5. While the core architectural configurations from
the original literature were maintained, specific parameters such as kernel size, network
depth, and attention heads were fine-tuned to adapt to the characteristics of the current
datasets. The prediction curves and quantitative metrics of each comparative model are

shown in Figures 11 and 12.

Table 5. Summary of optimal hyperparameter settings.

Parameter Value
Total Training Epochs 100
Initial Learning Rate 0.0002
Dropout Rate 0.45
Batch Size 16
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Figure 11. Comparison of tool wear prediction performance on the TiAl dataset.
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Figure 12. Statistical analysis of model prediction performance on the TiAl milling dataset.
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In Figure 11, the yellow curve represents the actual wear values, the pink scatter points
represent the predicted values, and the blue shaded area reflects the absolute error point by
point. From the four groups of comparative experiments, it can be clearly observed that
the predicted wear curve highly overlaps with the actual wear trajectory, and the absolute
error band consistently remains at a very low level. The maximum errors of the first three
models are all concentrated in the later stages of wear, indicating that these models struggle
to effectively capture the nonlinear evolution characteristics during this wear phase. In
contrast, the proposed model maintains stable prediction accuracy throughout the entire
wear cycle. Figure 12 compares the MAE, RMSE, and R? metrics of each model in bar chart
form. The experimental results demonstrate that the MAE (2.29 um) and RMSE (2.47 um)
of the proposed model are significantly lower than those of CNN-LSTM (3.65 um, 4.64 um),
Transformer (6.85 pm, 8.12 um), and TCN (6.91 um, 9.46 um), with R? reaching 99.10%.
This superior performance is primarily attributed to the high signal-to-noise ratio inherent
in the controlled laboratory data collection environment, which facilitates clearer feature
extraction. Furthermore, the application of a 0.45 dropout rate effectively regularizes the
network structure. The consistent high accuracy observed on the independent test set
demonstrates that the model has successfully learned intrinsic degradation patterns, rather
than merely memorizing noise. The performance advantage of this model stems from the
targeted design of each module: the parallel convolution fusion module synchronously
extracts high-frequency impact and low-frequency trend features, effectively reducing the
average prediction error. The bidirectional LSTM jointly models forward and backward
temporal dependencies, enhancing the model’s overall fitting capability for wear evolution
patterns. Finally, the global-local dual-stream attention mechanism effectively mitigates
interference from complex machining dynamics through the synergy of macroscopic critical
moment identification and microscopic periodic pattern capture, ensuring that the model
maintains stable prediction accuracy across all wear stages.

In addition to the accuracy of the prediction, computational efficiency is also crucial
for practical applications. Quantitative analysis based on NVIDIA RTX 4090 confirms
the efficiency of the proposed model. For the PHM2010 data set, the physical acquisition
interval corresponding to the combination of 50 kHz sampling rate and 4096-point window
is 81.92 ms. In this case, the average inference time is only 5.5 milliseconds, accounting for
only 6.7% of the available time. For the 20 kHz self-built data set, the acquisition interval is
extended to 204.8 milliseconds, further reducing the computational occupancy rate to less
than 2.7%. These indicators confirm that the model processing speed can ensure a strict
real-time response in the prediction task.

5. Conclusions

To address the issues of insufficient multi-scale temporal feature extraction, limited
directionality in temporal modeling, and inadequate adaptability of attention mechanisms,
this paper innovatively proposes an online tool wear prediction method fusing multi-scale
convolution and dual-attention temporal features (MS-DATFNet). Through validation on
both public and self-constructed datasets, the following conclusions are drawn:

(1) The parallel convolution fusion module overcomes the limitation of fixed receptive
fields of a single convolution kernel by employing parallel kernels of different sizes. It
significantly enhances the model’s expression of different frequency-domain features
during tool wear, providing a rich multi-grained feature foundation for subsequent
temporal modeling.

(2) The bidirectional LSTM temporal encoding module fully integrates historical and
future information. Through bidirectional temporal modeling, it strengthens the
model’s ability to perceive wear trends and respond dynamically. Ablation experi-
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ment results show that this module outperforms models without temporal structures
or with unidirectional temporal structures in terms of prediction accuracy and gener-
alization capability.

(3) The dual attention mechanism combines global attention and adaptive local attention,
effectively resolving the noise sensitivity and fixed window issues of single atten-
tion mechanisms in long-sequence processing. It enables adaptive weighting and
enhancement of multi-scale features.

The proposed model achieves an R? of 0.978, an MAE of 3.657, and an RMSE of 5.840 on
the public PHM dataset. On the self-constructed TiAl alloy milling dataset, it achieves an
R? 0f 0.991, an MAE of 2.29, and an RMSE of 2.47. Performance comparisons with other
models demonstrate that the proposed model achieves superior predictive performance and
generalization capabilities across various evaluation metrics under diverse and complex
operating conditions, validating the effectiveness and robustness of the proposed method.

This study still has limitations: (1) The generalization of the model to other materials
needs further verification. (2) The deployment feasibility of the model on edge devices has
not been evaluated; future work can achieve model lightweighting via network pruning
techniques. (3) The backward information dependency of bidirectional LSTM limits its
direct application in strictly real-time scenarios; subsequent research can explore alternative
solutions based on causal convolution.
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