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Abstract: Accurate tool wear prediction is crucial for manufacturing efficiency, yet effectively using multi-domain sensor features is 
difficult due to redundant noise. There is a critical need to strategically leverage highly predictive strong features and potentially 
informative weak features. To address this issue, we propose CdualTAL, an improved Transformer-based encoder–attention–decoder algorithm. 
Its name represents the model’s key components: a correlation-adaptive feature selection algorithm module, a dual-channel Transformer 
encoder, an attention mechanism, and a long short-term memory (LSTM) decoder. CdualTAL employs a dual-channel encoder to independently 
process the full set of multi-domain features, along with a subset of strong features selected using a designed correlation-adaptive feature 
selection algorithm. A custom cross-attention mechanism is then used to fuse these representations, sharpening focus on strong features 
while judiciously integrating information from weak ones. Finally, a hierarchical LSTM decoder captures deep temporal dependencies. 
Validated on tool wear datasets, CdualTAL outperforms 11 state-of-the-art methods, achieving superior prediction stability and accuracy 
with an average R2 of 0.983 and a root mean square error (RMSE) of 4.373.
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1 Introduction 

As information technology advances rapidly, traditional manu‐

facturing industries are undergoing digital transformation toward 

greater intelligence. A critical component of intelligent manufactur‐

ing is tool wear monitoring, which can significantly enhance pro‐

duction efficiency and automation (Chehrehzad et al., 2024). Dur‐

ing the operation of computer numerical control (CNC) machines, 

cutting tools inevitably experience friction with workpieces during 

machining. Tool wear worsens continuously with processing time 

until tool failure (Hou et al., 2025); therefore, real-time monitoring 

of tool status and accurate wear prediction are crucial. Such mea‐

sures reduce cutting downtime, enable the more efficient allocation of 

resources and lower production costs, and improve product quality.

Tool prediction and replacement have traditionally relied heav‐
ily on operator experience. Premature replacement often leads to un‐
used tool life, while delayed replacement results in tool failure and 
workpiece damage (Kumar et al., 2025). Subsequent to the wide‐
spread adoption of machine learning, researchers have made signif‐
icant progress in tool wear assessment by integrating multi-source 
signals, such as cutting force, vibration, and acoustic emission, using 
various machine learning methodologies (Shi et al., 2020; Marani 
et al., 2021; Ou et al., 2021; Duan et al., 2022). Analyses conducted 
across time, frequency, and time-frequency domains have proven 
effective in characterizing tool wear status (Huang et al., 2020, 
2024; Yan et al., 2021; Guo et al., 2022; He et al., 2022), enriching 
datasets and enhancing recognition accuracy and reliability. How‐
ever, while multi-domain features offer comprehensive insights into 
the complex dynamics of tool wear, they inevitably introduce numer‐
ous irrelevant or noisy components. These so-called redundant fea‐
tures pose a significant challenge, as they dilute the model’s focus 
on the most predictive attributes (Gao et al., 2022; He et al., 2022).

Deep learning methods have emerged as pivotal technologies for 
tool wear monitoring, demonstrating remarkable capabilities for estab‐
lishing complex nonlinear mappings between multi-domain features 
and wear states, thereby reducing dependence on expert knowledge 
and manual feature engineering (Duan et al., 2023). Convolutional 
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neural networks (CNNs) and recurrent neural networks (RNNs) 
are widely employed in this domain. Huang et al. (2020) designed 
a deep convolutional neural network (DCNN) to adaptively ex‐
tract sensitive features from multi-domain features derived from 
multi-sensor signals. Building on this approach, Huang et al. (2024) 
incorporated deep adversarial domain confusion to improve predic‐
tion accuracy across different operational domains. Cai et al. (2020) 
proposed a hybrid model that incorporates long short-term memory 
(LSTM) to extract abstract deep features from sequential signals. 
Shah et al. (2024) explored generative adversarial networks (GANs) 
to synthesize spectral wear data, addressing data scarcity and im‐
proving prediction using LSTM, gated recurrent unit (GRU), and 
CNN models. Duan et al. (2023) introduced a hybrid attention-
based parallel deep learning (HABPDL) network that uses stacked 
ResNet and BiLSTM blocks with attention to capture both spatial 
and temporal dependencies. Wang S et al. (2022) presented a multi-
channel feature fusion CNN-LSTM model optimized with particle 
swarm optimization (PSO) for spatiotemporal feature learning and 
prediction enhancement.

Additionally, recent studies have explored advanced architec‐
tures to address specific challenges. Shah et al. (2022) used singu‐
lar generative adversarial networks (SinGANs) combined with 
LSTM to synthesize data and predict tool wear during stainless 
steel face milling, effectively mitigating data scarcity issues. Fur‐
thermore, Lu et al. (2022) proposed a prediction model based 
on the attention mechanism and independent recurrent neural net‐
work (IndRNN), which improves the capture of long-term depen‐
dencies while addressing the gradient vanishing problem com‐
mon in traditional RNNs.

Despite these advances, significant challenges persist. First, 
the highly complex and nonlinear relationships in tool wear data 
make it difficult for single models to fully capture the intricate in‐
teractions among multi-source sensors and multi-dimensional fea‐
tures, leading to inadequate representation of dynamic wear pro‐
cesses. Second, models that rely solely on single-domain features 
(e.g., time or frequency domain) often overlook crucial cross-domain 
interactions (Khoshouei et al., 2024). Third, while hybrid models 
incorporating multi-domain features provide richer information, the 
practice of extracting only strong features can result in neglect‐
ing those that exhibit weak direct correlation with wear (weak fea‐
tures). These weak features may contain critical complementary in‐
formation or subtle patterns essential for a holistic understanding; 
overlooking them can compromise the comprehensiveness and accu‐
racy of predictions (Kejriwal et al., 2024). This limitation hin‐
ders the model’s ability to achieve both high accuracy and compre‐
hensive representation. Additionally, effectively capturing long-
range dependencies within the sequence data remains a challenge 
for many architectures.

To address these challenges, particularly the effective utiliza‐
tion of both strong and weak multi-domain features and the model‐
ing of long-range dependencies, in this work we propose a novel 
tool wear prediction algorithm, CdualTAL. This algorithm recon‐
structs the multi-sensor signal dataset across the time, frequency, and 
time– frequency domains. It analyzes and selects strong feature 
data using a correlation-adaptive feature selection module and con‐
structs a dual-channel Transformer encoder to extract key strong 
features from these domains. The encoder independently processes 

strong features and multi-domain key features in parallel, effectively 

isolating feature interference while enabling targeted learning of 

discriminative patterns. Subsequently, a custom cross-attention mech‐

anism with feature-type gating is designed to adaptively balance strong 

and weak features. The mechanism incorporates dynamic weight‐

ing, which adjusts feature contributions based on learned importance 

scores. Finally, a deep LSTM decoder is used to mine deep features 

for global feature extraction. The cross-validation experiments on 

three tool wear datasets reveal that CdualTAL exhibits stable, high 

prediction accuracy, achieving an average R2 of 0.983, thereby pro‐

viding a practical solution for multi-domain tool wear monitoring. 

In conclusion, CdualTAL algorithm establishes a new heterogeneous 

paradigm for industrial monitoring. By synergistically combining fea‐

ture isolation, adaptive fusion, and hierarchical decoding, it achieves 

cutting-edge performance while addressing the feature interference 

problem in multi-sensor systems.

2 CdualTAL algorithm 

We propose the novel algorithm, CdualTAL, to enhance the 

prediction model’s ability to extract key features from multi-domain 

features. The main structure of CdualTAL is depicted in Fig. 1, 

comprising four primary components: a correlation-adaptive fea‐

ture selection module, a dual-channel Transformer encoder, an at‐

tention mechanism, and an LSTM decoder. Each of these compo‐

nents plays a pivotal role in improving prediction accuracy by ad‐

dressing challenges such as feature redundancy and noisy data in 

multi-sensor systems.

To achieve high-accuracy predictions, CdualTAL processes in‐

put data across multiple stages. First, the extracted multi-sensor 

tool signals are transformed into multi-domain interpretable fea‐

tures, including various time- and frequency-domain characteris‐

tics. From these features, the correlation-adaptive feature selection 

module captures the time-varying characteristics of feature correla‐

tions, thereby reducing noise interference. The remaining subset of 

features, along with the original multi-domain feature set, is inputted 

into a one-dimensional (1D) CNN (Conv1D) module for feature ex‐

traction (Mo et al., 2024). While optimizing feature representation, 

the flattening layer provides a consistent data format for model 

training (Max et al., 2024). The processed data are divided into 

two streams and pass through a dual-channel encoder. The dual-

channel encoder adopts a parallel, independent structure of dual-

channel Transformer encoders, preventing correlation interference 

between features and enabling the independent extraction of strong 

features across multiple domains. Each stream is processed by an 

independent Transformer encoder to enable the separate handling 

of strong and weak feature sets, which enhances the model’s ability 

to capture complex patterns in the data. The outputs from the two 

encoders are fused via a cross-attention module, using scaled dot-

product weighting to perform a weighted fusion of multi-domain 

and strong features. This effectively emphasizes the most relevant 

features while reasonably balancing the use of potentially key in‐

formation from weaker features, thereby improving overall predic‐

tion performance. The fused features enter a three-layer LSTM de‐

coder with residual connections, which cumulatively connects different 
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output feature layers through residual connections, mining deep 
features inherent in the multi-domain tool wear sequences and en‐
abling the model to capture deeper temporal dependencies and long-
range patterns. Finally, the decoder output is processed through 
pooling and dense layers to generate the final wear predictions. The 
pseudocode for the overall data processing flow of CdualTAL is 
shown in Algorithm 1.

2.1 Correlation-adaptive feature selection

We propose a correlation-adaptive feature selection algorithm 
based on a sliding window and the maximal information coefficient, 
aiming to achieve dynamic optimization of multi-domain sensor fea‐
tures. At the algorithm design level, this module uses the maximal 
information coefficient as the feature measurement method, captur‐
ing complex nonlinear relationships between features and wear 
levels through mutual information calculation and adaptive bin‐
ning. The main calculation formula is as follows:
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where F t
strong is the current time step strong feature set, Iw  represents 

the mutual information within window w, calculating the nonlinear 
correlation between feature fi  and wear amount Y. ∣BX∣ and ∣BY∣ repre‐
sent the number of grid bins for features and wear amount, respec‐
tively. The sliding window size k is set to 30 based on empirical 
performance validation. To ensure robustness against parameter 
sensitivity and signal noise, we employ an adaptive threshold τ 
equal to the median of the wear-related MIC values. This data-driven 
mechanism ensures that the feature selection process relies on rela‐
tive feature importance rather than absolute magnitudes. The pseudo‐
code for the complete data processing flow of this correlation-
adaptive feature selection algorithm is shown in Algorithm 2.

2.2 Dual-channel Transformer encoder

When constructing a multi-domain feature-driven tool wear 
prediction model, traditional single-channel or simple feature 

concatenation methods often struggle to avoid mutual interference 

between strong and weak features, leading to key signals being drowned 

out by noise and limiting further improvement in model perfor‐

mance. To fundamentally address the issues of feature redundancy 

and interaction interference in multi-source sensor information, we 

Fig. 1  Main structure of CdualTAL

Algorithm 1  CdualTAL
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Begin

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

End

tooldata=[C1, C4, C6] which represents a 315×7 sensor data matrix 
for each cutting tool and wearlabels=[C1, C4, C6] which represents 
the true wear value vector for cutting tool.

predicted tool wear values Ypred.

For tool in tooldata do

For t←1 to 315 do // Per machining pass of each tool

For s←0 to 5 do // Use the first six sensors

features[t][s]←←Compute features with the formulas in 
Table 1

End for

fm[t]←Construct feature vectors

End for

End for

af ←Concatenate fm from all tools 

aw←Apply identical operations to tooldata 

Xstrong←Use dynamic feature selection to select features 

For tool in [C1, C4, C6] do

Xfull←fm[tool] // Full feature set

ConvA, ConvB←Apply 1D CNN to Xfull and Xstrong

EA←Encode multi-domain features using the ConvA channel

EB←Encode strong features using the ConvB channel 

Att ←Compute cross-attention between EA and EB 

Fused ←α·Att + β·EB // Perform weighted fusion

H1 ←LSTM_layer1(Fused) // LSTM decoding

H2 ←LSTM_layer2(H1)

H3 ←LSTM_layer3(Concat(H1, H2)) // Residual connections

P←Apply pooling operations to H3 outputs 

Ypred[tool] ←Generate tool-specific predictions from P 

End for

Return Ypred
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propose the innovative concept of feature isolation encoding and 

design a dual-channel Transformer encoder structure based on this 

idea. This module employs independent, parallel feature-processing 

channels that focus separately on global multi-domain features and 

dynamically select strongly correlated features, thereby preventing 

the contamination of key features by irrelevant or weakly correlated 

features at the source. This approach provides a cleaner and more 

discriminative feature representation for subsequent deep feature 

fusion and dependency modeling.

The encoder part of CdualTAL is designed based on a dual-

channel Transformer model; its encoder structure is shown in Fig. 2, 

primarily comprising layer normalization, multi-head attention, and 

feed forward modules. After Conv1D processing, the multi-domain 
key features and strong features independently pass through sepa‐
rate Transformer channels to extract long-term sequence features. 
With this approach, the model can capture complex temporal de‐
pendencies more accurately. The independent Transformer channels 
enable CdualTAL to focus more on learning the strong and key 
multi-domain features of tool wear. This design not only significantly 
enhances the model’s capability to discern and leverage discrimina‐
tive patterns from strong features across multiple domains, but also 
effectively mitigates interference and redundancy among heteroge‐
neous features. For an input sequence with a length of 315 and a fea‐
ture dimension of 14, the specific calculation process is as follows.

1. Each channel performs input normalization through layer 
normalization to ensure the stability of gradients during the train‐
ing process:

Norm  ( X )= X̂ =

X−− 1
d∑j=1

d

X j

1
d∑j=1

d ( )X j−− 1
d∑j=1

d

X j

2
, (2)

where X is a strong feature matrix and d is the dimensionality of the 
matrix.

2. The multi-head attention mechanism is used for the dynamic 
weighting of features to capture dependencies in long time series. 
The model’s capacity to capture long-range dependencies is signifi‐
cantly enhanced by the attention mechanism, which facilitates par‐
allel processing of the entire input sequence. Assuming that the weight 
matrices of the queries, keys, and values are WQ, WK, and WV , re‐
spectively, the multi-head attention computation following the lin‐
ear transformation is shown below:

Att= Wo ⋅Concat
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where h represents the total number of attention heads, h=4. dk  is 

the scaling factor for calculating the attention score, and Wo is the 

Fig. 2  Structure of the dual-channel encoder

Algorithm 2  Correlation-adaptive feature selection
Input:

Output:

Begin
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End

original multi-domain feature set F={ f1 , f2 , …, f144 }; wear 
quantity sequence Y={y1 , y2 , …, yT } (T=315); sliding window size k; 
adaptive threshold τ.

strong feature subset Xstrong.

For t = k to T do // Traverse each time window

windowfeatures=F[t−k:t]

windowwear=Y[t−k:t]

For i=1 to 144 do // Traverse each feature

Iw=∑
x ∈ fi

 ∑
y ∈ Y

p ( x, y ) log2 
p ( x, y )

p ( x ) p ( y )
 // Mutual information

BX=|windowfeatures|
0.6

BY=|windowwear|
0.6

MIC=
Iw( )fi, Y

log2 ( )min ( )|| BX , || BY

If MIC>τ then  // τ is taken as the median of the wear

Xstrong[t].append(i) // Add as strong features

End if

End for

For (i, j) in (Xstrong[t], 2) do

γi, j=
Cov ( fi, fj )

σ fi
σ fj

 // Inter-feature synergy coefficient

If |γi, j|<0.3 then

Xstrong[t].remove(i or j) // Remove weak features

End if

End for

End for

Return Xstrong[k:T]
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output weight matrix. Adaptive focus on the most relevant seg‐
ments of the input sequence is facilitated by this mechanism.

3. The output of the multi-head attention mechanism is sub‐

jected to ADD & Norm operations to obtain X̂. Here, ADD refers 
to the element-wise addition. Subsequently, the feature representa‐
tion is further enhanced in the feed forward module using the nonlin‐
ear transformations of the two convolutional layers, which are com‐
puted as shown below:

Encoder= Conv é
ë
ReLU (Conv [ X̂, W f1

, b f1
] ) , W f2

, b f2

ù
û

+ X̂, (4)

where ReLU() is the activation function, W is the weight matrix, 
and b is the bias. The subscripts f1 and f2 denote the different layers 
of the filter.

2.3 Custom cross-attention

The dual-channel encoder achieves the isolated encoding of 
strong features and global multi-domain features, effectively avoid‐
ing interference from irrelevant features. However, efficiently fus‐
ing these two heterogeneous feature streams (the highly discrimina‐
tive information from the strong feature channel and the potentially 
complementary information from the multi-domain channel) while 
endowing the model with the ability to dynamically focus on key in‐
formation remains a critical challenge. To this end, we innovatively 
design a gated feature weighting fusion mechanism, namely the 
custom cross-attention module. This module transcends the limi‐
tations of traditional attention mechanisms that focus on homoge‐
neous features, instead emphasizing cross-channel interactions. It 
introduces feature-type-aware dynamic weighting gating to ensure 
that, while strengthening the dominant role of strong features, it pru‐
dently excavates and integrates the potential value of weak features, 
thereby maximizing the synergistic benefits of heterogeneous fea‐
ture streams.

In CdualTAL, the cross-attention mechanism uses scaled dot-
product attention to enhance the selection capability of multi-do‐
main features. The cross-attention structure is shown in Fig. 3, 
comprising format conversion, scaled dot-product attention, fusion, 
and feed forward modules. By applying the dot-product attention 
matrix, cross-attention attempts to balance global and local attention, 
capturing the complex dependencies between the dual input streams. 

The weighted fusion component employs a feature-type-aware gating 

mechanism to adaptively merge the outputs from the dual-channel 

encoder. This dynamic weighting strategy assigns probabilistic weights 

based on the learned importance of both strong and weak features. 

It meticulously preserves critical information embedded within the 

key strong features while judiciously integrating potentially valu‐

able signals from the complementary weak features. Crucially, this 

process intensifies the model’s focus on the most predictive strong 

features distributed across the multi-domain feature space, thereby 

optimizing the feature representation for subsequent decoding. This 

dynamic fusion ensures that the model places greater emphasis on 

relevant features while mitigating the impact of weaker ones. The 

4×1 Conv1D and 1×1 Conv1D layers provide additional transfor‐

mation layers for the feed forward module, ensuring that the mod‐

el captures both short- and long-term dependencies in the sequence 

data. The cross-attention mechanism enables CdualTAL to focus on 

strong features while preserving weak but important features, 

leading to more robust and accurate tool wear prediction.

2.4 Hierarchical LSTM decoder

The cross-attention module achieves dynamic balancing and 

deep information fusion of strong and weak features, providing the 

model with rich and focused feature representations. However, tool 

wear is essentially a continuous degradation process characterized 

by strong temporal dependence and complex evolutionary patterns. 

This requires the decoder to possess powerful long-term memory 

capabilities and deep feature extraction abilities to fully exploit the 

deep dynamic patterns embedded in the fused feature sequences. 

To meet this need and overcome the limitations of shallow LSTM 

models in modeling long sequence dependencies, we have discarded 

the simple feature stacking strategy and innovatively designed a hi‐

erarchical LSTM decoder.

Deep LSTM models significantly outperform shallow LSTM 

models on prediction tasks. However, stacking multiple LSTM lay‐

ers proves effective only within a certain range of layers (Yu et al., 

2024). Excessive stacking can lead to overfitting or increased 

computational complexity. Therefore, this proposed method employs 

a deep decoder comprising three stacked LSTM layers to extract 

deep features of tool wear, combined with pooling operations to en‐

hance their representation.

Fig. 3  Structure of cross-attention
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The structure of the deep decoder (Fig. 4) consists of three pri‐
mary components: three-layer LSTM, pooling, and dense. The 
three-layer LSTM part extracts deep features through three stacked 
LSTM units, with each layer’s output serving as the input for the 
next. A residual connection between the outputs of the first and sec‐
ond LSTM layers serves as input to the third layer, which inte‐
grates features across different time steps and levels to capture 
long-term and deep dependencies in the data. This design ensures  
that the model can capture the full complexity of the tool-wear pro‐
cess over time. Additionally, the introduced hybrid pooling opera‐
tion further strengthens the extraction and compression of key tem‐
poral features, providing a more discriminative high-level represen‐
tation for predicting the final wear amount. The pooling part fur‐
ther compresses and extracts relevant features by combining aver‐
age and max pooling, preserving the overall trend while capturing 
local extremum features. This helps the model generalize better to 
unseen data while maintaining high prediction accuracy. The 
computational process of the deep decoder for the output sequence 
of the cross-attention module is described as follows:

1. The LSTM of the Lth layer can be represented as

H L
t = LSTML( X t, H

L
t−1, C L

t−1 ), (5)

where H L
t−1 is the hidden state of the Lth layer LSTM at time step t, 

C L
t−1 is the cell state, and the gating mechanism is calculated as follows:
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where c͂t represents the cell state update.
The three-layer LSTM is denoted as

H 3
t = LSTM3(Concat [ H 1

t , H 2
t ] , H 3

t−1, C 3
t−1 ), (7)

where ft is the forgetting gate, it is the input gate, ot is the output 
gate, C L

t  is the memory cell, σ is the sigmoid function, and tanh is 
the hyperbolic tangent function. Each LSTM layer has its own 
weight W and bias b.

2. The pooling and fully connected layers further compress and 
process the feature representation of the LSTM output, defined as

CPred = Sigmod (Wdense2 ⋅ReLU (Wdense1

⋅Concat
é

ë
ê
êê
ê 1

T∑t=1

T

H 3
t , max

t∈{ }1, 2, ..., T
 H 3

t

ù

û
ú
úú
ú ) ) ,

(8)

where 
1
T∑t=1

T H 3
t  represents the global average pooling operation, 

max
t∈{ }1, 2, ..., T

H 3
t  represents the global maximum pooling operation, Wdense i

 

(i=1, 2) is the weight matrix of dense, and T represents the number 
of time steps.

3 Experiment setup 

3.1 Experimental conditions

To validate the effectiveness of CdualTAL tool wear prediction 
method and its closest competitors, we test them on publicly avail‐
able tool wear datasets hosted by the American Society of Prognos‐
tics and Health Management (PHM) at phmsociety.org. Specifical‐
ly, the experimental data are derived from the PHM 2010 Chal‐
lenge dataset. Regarding the wear labeling criteria, the ground truth 
is defined as the average flank wear width (VB) of the cutter. Since 
continuous online measurement of VB is not feasible, the ground 
truth is obtained through offline measurement. After each cutting 
pass, the tool is dismounted, and the wear value is precisely measured 
using a LEICA MZ12 stereo microscope. Six full-life-cycle tests 
are conducted. The end-milling material is a rectangular work‐
piece, with a consistent cutting time used for each operation and a 
milling length of 108 mm. Each test consists of 315 passes, during 
which tool flank wear is measured. The collected data include cut‐
ting force signals in the X, Y, and Z directions, vibration signals, 
and the root mean square (RMS) values of the acoustic emission 
signals during milling. The tool condition monitoring system for 
high-speed milling is shown in Fig. 5.

The tool wear prediction experiments are conducted in a 
Python 3.12.4 and Keras 3.4.1 environment, running on the NVIDIA 
GeForce RTX 4060Ti. Keras is backed by TensorFlow 2.16.1, and 

Fig. 5  Tool condition monitoring for the milling process

Fig. 4  Structure of the hierarchical decoder
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the server runs Ubuntu 22.04.4 LTS. Under this experimental setup, 
the total number of parameters for CdualTAL model is approximately 
2.0×106. The average training time per epoch is 14 s, and the infer‐
ence latency is 190 ms per step, satisfying the requirements for 
near-real-time industrial monitoring.

3.2 Experimental datasets and preprocessing method

The tool wear dataset comprises six parts, where C1, C4, and 
C6 are labeled tool wear datasets for three different tools, and C2, 
C3, and C5 are unlabeled datasets for the same three tools. The la‐
beled C1, C4, and C6 datasets are selected as experimental data. 
Each dataset has a dimension of 315×7, containing milling force 
signals in the Z, Y, and X directions, vibration signals, and acoustic 
emission signals collected over 315 tool passes. The C6 milling 
test is chosen as the focus; Fig. 6 illustrates the wear evolution 
curves of the three cutting edges of the tool.

Fig. 6 shows that during the initial wear stage, the C6 tool’s wear 
rate increases rapidly, resulting in a steep tool-pass curve, indicat‐
ing significant wear in this phase. This is primarily due to the rapid 
smoothing of the tool’s microscopic asperities and the running-in 
process between the tool and the workpiece. At the normal wear 
stage, the wear rate slows down, resulting in a smooth upward 
trend as the contact area stabilizes and wear proceeds more uni‐
formly. At the severe wear stage, the wear rate increases signifi‐
cantly, indicating an exacerbation of the wear phenomenon, often 
caused by fatigue damage accumulation and thermal softening. 
Eventually, when the wear amount exceeds the tool’s critical thresh‐
old, it enters the blunting failure stage, where cutting performance 
deteriorates abruptly. Throughout this process, the initial and dull‐
ing phases exhibit significant noise in the wear features, which has 
little effect on tool wear prediction because of their transient and un‐
stable nature. Therefore, the model construction for tool wear pre‐
diction focuses on extracting signal features during the normal and 
rapid wear stages, where trends are more consistent and better re‐
flect the actual degradation process.

Given the zero-drift phenomenon in the C1, C4, and C6 data‐
sets (He et al., 2022), the tool exhibits continuous wear during actual 
use. However, the sensor fails to accurately reflect this change. 
Therefore, the X, Y, and Z sensor signals from all three datasets are 
preprocessed to mitigate the effects of this issue. The zero-drift 
noise and redundant information are removed, and more stable 
and valid features are extracted (Oppliger et al., 2024). The raw 

multi-sensor signals (cutting forces in X/Y/Z directions, vibration, 

and acoustic emission RMS) undergo essential preprocessing to ad‐

dress zero-drift noise and redundant information. The force and vi‐

bration signals are acquired at a sampling frequency of 50 kHz, 

consistent with the standard PHM 2010 dataset configuration. For 

each cutting pass, we extract 24 representative features, as listed in 

Table 1. In Table 1, N denotes the total number of samples, xi denotes 

the ith data value,  zi denotes the ith data value after standardization, υi 

denotes the ith frequency point, and X represents the frequency do‐

main. Specifically, wavelet packet decomposition (WPD) is em‐

ployed to extract time–frequency energy features (E1‒E8). Prior to 

model input, all feature sequences are standardized using Z-score 

normalization to ensure stable training and convergence. These manu‐

ally engineered features provide physically meaningful represen‐

tations of tool wear states, complementing the deep learning model’s 

ability to learn hierarchical representations (Fawzi et al., 2022).

From the six different sensor signals of the three milling tools, 

a total of 3×144 signal features are extracted (i.e., 3×6×24). The 

signal features with correlation coefficients greater than 0.9 are se‐

lected from the three milling tools as the key strong-feature data. 

These strong-feature data and all signal-feature data are used as in‐

puts to the dual-channel encoder model (Chen et al., 2024). It is 

worth noting that while cutting conditions (speed, feed rate, and 

depth of cut) vary across different machining tasks, they are not 

modeled as explicit input variables in this study. Instead, they are 

treated as latent factors intrinsically encoded in the variations of 

the multi-sensor signals (cutting force, vibration, and acoustic emis‐

sion). The proposed deep learning architecture captures the physi‐

cal effects of these conditions by directly learning complex nonlin‐

ear representations from the extracted signal features. Since the 

tool wear dataset includes three labeled tool wear datasets (C1, C4, 

and C6) with consistent data sizes (315 data points each), this work 

uses a three-fold cross-validation method to validate the generaliza‐

tion ability of CdualTAL.

The cross-validation method alternates between training and 

validation sets. This process enhances the comprehensiveness and 

reliability of CdualTAL’s performance evaluation, and reduces the 

bias and instability introduced by a single data split (Turbé et al., 

2023). The dataset partitioning method is shown in Table 2, where 

the training and validation sets are split in an 8:2 ratio.

3.3 Evaluation metrics

The evaluation metrics commonly used in existing tool wear 

prediction studies include the root mean square error (RMSE) and 

mean absolute error (MAE), with little emphasis on R2. R2 provides 

a more straightforward and intuitive measure of the model’s fit to the 

data. The higher the R2 value, the stronger the model’s ability to cap‐

ture the data trends and structure. Therefore, we adopt three com‐

monly used evaluation metrics for regression prediction—R2, RMSE, 

and MAE—as the evaluation criteria for CdualTAL. The formulas 

for the three evaluation metrics are as follows:

R2 = 1−∑i=1

n ( )Yi− Ŷi

2

∑
i=1

n ( )Yi−-Y i

2
, (9)

Fig. 6  Tool wear curve of the C6 tool
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RMSE =
1
n∑i=1

n ( )Yi− Ŷi

2

, (10)

MAE =
1
n∑i=1

n

||Yi− Ŷi , (11)

where n is the workload. The real observed value is the correspond‐

ing predicted value Ŷi , and the average of the actual observed val‐

ues -Y i is represented.

4 Experiments 

Fig. 7 presents the prediction results of CdualTAL. Fig. 7a 
shows the wear prediction for the C1 tool, Fig. 7b shows the wear 
prediction for the C4 tool, and Fig. 7c shows the wear prediction 
for the C6 tool. The red line represents the values predicted by 
CdualTAL, while the black line represents the actual wear values. 
The prediction errors between the predicted and actual values are 
represented by the red histogram at the bottom, and the prediction 
error range is highlighted by the green shaded area in the figure.

From Fig. 7, it is evident that the wear curves predicted by 
CdualTAL closely match the actual wear curves, with most predic‐
tion errors falling within a narrow range. This demonstrates that 
CdualTAL excels at capturing the key features of and deep infor‐
mation from the tool wear data, enabling precise modeling of the 
wear trend. Additionally, CdualTAL exhibits outstanding stability 
in wear prediction at different stages, fully validating its reliabil‐
ity and applicability for tool wear prediction under complex work‐
ing conditions.

However, higher prediction errors are concentrated mainly at 
the blunting failure stage of the wear curve. During this stage, the 
sensor-acquired signals contain more noise, which negatively af‐
fects the model’s prediction performance, leading to larger predic‐
tion errors. Furthermore, in the initial wear phase, some deviation 
between the three predicted curves and the actual wear curve can 
be observed. This is mainly because, at the early stages of wear, 
the wear on the tool is small, and there are fewer wear features for 
the model to learn, which affects the accuracy of the predictions.

4.1 Model comparison

This work systematically compares the predictive perfor‐
mance of CdualTAL with those of several advanced tool wear pre‐
diction methods. To ensure a fair and robust comparison, the net‐
work architectures and specific hyperparameter configurations for 
all baseline models are set strictly in accordance with the optimal 
parameters recommended in their respective original literature. 
This approach guarantees that each baseline model operates at its 
intended performance level. All models are evaluated using the 

Table 1  Multi-sensor signal extraction expressions

No.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17–24

Expression

Absolute=
1
N∑i=1

N

|| xi

Max=max ( xi )

RootMeanSquare =
1
N∑i = 1

N

X 2
i

SquareRootAmplitude = ( 1
N∑i = 1

N

|| xi ) 2

Skewness=

1
N∑i=1

N

( xi−AbsoluteMean )3

( )1
N∑i=1

N

( xi−AbsoluteMean )2

3 2

Kurtosis=

1
N∑i=1

N

( xi−AbsoluteMean )4

( )1
N∑i=1

N

( xi−AbsoluteMean )2

2

ShapeFactor=

1
N∑i=1

N

x2
i

1
N∑i=1

N

|| xi

PulseFactor=
max ( )|| xi

1
N∑i=1

N

x2
i

SkewnessFactor=

1
N∑i=1

N

( zi− z̄ )3

( )1
N∑i=1

N

( zi− z̄ )2

3 2

CrestFactor=
max ( )|| xi

1
N∑i=1

N

x2
i

ClearanceFactor=

1
N∑i=1

N

x2
i

1
N∑i=1

N

xi

KurtosisFactor =
Kurtosis

( RootMeanSquare )4

CenterFrequency=
∑
i=1

N

υ i⋅ || X (υi )
2

∑
i=1

N

|| X (υi )
2

MeanSquareFrequency=
∑
i=1

N

υ2
i ⋅ || X ( )υi

2

∑
i=1

N

|| X (υi )
2

RootMeanSquareFrequency=
∑
i=1

N

υ2
i ⋅ || X (υi )

2

∑
i=1

N

|| X (υi )
2

FrequencyVariance=
∑
i=1

N

|| X (υi )
2 ( )υi− ῡ 2

∑
i=1

N

|| X (υi )
2

E1–E8

Table 2  Dataset partitioning

Training & validation datasets

C1+C4

C1+C6

C4+C6

Test dataset

C6

C4

C1
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same dataset to further verify the effectiveness, stability, and ap‐
plicability of CdualTAL. Table 3 presents the prediction metrics 
(R2, RMSE, and MAE) for CdualTAL and 11 baseline models on 
the three datasets (C1, C4, C6). It is important to note that these re‐
sults are derived from the three-fold cross-validation experiments de‐
scribed in Section 3.2. The average column represents the consoli‐
dated performance across the three experimental runs, demonstrating 
the model’s stability and repeatability without requiring additional 

single-seed repetitions. CdualTAL performs the best on the C1 and 
C4 datasets. Its predicted RMSE and MAE values are significantly 
lower than those of the other models, indicating excellent predic‐
tive performance.

However, the prediction results of CdualTAL are slightly infe‐
rior to those of the IE-SBiGRU model on the C6 dataset. In-depth 
analysis, combined with the experiments shown in Fig. 8, indicates 
that the C6 tool exhibits more severe wear fluctuations and sensor 

Fig. 7  Prediction results with error bar of CdualTAL: (a) C1 tool; (b) C4 tool; (c) C6 tool

Table 3  Comparison of prediction metrics between the CdualTAL and baseline models

Model

CdualTAL

CNN–XGBoost

DCNN–SLSTM

CNN–LSTM (Qiao et al., 2018)

Deep–LSTM (Zhao et al., 2016)

BiLPRes (Si et al., 2024)

DH–GRU (Wang JJ et al., 2019)

CNN–BiLSTM (Wang CG et al., 2024)

HLLSTM (Chan et al., 2022)

IRM–CFAM (Wu et al., 2021)

SSAE–BPNN (He et al., 2022)

IE–SBiGRU (Li et al., 2022)

C1

R2

0.979

0.910

–

–

–

–

–

–

–

–

0.885

–

RMSE

3.780

8.110

8.340

13.770

8.300

4.341

4.660

6.930

8.000

6.018

9.258

5.056

MAE

3.051

6.187

6.940

11.180

12.100

3.303

3.700

5.530

6.600

4.712

–

3.694

C4

R2

0.984

0.900

–

–

–

–

–

–

–

–

0.864

–

RMSE

4.680

11.640

9.930

11.850

10.200

5.483

8.730

10.100

7.500

7.395

13.988

6.884

MAE

3.793

8.697

6.590

9.390

8.700

4.520

7.070

7.700

6.000

5.084

–

5.189

C6

R2

0.985

0.930

–

–

–

–

–

–

–

–

0.864

–

RMSE

4.660

10.660

10.020

14.330

18.900

7.395

6.940

11.840

8.800

6.667

14.767

4.527

MAE

3.514

8.722

7.740

11.340

15.200

6.797

5.080

8.660

7.100

5.613

–

3.398

Average

R2

0.983

0.913

–

–

–

–

–

–

–

–

0.871

–

RMSE

4.373

10.137

9.430

13.317

12.467

5.740

6.777

9.623

8.100

6.693

12.671

5.489

MAE

3.453

7.869

7.090

10.637

12.000

4.873

5.283

7.300

6.567

5.136

–

4.094

“–” indicates that specific experimental results are not reported in the original paper
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signal noise during the passivation failure stage, posing specific chal‐
lenges for CdualTAL, which relies on global feature representation 
and long sequence modeling. Although CdualTAL’s dual-channel 
isolated encoding and cross-attention mechanism can effectively 
suppress noise interference and fuse key information under most 
operating conditions, during the extreme passivation stage of C6, 
high-frequency noise may partially obscure strong feature signals, 
resulting in a slight decrease in the model’s accuracy in capturing 
local abrupt changes. This will inform future model optimization.

To further assess the models’ overall performance, we calculate 
the average prediction metrics across three datasets. CdualTAL 
achieves an average R2 of 0.983, an RMSE of 4.373, and an MAE 
below 3.5, significantly surpassing all 11 benchmark models. This 
superior performance is due to the model’s innovative dual-channel 
encoder, which isolates feature interference, and the custom cross-
attention mechanism, which adaptively balances strong and weak 
features, collectively enhancing the model’s ability to distill dis‐
criminative patterns from noisy multi-domain data. While the IE-
SBiGRU model demonstrates slight advantages on the C6 dataset 
because its bidirectional gated units excel at local temporal varia‐
tions, the consistent superiority of CdualTAL in terms of average met‐
rics underscores its exceptional robustness and generalizability, 
which other models cannot achieve. The high R2 value (close to 1.0) 
confirms the model’s near-perfect fit to wear trends, while the low 
RMSE and MAE highlight its precision in minimizing prediction 
errors, validating CdualTAL as a comprehensive solution for di‐
verse tool conditions. CdualTAL offers higher prediction accuracy 
than other prediction methods, and demonstrates good adaptability 
and prediction stability across different tool conditions, fully vali‐
dating its effectiveness and reliability for tool wear prediction.

4.2 Ablation study

CdualTAL comprises four primary modules: feature selection, 
encoder, attention, and decoder. To comprehensively analyze each 
module’s contribution to the performance metrics, we design four 
experiments on the C6 dataset, each validating a specific module. 
This targeted ablation study focuses on the C6 tool for two key rea‐
sons: first, as shown in Fig. 6, the C6 wear curve exhibits the most 
comprehensive degradation characteristics, including distinct ini‐
tial, normal, rapid, and failure stages, providing a holistic bench‐
mark for evaluating module robustness across all wear phases. Fur‐
thermore, while the three-fold cross-validation validates the mod‐
el’s generalizability, isolating experiments to C6 eliminates tool-
specific variability, allowing us to accurately attribute performance 
changes to architectural modifications. The detailed experiment 
descriptions are presented in Table 4.

Extensive studies have shown that deeper neural network ar‐
chitectures typically yield superior predictive capabilities compared 
to their shallower counterparts, primarily due to their enhanced 
capacity for hierarchical feature abstraction and complex pattern 
recognition. However, this advantage is constrained by a critical 
trade-off: excessive layering leads to diminishing marginal returns 
in performance gains, while exponentially increasing computa‐
tional complexity and the risk of overfitting. Therefore, this re‐
search limits the maximum depth of the encoder and decoder modules 
to three layers.

To evaluate the necessity and superiority of the proposed cor‐
relation-adaptive feature selection algorithm, we construct a con‐
trast model (model 1). This model replaces the correlation-adaptive 
feature selection module with a conventional static feature selec‐
tion method. Specifically, we calculate the Pearson correlation co‐
efficients between each feature and the tool wear value across the 
entire training dataset. The top-k features with the highest abso‐
lute correlation values are then selected as the “strong features” for 
the entire lifecycle of the test tool, thereby implementing a static, 
global feature-ranking strategy. This contrast model retains the dual-
channel encoder and cross-attention architecture, but lacks the dy‐
namic and adaptive feature evaluation capabilities inherent in our 
proposed module.

We conduct experiments across four module configurations, 
and the resulting prediction metrics are presented in Table 5. Con‐
currently, we record the experimental results of completely remov‐
ing these innovative modules, as shown in Fig. 8.

The critical role of the correlation-adaptive feature selection 
module is immediately apparent in Table 5 and Figs. 8a–8b. Model 1 
exhibits poorer performance, with an R2 of 0.941 and significantly ele‐
vated RMSE (9.857) and MAE (8.932). While its computational 
cost is lower due to the simplicity of static correlation calculation, 
this comes at the great expense of predictive accuracy.

The performance gap between model 1 and the complete 
CdualTAL underscores a key insight: the correlation between sen‐
sor features and tool wear is not static but evolves throughout the 
tool’s lifecycle. A feature that is highly correlated with wear at the 
initial or normal stage may become less informative or even noisy 

Table 4  Description of the setup for ablation study

Model

1

2

3

4

Setup of each model

Replace the feature selection module with the static method for 

selecting strong features based on correlation coefficients

Control the number of layers in the dual-channel Transformer en‐

coder module

Replace the custom cross-attention module with the common 

cross-attention module

Control the number of layers in the hierarchical LSTM decoder 

module

Table 5  Ablation study of different modules in CdualTAL model

Model

1

2

3

4

Configuration

Static selection

Correlation-adaptive selection

Dual-channel Transformer-0

Dual-channel Transformer-1

Dual-channel Transformer-2

Dual-channel Transformer-3

Multi-head attention

Cross-attention

Hierarchical LSTM-0

Hierarchical LSTM-1

Hierarchical LSTM-2

Hierarchical LSTM-3

R²

0.941

0.985

0.935

0.941

0.967

0.985

0.927

0.985

0.893

0.914

0.940

0.985

RMSE

9.857

4.660

10.08

9.62

7.26

4.66

10.73

4.66

13.00

11.67

9.72

4.66

MAE

8.932

3.514

8.068

7.717

5.730

3.514

8.509

3.514

10.821

9.310

7.683

3.514

Time per
step (ms)

113

190

124

154

176

190

213

190

80

109

149

190
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at the rapid wear or failure stages, and vice versa. The static method 
fails to capture this time-varying characteristic, forcing the model 
to rely on a fixed, potentially suboptimal set of features for the en‐
tire sequence, leading to significant prediction errors, particularly 
during phase transitions. Conversely, by continuously re-evaluating 
feature relevance within a sliding window, the proposed module 

dynamically adapts the set of strong features, ensuring that the model 
consistently prioritizes the most discriminative signals for the cur‐
rent wear state, which is paramount for achieving high accuracy 
throughout the degradation process. This ablation study conclusively 
proves that the dynamic nature of feature selection is a major con‐
tributor to the model’s state-of-the-art performance.

Fig. 8  Prediction results with error bars of different models: (a) CdualTAL model; (b) static selection; (c) removing Transformer; (d) cross-atten‐
tion; (e) removing LSTM
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On the other hand, Table 5 demonstrates that for both the en‐

coder and decoder modules (models 2 and 4), increasing the num‐

ber of layers leads to a steady improvement in the model’s R2 for 

prediction. This indicates that deeper feature representations signif‐

icantly enhance the model’s predictive capability. At the same time, 

error metrics such as RMSE and MAE decrease significantly as 

the number of layers increases. This suggests that the model can 

effectively capture the complex patterns of tool wear in deeper 

structures, thereby reducing prediction errors.

However, as the number of layers in the encoder and decoder 

modules increases, the model’s computational complexity also rises, 

leading to increased time costs per step. For the attention module 

(model 3), compared with the traditional multi-head attention, the 

cross-attention module demonstrates significant advantages in pre‐

dictive performance and computational efficiency. These results in‐

dicate that cross-attention is more effective in capturing the interac‐

tion relationships between tool wear features.

Fig. 8 presents the prediction results after removing four dif‐

ferent modules. As shown in model 2, adding the dual-channel Trans‐

former module improves the model’s ability to fit the tool wear 

curve. The original model exhibits some deviations when fitting 

the curve, but the subsequent dual-channel Transformer model more 

accurately captures the trends and features of the tool wear curve, 

thereby reducing prediction errors.

Model 3 shows that traditional cross-attention achieves lower 

prediction accuracy than custom cross-attention. The prediction 

curve fits poorly, and the prediction error is relatively high, high‐

lighting the role of our weighted fusion module.

From model 4, it can be observed that when the hierarchical 

LSTM module is properly configured, the model’s predicted curve 

more closely matches the actual data. This improvement is particu‐

larly evident during the initial and normal wear stages, where the 

predicted curve almost completely matches the actual values. How‐

ever, as shown in Table 5, increasing the number of layers, from a 

single layer to two layers, does not significantly enhance the mod‐

el’s predictive performance metrics. Only when the number of lay‐

ers increases to three, can the prediction metrics reach their highest 

values, at which point the predicted curve nearly perfectly matches 

the actual curve. This is because the third layer of the hierarchical 

LSTM module integrates the outputs from the first and second lay‐

ers, enabling more efficient feature fusion and information sharing, 

resulting in a superior fit to the experimental tool wear curve.

5 Conclusions 

This work presents CdualTAL, an innovative tool-wear predic‐

tion algorithm that fundamentally addresses the dual challenges of 

multi-domain feature noise and long-range dependency modeling. 

Unlike conventional methods that either concatenate features or ap‐

ply standard attention mechanisms, CdualTAL introduces a hetero‐

geneous paradigm that synergistically combines feature isolation, 

adaptive fusion, and hierarchical decoding. The algorithm estab‐

lishes a new benchmark in industrial prognosis by achieving state-

of-the-art performance with an average R2 of 0.983 and an RMSE 

of 4.373 across three PHM Society datasets.

The core contributions of CdualTAL are fourfold. First, the 
correlation-adaptive feature selection module uses the sliding window 
maximal information coefficient to adaptively identify and isolate 
high-predictivity features while suppressing redundant noise. By 
continuously re-evaluating feature correlations within temporal win‐
dows, it dynamically optimizes the feature subset, ensuring robust‐
ness against sensor drift and wear-stage transitions, which is critical 
for handling noise phases such as the blunting failure stage. Second, 
the dual-channel Transformer encoder processes strong features and 
global multi-domain features in parallel, preventing cross-interference 
while extracting discriminative patterns. Third, the custom cross-
attention mechanism dynamically balances strong and weak fea‐
tures through feature-type-aware weighting, enhancing focus on criti‐
cal signals while judiciously integrating complementary information 
from weak features. Finally, the hierarchical LSTM decoder with resid‐
ual connections captures deep temporal dependencies, enabling precise 
modeling of wear evolution across initial, normal, and rapid stages.

These components collectively form an integrated architecture 
that addresses the ubiquitous feature interference problem in multi-
sensor systems. Comprehensive validation against 11 state-of-the-art 
methods confirms the superiority of CdualTAL. Ablation studies 
further demonstrate the indispensability of each module, highlight‐
ing the role of the dynamic feature selection module in reducing 
noise during extreme wear phases compared with static alterna‐
tives. The algorithm’s high R2 and low error metrics validate its 
ability to model complex wear trajectories.

Despite these advancements, some limitations remain. Due to 
the sparse availability of features, the model exhibits a slight per‐
formance decline during the initial wear phase, and the computa‐
tional overhead increases with the depth of the encoder and decoder. 
Additionally, although CdualTAL effectively mitigates sensor 
noise through dynamic feature selection, challenges persist during 
extreme wear phases. Future work will integrate topological signal 
processing techniques to derive noise-invariant representations and 
explore topological mathematics to extract noise-invariant input 
features, enhance real-time application capabilities through light‐
weight architectures, and extend the framework to other industrial 
monitoring tasks such as bearing fault diagnosis.
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