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prediction is a critical challenge in manufacturing, as accurate predictions can optimize production Accepted : 05" Feb. 2025
processes, reduce downtime, and lower maintenance costs. However, existing methods face Published : 19" Mar. 2025
significant limitations: traditional machine learning approaches rely heavily on complex feature
engineering, requiring extensive domain expertise, which limits their generalizability and scalability. KEYWORDS
Additionally, conventional Long Short-term Memory (LSTM) models, while effective for structured Tool wear prediction
data on tool machining, struggle to adequately assign importance to features, leading to suboptimal Feature-weighted
prediction accuracy. These gaps highlight the need for a more robust and efficient approach to tool Temporal-weighted
wear prediction. This study develops an adaptive LSTM framework with dual attention mechanisms Muiti-domain feature

to automate tool wear prediction in smart manufacturing. The method processes vibration signals
through four stages—signal division, multi-domain feature extraction, adaptive feature-temporal
weighting, and wear quantification. The proposed method is experimentally validated, and the
results demonstrate superior performance with lower errors than conventional LSTM models,
achieving a reduction of 12.27%, 34.31%, and 40.21% in RMSE on C1, C4, and C6, respectively,
and 20.48%, 37.71%, and 39.12% in MAE. The developed model helps producers determine the
precise timing of tool changes, reducing the risk of downtime due to tool failure and thus increasing
productivity.

1. INTRODUCTION

Prognostics and Health Management (PHM) is a hot research topic within the manufacturing sector. In intelligent
manufacturing, intelligent predictive maintenance for the next generation of Computer numerical control (CNC) machine
tools with data-driven methods such as artificial intelligence algorithms has become a popular direction. Tools gradually
wear out during the machining process, and this is detrimental to the quality of the workpiece. When it can not meet the
requirements of machining quality, it will bring about sudden downtime losses and disrupt the production plan. Accurate
prediction of tool conditions becomes critical.

Monitoring tool wear conditions have undergone expert knowledge-based inspection methods, statistical methods,
and data-driven methods. In general, tool condition information such as tool wear value or tool wear status can be obtained
by direct measurement or indirect mapping methods. The measurement is generally done through non-stop inspection,
including image acquisition or measurement. Directly obtaining tool wear information works more accurately, but
downtime inspection has brought about a decline in productivity. Non-stop inspection in the processing of tool wear
image acquisition will also interfere with the process. Many researchers have built devices that use offline or online
processing intervals to make measurements. Taking the milling tools as an example, the main methods are the
measurement of the end teeth and the measurement of the main cutting-edge or off-line measurement, as shown in Figure
1. However, the efficiency and effectiveness of inspections can not be guaranteed. The indirect method achieves the
purpose of tool status classification or tool wear value prediction by mining patterns of tool wear degradation information
in historical data. The data-driven method was used with the indirectly acquired signals. Indirect methods offer advantages
in online monitoring of machine tool machining status. Many studies have used indirect signals such as vibration [1], [2],
force [3], [4], Acoustic Emission (AE) signals [5], [6], [7], etc. to predict the value of tool wear.
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Figure 1. The main methods of direct health indicator measurement

Data-driven methods such as machine learning are more common in predicting tool wear, with faster training speed
and less resource consumption. However, these methods have higher requirements regarding the quantity and quality of
samples and features. Machine learning methods mining shallow tool degradation information often require complex
feature engineering. Many studies have done a lot of research in feature extraction and screening with Support Vector
Regression (SVR) [8], [9], Extreme learning machine (ELM) [10], [11], Hidden Markov Model (HMM) [12], Decision
Tree (DT) [13], etc. Ensemble learning has become one of the research points, but further improvement of prediction
accuracy also requires mining more depth features.

In recent years, deep learning has maintained its advantage in processing complex nonlinear data and can mine deeper
and more complex features. Some research [3], [6] used Convolutional Neural Networks (CNN) to mine spatial
relationships with the original signals. In [14], Recurrent Neural Networks (RNN) models were used to mine temporal
dependencies between tool wear features. In research[15], [16] LSTM was used to mine long-term dependencies between
features when RNN encounters a gradient problem. The Gated Recurrent Unit (GRU) model has been introduced in tool
state discrimination due to its computational cost-effectiveness. In terms of the number of signal sources, tool wear
prediction has experienced single-signal prediction, multi-signal fusion prediction and prediction with mixed processing
information. Some researchers have proposed some mechanisms such as residual module [17], attention mechanism [18],
new loss function [19], multi-scale convolution [20], and parallel mechanism [14] to improve prediction performance.
Among these, the attention mechanism has been refined and applied to the field at different levels to enhance model
performance by focusing on the most relevant features. Specifically, the attention mechanisms adaptively learn
importance in multiple dimensions to prioritize critical information. In 2D or 3D CNN, different variants are used to
capture spatial and channel-wise dependencies, improving feature representation in various scenarios. However, the
incorporation of attention mechanisms often increases model complexity, requiring careful design to balance performance
and cost.

Image-based methods can perform well but require a lot of computational resources. The LSTM model and GRU
model, which are based on the original timing signal for prediction, become the primary choice. Effective feature
extraction and selection can improve the prediction performance of LSTM. There are many studies applying traditional
feature selection techniques and dimension reduction methods. LSTM can also increase the length of the sequences, which
can be used to improve prediction performance.

Although these works have provided valuable insights, they are limited by several factors:

i)  Existing methods lie in the feature selection process, which often requires complex and labor-intensive manual
intervention, heavily relying on specialized domain knowledge. This not only increases the time and cost of
implementation but also limits the generalizability and accessibility of these methods for non-expert users.

ii) For models like LSTM, which process time-step-based data, the feature importance across different time steps is not
explicitly characterized. This lack of representation undermines the effectiveness of feature selection and negatively
impacts the overall performance of the model.

iii) The importance of time-step outputs in LSTM models is not adequately characterized, which diminishes their ability
to effectively extract temporal dependencies. This limitation reduces the model's interpretability and performance in
capturing long-term patterns.
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In this paper, the adaptive sequence attention mechanism is introduced to address these challenges effectively.
Sequences most relevant to the current prediction task are selected rather than treating the entire sequence uniformly. By
dynamically adjusting the importance of different time steps, critical temporal dependencies are captured. First,
considering the input format of the proposed model, the vibration time series data is converted to sub-sequences. Then,
24 features are extracted from every sub-sequence across multiple domains. After that, the feature-weighted mechanism
named FW was used to process the features. Max pooling and average pooling methods with Softmax function enhance
the important features and suppress some lower relevance features. Then, multiple LSTM layers use these features and
leverage the advantage of LSTM in time-dependency feature extraction. A temporal-weight layer named TW is designed
to learn the weights between sequences. Output features are flattened and used to predict final wear values with a fully
connected layer. The main work is summarised as follows:

i) A method for assigning importance to features named FW using max pooling and average pooling between features
of subsequences is designed. The attention weights are modified through back-propagation and do not need manual
feature engineering.

ii) A temporal-weighted mechanism named TW based on max pooling and average pooling between subsequences is
proposed, where temporal importance is trained and then assigned to each set of features at the time step. This further
exploits the temporal dependence between the subsequences and improves the prediction performance.

Specifically, the next sections elaborate on several sections. Section 2 describes the traditional structure of methods
used. The data used, the comparison setup, and the main results are described in the third part. Finally, relevant
conclusions and research perspectives are presented.

2. METHODS AND MATERIAL

In this section, the basic structure of LSTM and the proposed FW and TW mechanisms are introduced in detail.
Finally, the architectural diagram of the whole model and its analysis are elaborated.

2.1  Structure of Traditional LSTM

LSTM shows advantages in sequence modeling tasks, making it one of the preferred models for processing sequence
data. The individual indirect signals acquired during tool machining have strong temporal characteristics, where the signal
at the next moment is influenced by the previous moment. To improve the gradient problem in the process of long
sequences data fitting using the RNN model, LSTM with gating mechanisms can allow information to propagate over
long distances in a sequence. The structure of the LSTM unit is illustrated in Figure 2. The formulae associated with the
LSTM cells are shown in Eq. (1) to Eq. (5).

C, =tanh(W[h_,,x ]+b) 1)
i, =o(Wh_,x]+b) 2
f,=c(Wih_,x]+b) ®)
o, =o(Wih_,x]+b) 4

h =0, ®tanh(C,) ®)

(i

Figure 2. The basic structure of LSTM

Where % , C and h., are the current features, the cell state, and the hidden state at the previous time, respectively. W
and b represent different weights and biases. © is the activate function named Sigmoid.
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In this study, the input to the LSTM has a dimensionality of (BS, T, N), which represents the batch size, time steps,
and feature numbers, respectively. The output of the LSTM retains the same number of time steps as the input, producing
a sequence of hidden states that encode temporal information. Multiple LSTM layers can be stacked to enhance their
ability. A key focus of this work is investigating the importance of the time step and feature dimensions. Specifically, this
work proposed the feature-weighted and temporal-weighted mechanisms to explore how these dimensions influence the
ability to capture the underlying dynamics of tool degradation, thereby improving prediction accuracy and robustness.

2.2  Feature-Weighted Mechanism

Many existing static methods of feature importance selection use a single condition and face many shortcomings. For
example, PCA is a linear transformation that can only discover linear structures in data and cannot handle non-linear
relationships. KPCA can discover non-linear relationships and can find more complex structures in the data, but KPCA
may be time-consuming and lead to overfitting or performance degradation if not chosen properly. Adaptive feature
attention can dynamically learn the importance of each feature and adaptively adjust the weights of the features according
to different situations of the input data. The sub-sequences are generated according to the sliding window method to
utilize the adaptive feature attention mechanism. Features can be extracted manually or used in other models. The raw
data S, can be represented as Eq. (6) and Eq. (7).

S :(sl,sz,...st,...sT)T eR™N (6)

5hest) eR™ @)

where st denotes the t-TH subsequences.

The features have different impacts on the predicted values, sensitive features need to be given larger weights and
insensitive features will be given lower weights. To determine the importance of features inspired by [21], a feature-
weighted mechanism named FW is proposed. It features average pooling and max pooling, which are calculated in FW.
Max pooling extracts the most prominent features by focusing on the highest values, which helps identify critical local
patterns. Average pooling provides a global perspective by smoothing out variations and capturing the overall trend of
the data. Average and max pooling operations are performed sequentially on N features. The two results are sent into a
dense layer of weight sharing. After the two-output data are summed, a Softmax function is used to learn the importance
between features by balancing the contributions of both pooling strategies. After extending the weights obtained in the
previous step to the feature dimensions, the weighted feature matrix S, is calculated. The mathematical expressions are
summarized in Eq. (8).

Sy =S,0f (A( g (8,))+ A e (S.))) (8)

where f f Aand f denote the average and max pooling operation, the ReLU and Softmax activation function,

avg

respectively.

max ?

Ultimately, Figure 3 clearly depicts the entire calculation process.
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Figure 3. The structure of the FW mechanism

2.3  Temporal-Weighted Mechanism

Because the signals obtained from a single machining process contain both the unstable wear during the tool's initial
entry and exit, as well as the stable wear in the intermediate period, the individual sub-sequences contribute to tool
degradation to significantly different degrees. The temporal-weighted mechanism is proposed in that at the temporal
dimension, it not only makes predictions based on the current input but also assigns different weights based on the
information at each time step in the input sequence. The operation makes it possible to represent the effect of different
sequences in the sample on tool degradation.
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The input of the TW mechanism can be expressed as Eqg. (9) and Eq. (10).

X, =(x1,x2,...xt,...xT )T eR™ 9)

X = (XXX Xy )T eRM (10)

where X, denotes the input of the TW mechanism. x' and X denote the subsequences and the features in one
subsequence.

It can be seen from Figure 4 that the feature dimensions are squeezed using the maximum and average values,
respectively. Then, the result of the two pooling layers is used as the input of two parallel weight-shared dense layers with
a hidden layer. The outputs are summed and calculated by a Softmax activation to learn the importance between time
steps. The mathematical expressions are summarized in Eq. (11).

Xo = X L0 A(fug (X)) + A fr (X)) (11)

where X, f f and o denote the weighted features, squeezed average, max values, and the Softmax function,

avg !

max !

respectively.

BO—QRQx,
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Figure 4. The structure of the TW mechanism

2.4 The Structure of the Proposed Model

It can be seen from Figure 5 that the output data of FW are processed by the stacked LSTM layers, and features are
adjusted by FW to represent their importance. Using the gating mechanism, the stacked LSTM is implemented to further
fuse features. After learning the importance between sequences through the FW module, the flank wear is predicted by
the fully connected layer.

FW >

Vibration Extracted
Signal  Features

Feature-weighted
Layer Layer Layer

Figure 5. Flow chart of FW-LSTM-TW

3. EXPERIMENTAL RESULTS

Firstly, the method of processing and splitting the datasets is described. A basic feature extraction method is
introduced. Contrasting models and the proposed FW-LSTM-TW method are estimated, respectively. Then, the results
and discussion are detailed and elaborated at the end of the section.
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3.1 Data introduction

The PHM2010 competition datasets [22] are used in this paper. Six sets of milling experiments using six tools named
C1 to C6 were carried out according to the same machining conditions, and vibration caused by machine process, force
and Acoustic Emission (AE) signals were collected 315 times during the machining process. In every tool named C1, C4
and C6, the flank wear from the three main cutting edges was measured after each machining. The other tools were used
as competition data with unpublished wear labels. The location of sensors in the experiment and related details of data
acquisition equipment are introduced in Figure 6.

Charge amplifier CNC shutdown
Z ! !
; X Acquisition card Microscope
Milling tool J J
(three edges) g; Accelerometer §> PC/Database Flank wear values
M‘
AE sensor 1} J
" Workpiece Dynamometer Data X Data ¥
Table Tool status mornitoring and prediction

Figure 6. Experimental setup of the PHM2010 datasets

When estimating the performance of different models, the vibration signals collected in the x-axis direction are used
as data input. The data from the three tools with the true value label are split into the train and test datasets, and three
experiments were carried out, reserving a complete data sample of one tool for each test set. To train the best models, the
training set combining two complete tools continues to be divided according to a verification set ratio of 0.2. Details of
the total data division are shown in Table 1.

Table 1. Details of data organization for training
Combination of Sample size of the ~ Sample size of the ~ Test data fromone  Sample size of the

data training data validation data separate tool test data
Cl1+C4 504 126 Cé 315
C1+C6 504 126 c4 315
C4+C6 504 126 Cl 315

3.2  Data Processing

Invalid data points and outliers are processed first. Because SVR is a traditional machine learning method and up to
200,000 rows in every sample can be obtained from a single machine process, feature extraction is needed. For traditional
LSTM and the proposed model, every sample is split into fixed-time steps. The same feature extraction method is used
for convenience. The multi-domain feature extraction method is used, including 12 time-domain features representing the
waveform, amplitude, and phase of the signal change with time, 4 frequency domain features describing the amplitude
and phase of the various frequency components in the signal and 8 time-frequency domain features considering the two
dimensions of time and frequency. Centroid frequency, mean square frequency, root mean square frequency, and
frequency variance are calculated to represent the characteristic in the frequency domain. In the time-frequency domain,
the discrete wavelet transform (DWT) method is applied to extract the 8-wavelet energy as the features. Table 2 shows
some of the formulas in detail.

Considering the different magnitudes between features, the training data are normalized using a z-score to improve
model training stability and speed up model convergence, as shown in Eq. (12).

X —
Xnorm = : o (12)

Where x, and X, denote the input and standardized data using the average value x and standard deviation value o
of x; . The same parameters are used to normalize other data to prevent information leakage.
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Table 2. Formulas of the 12 features

Name Formula Name Formula
1 T
Absolute Mean 13 >pf
Valte = IZ:l:| o Shape Factor T &
AMV
Peak Value max( p) Pulse Factor max(p)
AMV
SK
1 &, 3
Root Mean Square = Z P, Skewness Factor 14,
T\ ?Z P
i=1
2 max (p)
i (1 i‘ﬂ p |j Crest Factor 14
Root Amplitude — )
p T = i T Z piZ
i=1
Skewness li@ A —li| P, |j3 Clearance Factor max p)
TEUT TE RA

1 =
Kurtosis =>p Kurtosis Factor V) —
T= )
Z P
i=1

According to 1S08688-2:1989 [23], flank wear VB is recommended as one of the effective forms of tool failure. As
mentioned earlier, three flank wear values from one tool were recorded. For the purpose of reducing measurement errors,

average wear values are calculated as the final label to train models. The four values from the three tools are shown in
Figure 7.
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Figure 7. The final average wear values from the three datasets

As machining proceeds, the wear value keeps on growing to max wear MAX (y;), based on this, in order to train the
model efficiently, average wear values vy, are treated as Equation (13) to get normalized vy, . All the wear values are

scaled to within 0-1. The predicted values of the final model are back-normalized according to this formula to get the final
predicted values.

_ Yi
ynOrl‘n MAX (yl ) (13)

3.3 Model Training and Testing

For all the LSTM training, a small batch size of 16 Nadam optimizers was selected, considering the small sample size.

RMSE , MAE, and R”are used to evaluate the models quantitatively. The three evaluated metrics are shown in Equation
(14), Equation (15) and Equation (16), respectively.
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RMSE = %i(yi -v;) (14)
MAE =2 (3|5, ) (15)

R*=1-S— (16)

=1

Where 9, and y, refer to the i TH real and prediction values. y is the average value that expresses the size of the
machine cycles.

To verify the validity of the FW and TW mechanism, some models, such as SVR and the traditional staked-LSTM
model, which have two layers, are used to train as the comparison models.

In the experiment of SVR, different kernels, including the radio bias function, linear and poly are tested using the grid
search method. The features are extracted in the same way, except that original signals are not divided into sub-sequences.
Each sample extracts 24 features as input of the SVR. Feature filtering was also used using Pearson’s coefficient method,
and a total of the top 10 sensitive features were selected for training and testing. When training LSTM, a batch
normalization operation is used to make the input more stable, and a dropout layer before the last full connect layer is
used to prevent overfitting. The rate of dropout after the dense layer is 0.3. The number of neurons in the LSTM layers
was tuned using a grid search method, with values ranging from 16 to 32 in steps 2, as well as 48, 64, and 96. The dropout
rate was selected from {0.1, 0.2, 0.3}. To optimize resource utilization, an early stopping mechanism was employed,
which terminates training if the validation loss fails to decrease for 8 consecutive epochs. The final optimized parameters
are listed in Table 3.

Table 3. Tuned parameters of the proposed model

Name of parameters Detailed Value
Numbers of subsequences 30
Leaning rate 0.0001
Number of LSTM layers 2
L2 regularizer 0.01
Unites number in 1 LSTM 20
Unites number in 2nd LSTM 18
Dropout rate in Dense layer 0.3
Batch size 15
Epoch and early stopping epoch 100/8
Optimizer Nadam

3.4  Analysis of the Results

The results of traditional LSTM without proposed FW and TW are shown in Figure 8. The details of RMSE, MAE
and R2are shown in Figure. 9. Although the predicted performance of SVR is further improved after feature screening,
prediction performance is less effective than deep learning methods. On C1, the LSTM model shows a 34.32% and
31.64% improvement over SVR in RMSE and MAE. Similar comparisons are made for C4 and C6. The improvements
are 28.13%, 22.20% in RMSE 37.71%, and 24.06% in MAE, respectively. Because the temporal dependencies between
the sub-sequences are characterized, LSTM can mine the temporal dependencies between different subsequences, further
enriching the feature information related to tool degradation. SVR needs to manually select import features and is only
able to mine the shallow information, and the tool degradation information can not be completely characterized.
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Figure 8. Comparative trends of the traditional LSTM (a) C1, (b) C4, (c) C6
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Figure 9. Performance comparison between SVR, traditional LSTM and proposed FW-LSTM-TW model
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As shown in Figure 9 and Figure 10, the proposed model performs well in C1, C4, and C6. The RMSE of the proposed
model is 8.58, 9.23, 10.75 with a 95% confidence interval of [7.45, 9.68], [7.96, 10.40], [9.98, 11.45] obtained through
bootstrapping in C1, C4, and C6, respectively. The MAE of the proposed model is 5.98(confidence interval: [5.33, 6.64]),
6.03(confidence interval: [5.34, 6.79]), and 8.60(confidence interval: [7.91, 9.28]) in C1, C4, and C6, respectively.

Traditional LSTM with the FW-TW mechanism performed better with a reduction of 12.27%, 34.31% and 40.21% in
RMSE on C1, C4 and C6, respectively. The model with the addition of the proposed mechanism is better than the
traditional LSTM model with 20.48%, 37.71% and 39.12% reduction in MAE. This validates the effectiveness of the
designed TW and FW mechanisms. The FW mechanism reassigns weights to the features of each subsequence,
reinforcing the features. The effect of the relationships between the sequences on the prediction results is characterized
by learning the weights in the TW mechanism, which further improves the feature-to-target mapping.
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Figure 10. Comparative trend of the proposed FW-LSTM-TW model (a) C1, (b) C4, (c) C6

During the experiments, the early and late wear phases were poorly predicted. This can be attributed to several factors:
i)  Invalid and unstable signals:

In both early and late phases, the data contain invalid and unstable signals. Although we manually removed these invalid
values during feature extraction, some errors may have been introduced, affecting the model's performance. These
unstable signals may have influenced the training process, but it remains an open question whether they contain valuable
information about tool degradation.

ii) Rapid wear fluctuations and limited sample size:

A rapid rise in wear values occurred during these phases, causing the signal to fluctuate more significantly. This increased
variability made it challenging for the model to capture consistent patterns. The early phase and the rapid wear phase at
the end are characterized by fast wear progression and short durations, resulting in a limited number of samples. This
small sample size, combined with the single signal's limitations, posed challenges for effective model training and reduced
prediction accuracy.
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4. CONCLUSIONS

This paper proposed an FW-LSTM-TW method to estimate the tool flank wear. To comprehensively extract effective
features from machining data, a feature mixing and adaptive selection method based on feature-weighted and temporal-
weighted is proposed, which more effectively mines the features related to wear degradation, suppresses related features,
and deeply explores the time-dependent information between features. Experiment validation with the PHM competition
dataset verifies better performance than traditional LSTM with the following conclusions.

i)  FW and TW can enhance the effect of model prediction by adaptively enhancing the sensitive features to suppress
the insensitive features, and the relationship between time steps has a certain influence on the prediction results,
which can enhance the prediction effect.

ii)  Despite complex feature engineering, machine learning methods such as SVR have shown limited improvement in
effectiveness. Deep learning methods showed better mapping ability in the experiments performed in this paper. The
combination of the two mechanisms makes the traditional LSTM perform better.

In conclusion, the proposed attention-enhanced LSTM model significantly improves tool wear prediction accuracy,
offering a practical solution for monitoring in intelligent manufacturing fields. This advancement contributes to the
optimization of machining processes, reduction of downtime, and enhancement of overall productivity in smart factories,
aligning with the goals of Industry 4.0. Its performance in early and late wear phases remains suboptimal due to limited
sample sizes and unstable signals. Future work will focus on data augmentation to address sample imbalance, investigate
the potential degradation information in unstable signals, and explore enhanced methods for feature extraction.
Comparative experiments with variable machining conditions and multi-sensory signals will further improve the model's
robustness and generalization capability.
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