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Abstract

Accurately predicting the Remaining Useful Life (RUL) of milling tools based on mon-
itoring signals is crucial for maximizing tool utilization and reducing machining costs.
However, tool degradation and working conditions complicate the extraction of features
from monitoring data, making the nonlinear mapping from these features to RUL challeng-
ing. To address this, a novel Kolmogorov—-Arnold Attention Allocation Network (KA-AAN)
is proposed, which consists of an Attentional Feature Extraction Network (AFEN) and a
KAN regression block. First, the S-transform is applied to multi-sensor signals to create
a time-frequency feature dataset. Then, the AFEN allocates attention to extracting atten-
tional features concerning both tool degradation and working conditions by using multiple
Kolmogorov—-Arnold Attention Blocks and the unique activation function of KAN, which
enhances the importance of features at different levels. Furthermore, the KAN regression
block maps from attentional features to RUL, learning the most appropriate way to activate
and combine features based on the specific circumstances of the tool and machining process.
The nonlinear fusion of the attentional features improves the model’s adaptability to differ-
ent working conditions. Finally, an experiment was designed and conducted to verify the
robustness and stability of the proposed method. The experimental results show that the
proposed method achieves a mean squared error of 0.97 and a mean absolute percentage
error of 8.27% under the same working condition and 2.91% and 18.63% under different
conditions (average). Compared to other advanced methods, the proposed method exhibits
higher accuracy and adaptability.

Keywords: cutting tool; remaining useful life; Kolmogorov—Arnold network; time-
frequency feature; feature fusion

1. Introduction

With the increasing demand for equipment and parts in aerospace, automotive, and
precision machinery industries, tool wear has become a critical factor affecting productivity
and product quality in modern manufacturing. Tool wear directly influences the surface
quality of machined parts and can result in machine downtime, thereby escalating costs
and diminishing production efficiency [1]. According to statistics, in April 2018, the cost of
cutting tool scrap due to tool wear in the U.S. reached 200 million dollars [2]. Furthermore,
approximately 20% of machine downtime is caused by tool failure [3]. Therefore, accurately
predicting the Remaining Useful Life (RUL) of tools is essential for improving production
efficiency, reducing tool waste, and cutting costs.
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In recent years, machine learning and artificial intelligence have significantly advanced
the development of RUL prediction models. Deep neural networks [4], Transformer net-
works [5], Long Short-Term Memory networks (LSTM) [6], Gated Recurrent Units [7], and
Convolutional Neural Networks (CNN) [8] exhibit considerable potential in capturing both
time and spatial features in machining data. However, these methods still face challenges
in extracting nonlinear features during machining and managing data discrepancies arising
from different working conditions. Feature extraction is central to artificial intelligence
approaches [9]. Traditional methods depend on manually designed features, such as time-
domain features (mean, standard deviation, skewness) and frequency-domain features
(harmonic ratio, spectral amplitude, spectral density [10-14]). For instance, Wang and
Azmi [15] used milling force signal features to describe tool wear conditions. Wei et al. [16]
performed spectral analysis of milling forces and proposed a force signal decomposition
model based on variational mode decomposition, which identified signal frequencies that
reflect tool wear, avoiding mode mixing and improving tool condition monitoring. Wang
et al. [3] constructed the total energy of the acoustic emission step signal as a feature and
established the relationship between tool flank wear and the energy of acoustic emission
signals, providing a new idea for manual feature extraction. Cho et al. [17] used the root
mean square (RMS) value of acoustic emission signals to characterize the degradation of
tool wear. Some researchers have attempted to use time-frequency features as input for
Al methods to predict RUL [18]. For example, Ahsan et al. [19] used Short-Time Fourier
Transform (STFT) to analyze bearing vibration signals, predicting RUL and fault types
based on time-frequency similarity comparisons. Laddada et al. [20] developed a feature
extraction method based on Continuous Wavelet Transform (CWT) and improved the
extreme learning machine for RUL prediction. Chen et al. [21] employed statistical anal-
ysis, spectral analysis, and wavelet packet methods to detect tool wear during drilling.
When obtaining the time-frequency features of milling, STFT [22] can effectively extract
the time-frequency features of non-stationary signals. However, this method is limited by
the Heisenberg uncertainty principle, which prevents it from simultaneously achieving
high time and frequency resolution. CWT [23] has the advantage of variable window
functions, providing much stronger resolution characteristics; however, the selection of its
basis functions is relatively complex [24]. Empirical Mode Decomposition [25] overcomes
the drawbacks of CWT and STFT by identifying vibration modes in the signal through
time-scale features. It exhibits good adaptability; however, large oscillations can occur at
the ends of the signal, potentially leading to instability in the intrinsic mode functions at the
boundaries. To address these issues, Stockwell [26] proposed the S-Transform (ST), which
combines the advantages of STFT and CWT. ST resolves the basis function selection issue
of CWT and, using a scalable Gaussian window function, adjusts the window size and
analysis range for different frequencies, offering both good time and frequency resolution.
Although these methods are somewhat effective, they are inefficient, time-consuming, and
heavily influenced by working conditions [27].

Some researchers have attempted to use time-frequency features as inputs for Al
models to predict RUL. For example, Zhou et al. [28] pointed out that LSTM is advanta-
geous in handling sensor time series and tool wear accumulation effects, but its feature
extraction capability is weaker than that of CNN. Xu et al. [27] proposed a parallel CNN
that implements multi-scale feature fusion and combines channel attention mechanisms
with residual connections to improve RUL prediction performance. Li et al. [29] proposed
a method for extracting multi-collinearity features from multi-sensor data and combining
lightweight feature fusion methods with KPCA to remove redundant information, achiev-
ing accurate tool wear prediction. Feng et al. [24] used the Time-Space Attention (TSA)
network, allowing different sensor signals to provide complementary information in the
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feature space. This enables more accurate capture of the complex spatiotemporal relation-
ship between tool wear values and features, allowing the model to predict wear accurately
even if cutting force signals with good trends are discarded. Li et al. [30] proposed a Con-
volutional Stacked Bidirectional LSTM Network with Time-Space Attention Mechanism
(CSBLSTM-TSAM), which fuses multi-sensor signals to obtain tool wear values. Although
these methods have improved efficiency and prediction accuracy, neural network-based
feature extraction methods heavily depend on known data. When training samples fail to
cover complex machining environments and diverse milling conditions, models tend to
overfit working conditions.

Machine learning methods have made progress in RUL prediction for tools, but chal-
lenges remain as follows: (1) Insufficient prediction accuracy under different working
conditions, especially when training data cannot cover complex environments. (2) Insuffi-
cient generalization of milling features due to the challenge of manually designed features
being influenced by external disturbances. (3) Overfitting due to automatic feature learning,
making the method unreliable for real-world applications. Therefore, there is an urgent
need for a method that effectively integrates multi-sensor data and captures the complex
relationships between RUL and features.

Kolmogorov—-Arnold Networks (KAN) have gained significant attention in artifi-
cial intelligence for their robustness, scalability, and ability to handle high-dimensional
data, making them ideal for various prediction tasks [31]. This paper proposes a novel
Kolmogorov—-Arnold attention allocation network (KA-AAN) to forecast milling tool RUL
under different working conditions. Key contributions of the method include:

(1) STisapplied to multi-sensor signals to extract time-frequency features, providing KA-
AAN with as much processing information as possible, thereby avoiding overfitting
caused by insufficient features and samples.

(2) The Attentional Feature Extraction Network (AFEN) allocates attention to extracting
attentional features concerning both tool degradation and working conditions, which
effectively overcomes the problem of poor feature generalization in milling.

(38) The KAN regression block maps from attentional features to RUL, learning the most
appropriate way to activate and combine features based on the specific circumstances
of the tool and machining process. The nonlinear fusion of the attentional features
overcomes the problem of insufficient prediction accuracy of tool RUL under different
working conditions.

KA-AAN effectively addresses the challenges of poor feature generalization and
insufficient prediction accuracy under different working conditions. The remaining parts
of this paper are structured as follows. Section 2 presents the problem definition. The
structure and the mathematical principles of the proposed KA-AAN are elucidated in
Section 3. The tool life test under different working conditions is designed to validate the
proposed method in Section 4. Section 5 summarizes the conclusions of the paper.

2. Problem Definition

The essence of cutting tool RUL prediction based on multi-sensor monitoring signals
is to establish the mapping relationship between the RUL T(t) and the feature vector X(t) of
monitoring signals at processing time t. As shown in Figure 1, the modeling process can be
expressed as follows:

T(t) = f(X(8),1) +e ©)

where f(+) is an unknown nonlinear function, and ¢ represents random error. The accuracy
of the prediction model depends on two factors: the quality of the extracted feature vector
X(t) and the accuracy of the nonlinear mapping function f(-). However, experiments
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Cutting signals

RUL

show that different features of various monitoring signals exhibit discrepancies in the
time-frequency domain, which poses a challenge in obtaining high-quality X(#). This
variability is primarily due to the combined effects of sensor characteristics, changes in
milling conditions, material property differences, and tool geometry.
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Figure 1. Problem analysis based on a nonlinear mapping function.

By analyzing experimental data, the variation in the RMS features of the cutting force
Fy in the feed direction and noise signals with milling time under the base condition
is shown as the blue solid lines in Figure 2a,b. It is observed that as the milling cycles
increase, the RMS features of both signals gradually increase. However, different working
conditions have distinct impacts on the Fy and noise signal feature values and growth
rate. From the frequency domain perspective, Figure 2c,d show the frequency domain
plots of vibration signals at different times for the same tool. It can be observed that in
the early stages of the tool’s life, frequency domain features are mainly reflected in the
low-frequency components, while in the later stages, high-frequency components increase
significantly [32]. Additionally, Figure 2e,f show the time-frequency plots of vibration
signals after ST at different times for the same tool. It can be observed that the time-
frequency features around 5 kHz increase significantly and become denser in the later
stages of the tool’s life, while the features above 10 kHz also show an increase in amplitude
but become sparser. In summary, the feature vector X(t)is not only influenced by the
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processing conditions C(f) (such as feed rate, cutting width, etc.) but also by the tool
degradation state D(t) (such as wear level, crack formation, etc.). Therefore, X(t) can be
viewed as a coupled function of processing conditions C(t) and degradation state D(t),
which can be expressed as follows:

X(t) = fe(C(t) © fp(D(t)) +¢ @)

where fc(C(t)) is the influence function of C(t) on the features, representing the contribution
of condition changes to the features; fp(D(t)) is the influence function of the degradation
state D(t) on the features, representing the effect of tool degradation on the features; ®
represents their nonlinear coupling, e represents random error.
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Figure 2. Complex relationships in tool degradation data. (a) RMS of F, under different working
conditions; (b) RMS of noise under different working conditions; (c¢) Vibration spectrum of the
5th milling cycle; (d) Vibration spectrum of the 35th milling cycle; (e) Vibration time-frequency
distribution figure of the 5th milling cycle; (f) Vibration time-frequency distribution figure of the 35th
milling cycle.
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The Traditional models, such as Multi-Layer Perceptron (MLP) and Recurrent Neu-
ral Networks (RNN), are limited by their fixed layers, nodes, and activation functions,
restricting their ability to capture complex nonlinear relationships in different conditions
of RUL prediction. Increasing the network depth and width can improve accuracy, but
leads to computational overhead and overfitting. To overcome these limitations, this paper
proposes a KA-AAN method for RUL prediction. AFEN is used to extract attentional
features from the time-frequency domain that reflect both tool degradation and machining
conditions, while KAN is used to fuse these attentional features and predict the RUL. KAN
uses learnable B-spline curves to flexibly adapt to complex nonlinear relationships, enhanc-
ing its ability to capture intrinsic features of the data and effectively capture the complex
nonlinear relationships between tool degradation and features. The RUL prediction model
using KAN is expressed as:

2n+1 n
T(1) = F(X()]¢) = il @3 @ (X(1) )
=1 p=

where @ is a univariate activation function, g is the number of nodes in the previous layer,
p is the number of nodes in the next layer, and the specific formula is in Section 3.2. By
introducing learnable spline curves instead of fixed activation functions, KAN can achieve
higher accuracy than MLP with fewer training iterations [33]. The problem in this paper
can be transformed into extracting attentional features that reflect both tool degradation
and machining conditions, and searching for the best activation function parameters ¢ to
obtain the optimal mapping function ® : X(t) — T(t).

3. Methodologies

This paper proposes a novel KA-AAN method for cutting tool RUL prediction, as
shown in Figure 3. The method mainly consists of three stages: First, the raw signals are
preprocessed by employing the ST on the multi-sensor machining data, constructing a
time-frequency feature dataset that captures the tool’s machining process. Then, the Feature
embedding and multiple KA-Attention Blocks are used in the AFEN to extract features
and allocate importance to the time-frequency features, capturing the nonlinear mapping
relationship between features and tool RUL, and obtaining attentional features. Finally,
the KAN regression block maps from attentional features to RUL by using a learnable
activation function. The features are activated and combined through a nonlinear function
for predicting the tool’s RUL. The details of each stage are introduced as follows.

KA-AAN
Attentional Feature Extraction Network KAN Regression Block

Feature i ) f
Wl Attention - Attention [~ T KAN P RUL
Embedding J

Block Block

L o ) Attentional
M Feature

Figure 3. General framework of the proposed method.

3.1. Time-Frequency Feature Based on S-Transform

Given the complexity of the time and frequency domains in the tool degradation
process, this paper uses time-frequency features as input, applying the ST technique to
transform the raw data and obtain time-frequency features for network input. The ST com-
bines the advantages of STFT and CWT, allowing it to adaptively adjust the time-frequency



Appl. Sci. 2025, 15, 11549 7 of 21

resolution, overcoming the limitations of traditional methods. The one-dimensional contin-
uous ST for the time-domain signal u.(t) of the c-th sensor is defined as:

s(r,f) = [ w1, fle @

—00

The inverse transformation of ST:

ue(t) = /oo U: SC(T,f)dT] e2nftgf 5)

—00

where f represents frequency, T is the center point of the time window function, and ¢
represents the time variable.
The wavelet function w(t, f) must satisfy the normalization condition:

/ w(t, fdt =1 (6)
Gaussian window function w(t — ¢, f) definition:

Wt —t,f) = ﬂ %

From the above, ST of u.(t) is defined as:

n

Se(r.f) = [ uelt) e e 2 flde ®

The discrete ST and its time-frequency complex matrix formula are:

; N-1 frin _anrz j@

Sc[kT,m}:rg h( NT )e n2 ¢ N , n#0 o)

S kT, 0] = — z h(NT) n=0

1 N=1 _2rkn

(7) —thT N ,n=0,1,...,N—1 (10)

In Equations (9) and (10), N is the number of sampling points and T is the sampling
interval. Based on the above formulas, the window function of the ST has significant
adaptive properties, and its variation amplitude decreases as the frequency increases. At
this point, the magnitude of the time-frequency characteristic complex matrix obtained
after discretizing the one-dimensional data from the c-th (1 < ¢ < C) sensor through the
ST is denoted as X,, and is used as the input to the proposed network.

3.2. Kolmogorov—-Arnold Network

The Kolmogorov—Arnold network is a novel neural network inspired by the
Kolmogorov—-Arnold representation theorem [34]. The theorem states that any multivari-
able continuous function f(x) = f(x1,x2,...,Xxn,) on abounded domain can be represented
as a finite combination of continuous functions of a single variable, along with binary
addition operations. Inspired by this theorem, f(x) can be expressed as follows:

np—1 np—» 11 o
X)) ¢L—1,iL,iL1< Yoo (Z Pin iy (2 P0,iy i (Xi0)>> ) (11)
i =1 i =1 =1 io=1
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In Equation (11), the right side represents the KAN, where L denotes the number of
layers, n; represents the number of nodes in the j-th layer, and ¢; ; x(x) is the single-variable
activation function. As shown in Figure 4, each specific form ¢(x) defines the differences
between various KAN architectures. In the initial implementation, ¢(x) is defined as a
weighted combination of basic functions and B-splines. In particular,

$(x) = wyb(x) + wsspline(x) (12)

where the basis function b(x) and the spline function spline(x) are defined as follows:

b(x) = 13
() = (13)
By x(x)
, By x(x) n
spline(x) = [Cl ... Cn} i =Y ciBi(x) (14)
: i=1
Bn,k(x)
where ¢;;, wy, and ws are trainable parameters.
= = (I) B
¢1,1,1 () ¢1,1,2 () ¢1,1,n, () -
¢1,2,1 () ¢1,2,2 () o ¢l,2,n, ()
X, . . . Xr-11
0l : : : \/\
_¢l’”l+l’1 (.) ¢l’nl+l’2 (') o ¢l’nl+lsnl (')_ ¢L—l,l,l
_f XL
o, . . (q_)/l) . . D, /
lf " alinear clo_mFinEtiEl o_flﬁ-sﬁirTes_ 1| P21
X, _
2 | k=3 : ! Pr23(x) |
| g=5 | | : ~
| |
| il o N S| D131
| Loty 1 5l Is to ty tg |

Figure 4. Framework of KAN Layer.

The k-th order spline curve B,(x) with grid size g is defined by the DeBoor-Cox
recursive formula:

1,x; <x<xi4q k=1
Bi(x) = 0, otherwise ’ (15)

XX . Yitk—* p.
Xitk—1—%i Bij—1(x) + Xipk—Xit1 Biiiga(x), k=2

The pre-activation of ¢;; is simply x;;; the post-activation of ¢;;; is denoted by
<P1,i,j(xl,i)- The activation value of the (I + 1, j) neuron is simply the sum of all incoming
post-activations:

1]
Xiy1 = Y Prij(x) (16)
i=1
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In matrix form, this reads as follows:

$111() $112() oo P ()

$121(+) P122() oo Prom ()

Xj41 = X1 (17)

(PlrnlJrlrl(.) ¢lrnl+1/2(‘) e ¢lrn7+lrnl(.)

D,

where @; is the function matrix corresponding to the /th KAN layer. A general KAN
network is a composition of L layers: given an input vector xy € R0, the output of KAN is
as follows:

KAN(x) = (& 1-Pp - -+ -Pp)x (18)

3.3. KA-AAN

The structure of the KA-AAN network is shown in Figure 5. AFEN consists of Feature
embedding and M concatenated KA-Attention blocks. AFEN extracts features and allocates
importance to the time-frequency features, obtaining attentional features. Finally, the KAN
network fuses these attentional features to predict tool RUL. First, define the time-frequency
feature matrix of the c-th (1 < ¢ < C) sensor after the ST as X.. The time-frequency feature
matrices of all sensors are stacked to form a three-dimensional time-frequency feature
matrix X' = [Xy, Xy, ..., Xc]. The dimension of X; is (F, R), where F is the number of
frequency bins and R is the number of time steps. Feature embedding maps the raw data
into fixed-size feature vectors for subsequent attention processing and computation:

X = X'Wy + By (19)

In the equation, X is the feature matrix after Feature Embedding, W is the weight
matrix, By is the bias matrix, with dimensions X € RE*Fxdk X/ ¢ REXFXR 1), € RR*dk,
By € R€*, and d is the dimension of the embedded features.

The attention distribution for a single attention head first requires the computation of
the Q, K, and V matrices:

Q=XW,
K = XWg (20)
vV =XWy

In Equation (20), X is the feature matrix after Feature Embedding, Wg, Wk, and Wy, are
the mapping matrices, with dimensions Q € RC*F*dk, K € REXF*dk and V € REXFxdv,
The attention is computed as follows:

Attention(Q, K, V) = softmax (QKT) 14 (21)

Vi
Perform a multi-head attention operation on X, where the multi-head attention
model linearly maps Q, K, and V through projection matrices, then computes / attention
scores, and finally concatenates the results. The computation for a single attention head is
as follows:

_ ; _ QqKqT
head, = Attention(Qyq, Ky, Vy) = softmax NG Vy (22)
k
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In Equation (22), Q4, Ky, and V;; are the Query, Key, and Value in the g-th self-attention
mechanism, W, o, W, x, and W, v are the mapping matrices for the g-th self-attention
mechanism. The projection matrix projects Q, K, and V into h different attention heads
to learn different attention patterns, improving model accuracy. Finally, the results of all
attention heads are concatenated.

MultiAttention(Q,K,V):Concat<head1, ,headh)Wo (23)

In Equation (23), Concat represents the matrix concatenation function. Wy € RCHdy xdy
is the linear mapping matrix for concatenation.
To accelerate network convergence and improve generalization, layer normalization is

applied to each sub-layer:

LayerNorm(u) = 7(961—77%) +8 (24)

In Equation (24), LayerNorm(u) is the output of layer normalization; y and 8 are the
scaling parameters; y, and o, are the mean and standard deviation of u.
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The outputs of M layers of KA-Attention blocks are concatenated to form the tool
health state attentional feature:

g = Concat(F(X|p)) (25)

In Equation (25), X is the feature matrix after Feature Embedding, F represents the
network consisting of M-layer KA-Attention blocks, i represents the internal parameters
of the M-layer KA-Attention blocks, and Concat represents the matrix concatenation func-
tion. Input g into the KAN network described in Section 3.2 for nonlinear regression, as
shown below:

RUL = KAN(g|9) (26)

In Equation (26), KAN represents the nonlinear mapping function from the tool
attentional feature g to the tool RUL, with ¢ being the internal parameters of KAN.

4. Experimental Setup and Prediction Results
4.1. Experimental Setup

The proposed method was validated using milling tool life test data. The experiment
was conducted on a DX650 CNC machine, with a schematic of the test platform shown in
Figure 6a. The platform is equipped with 7 sensors: one three-axis accelerometer, three
uniaxial accelerometers, one three-axis force sensor, one microphone, and one acoustic
emission sensor, yielding a total of 11 data channels. The sensor layout is shown in Figure 6b.
The specific milling tool type and sensor manufacturers and types are listed in Table 1.

Table 1. Milling tool and sensor types.

Sensor Manufacturers Model Number
Milling tool Yu Ling, China D10*30*75*4T
Three-directional force measuring instrument Kistler, Switzerland 9129AA
Three-axis accelerometer Kistler, Switzerland 8763B100BB
Uniaxial accelerometer Kistler, Switzerland 8702B100

Acoustic emission sensor Kistler, Switzerland 8152C

Microphone GRAS, Denmark 46AE

Microscope INSIZE, China 5301-D400

The workpiece material and working conditions were set based on engineering prac-
tice, as detailed in Table 2. The wear degradation trajectory of the tool is shown in Figure 7.
As the milling cycles increase, the wear width increases accordingly. According to the tool
failure criterion in ISO 8688-2, the tool is considered failed when the flank wear exceeds
300 pum, at which point the test is terminated. The ISO standard [35] specifies a 25 mm
diameter end mill, different from the 10 mm diameter tool used in this experiment. The
failure threshold for this test was set at 110 um based on the onset of red-hot tool edges
and significant sparking.

Table 2. Milling experimental parameters setup for working conditions.

Width Workpiece 1 Workpiece 2
Tool No. Depth of Cut Spefzd Feed. of Cut Material Dimension Dimension
(mm) (r/min) (mm/min)
(mm) (mm) (mm)
T01-T10 720 1.6 Carbon-steel
T11-T20 1.6 6000 1000 1.6 (0.45%C) 300 x 160 x 40 90 x 60 x 30
T21-T30 720 1.0 e
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Figure 6. Milling tool life test platform and measurement point arrangement. (a) Milling tool life test
schematic; (b) Measurement point arrangement.

The ST is shown to be effective in processing machining signals. On the one hand, ST
offers higher time resolution for high-frequency signals, and on the other, it maintains a
lower amplitude and correlation for low-frequency signals. Figure 8 compares the time-
domain signals and their time-frequency representations for the Y-direction milling force
(Fy) and Y-axis spindle vibration signal (VSy) during the 1st and 35th milling cycles. The
milling force is concentrated in the low-frequency range, with minimal noise. As the
milling cycles increase, the amplitude gradually rises, and the red regions in the time-
frequency signals intensify. Conversely, the high-frequency portion of the spindle vibration
signal becomes sparse with the increasing number of cycles, while the low-frequency part
gradually increases in amplitude.
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Seven comparative experiments were conducted using the training and testing con-

figurations shown in Table 3, with hyperparameters set in Table 4. The aim is to evaluate

the method’s adaptability to both same-condition and different-condition scenarios. Case

0 primarily tests the prediction accuracy of the proposed method under the assumption

of sufficient known information. Cases 1, 2, and 3 focus on training and testing under the

same conditions. Cases 4, 5, and 6 evaluate the proposed network’s prediction accuracy

and adaptability to unknown conditions.

Table 3. Configuration of training and testing samples.

Case Train Dataset Test Dataset
80% randomization in all 20% randomization in all
0
datasets datasets
1 80% T01~T10 20% T01~T10
2 80% T11~T20 20% T11~T20
3 80% T21~T30 20% T21~T30
4 T01~T10 and T11~T20 T21~T30
5 T01~T10 and T21~T30 T11~T20
6 T11~T20 and T21~T30 T01~T10
Table 4. Hyper Parameter Setting.
Parameters Settings
Epoch 100
Loss function MSE
Shape of features (C*F*R) 11 x 5000 x 2500
dg 100
KAN in the attention allocation block [100, 512, 100]
KAN regression block [70,000, 64, 32, 1]
The grid of the B-spline g=5
The order of the B-spline k=3
Optimizer Adam
Learning rate 0.0001

4.2. Results and Discussions

In order to quantitatively and comprehensively evaluate the performance of the
model, the MAPE, the MSE, the RMSE, and the coefficient of determination R? are used as
evaluation metrics. The calculation formulas of each metric are as follows:

1 < ]/c_]?c
MAPE = —
CC; Ye
1& 2
MSE = *Z(yc )
Cc:l
1 C
RMSE = EZ(yc—y}
c=1
(Je —9)°
RP=1-¢

[RaglelfNaele

o

~—
N

(27)

(28)

(29)

(30)
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where y. denotes the c-th predicted value, §j. denotes the c-th actual value, and ¥ denotes
the sample mean.

To validate the effectiveness of the proposed method, this paper compares several
commonly used and advanced prediction models, including CNN, CNN-Bi-LSTM, Time-
Space Attention (TSA) [24], and CSBLSTM-TSAM [30]. In Case 0, an 8:2 random training-
test split, the proposed method achieved a MAPE of 8.01%, the best among all metrics. In
the same condition cases (1, 2, and 3), CNN and CNN-Bi-LSTM had MAPE values of 19.47%
and 30.28%, respectively. Bi-LSTM struggled to capture nonlinear patterns, which hurt
its prediction accuracy. TSA and CSBLSTM-TSAM showed stable performance, with TSA
slightly less accurate than CSBLSTM-TSAM. The proposed method significantly improved
prediction accuracy, reducing RMSE and MAPE by 41.04% and 49.29% compared to TSA,
and 27.57% and 29.76% compared to CSBLSTM-TSAM. As shown in Figure 9, the proposed
method effectively captures tool degradation patterns under the same conditions and rich
historical data, offering superior RUL prediction accuracy.

50
— =+ Proposed Method —— Time-space Attention —-+= Real RUL
40F — CNN ——— CSBLSTM-TSAM Prediction error
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Figure 9. Cont.
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Figure 9. RUL results were estimated using the proposed method and comparison methods under
the same working conditions. (a) Case 1; (b) Case 2; (c) Case 3.

The prediction results for Cases 4-6 under multi-condition scenarios are shown in
Figure 10. In the MSE comparison, KA-AAN had the lowest MSE (2.9148, average results
of Cases 4-6), outperforming CNN (23.9993), CNN-Bi-LSTM (23.5929), TSA (10.0663),
and CSBLSTM-TSAM (7.9647). This shows that the proposed method has the smallest
prediction bias. The proposed method achieved the best results in R>, MAPE, and RMSE. It
reduced RMSE and MAPE by 3.8756 and 38.71%, respectively, compared to CNN.

The average MAPE of KA-AAN is about 20% lower than that of TSA and 18% lower
than that of CSBLSTM-TSAM. The RUL prediction results using the five models for Cases
4,5, and 6 are shown in Figure 10a—c. The results show that KA-AAN more effectively
captures tool degradation patterns and has a clear advantage in RUL prediction. In contrast,
CNN and CNN-Bi-LSTM show large errors and fluctuations in early predictions. TSA,
CSBLSTM-TSAM, and the proposed method follow prediction trends closer to the actual
RUL. However, TSA shows a deviation in the later stages of prediction. In Case 4, the
deviation is near 0, but in Cases 5 and 6, it diverges from the true value.

The evaluation metrics for the same condition and different condition cases under
the five methods are shown in Figure 11a,b. The bar heights for CNN and CNN-Bi-
LSTM are significantly higher, indicating larger prediction errors. The bars for TSA and
CSBLSTM-TSAM are close in their respective ranges, but the bars for the proposed method
are noticeably lower, showing smaller errors. In Figure 11a, the proposed method shows
generally better MAPE, especially in Case 2, with an MAPE of 4.01%, showing significant
improvement. The proposed method has the lowest average MAPE of 8.27% (average
results of Cases 1-3), compared to other models. In Figure 11b, the proposed method’s
MAPE (18.63%, average results of Cases 4-6) is still the lowest. Although the error in Case
6 is larger, it still outperforms the other models.
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Figure 10. RUL results were estimated using the proposed method and comparison methods under
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Figure 11. Comparison of predictive performance. (a) Prediction performance under the same
working conditions; (b) Prediction performance under different working conditions.
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Notably, under the same condition scenarios, the R? of CNN, CNN-Bi-LSTM, TSA, and
CSBLSTM-TSAM are only slightly lower than that of the proposed method, still showing
strong predictive ability. However, under different condition scenarios, the R? of CNN,
CNN-Bi-LSTM, and TSA significantly decreased, by 20.5%, 14.9%, and 16.7%, respectively,
compared to the same condition cases. CSBLSTM-TSAM saw a smaller decrease of just
6.1%, showing better adaptability to different condition scenarios. The proposed method’s
R? decreased by only 1.4% under different condition scenarios, showing the best stability
and predictive performance. Overall, the proposed method maintains higher stability and
superior performance in different condition scenarios, especially in complex environments.

5. Conclusions

This paper proposes a novel KA-AAN for cutting tool RUL prediction. The method
first employs ST to convert the multi-sensor signals from the machining process into
time-frequency features. Then, AFEN allocates importance to these features to obtain
attentional features, which are ultimately used in the KAN network for tool RUL prediction.
The performance of the proposed method is validated through cutting tool life milling
experiments, leading to the following conclusions:

(1) The innovative use of AFEN in the method allocates importance to the features in the
time-frequency domain. This captures the complex nonlinear mapping relationship
between time-frequency features and RUL, effectively overcoming the problem of the
limited generalization ability of milling features.

(2) KAN s used to fuse the attentional features after attention redistribution. By replacing
the traditional activation function with a learnable spline curve and optimizing the
weight parameters of the spline curve, the nonlinear relationship between the signal
features and tool RUL is accurately captured, enabling precise prediction of tool RUL
under different working conditions.

(3) RUL prediction experiments conducted using the milling tool life dataset validate the
effectiveness of the method. Comparative analysis shows that the errors associated
with the proposed method are relatively small, with the MSE and MAPE between
predicted RUL and actual RUL reaching 2.91 and 18.63%, respectively. The average
MAPE of KA-AAN is about 20% lower than that of Time-Space Attention and about
18% lower than CSBLSTM-TSAM (Notes: The performance metrics reported in the
abstract and conclusion for ‘same working conditions” and ‘different working condi-
tions’ represent the average results over Cases 1-3 and Cases 46, respectively. Case 0,
in contrast, evaluates model performance under a random train-test split across the
entire dataset, regardless of operating conditions.

In future work, the method will be further tested under more diverse cutting condi-
tions. We will also analyze the solvability of the KA-AAN network. Additionally, the KAN
network will be optimized and pruned. We aim to explore the possibility of converting
the prediction model into a specific formula. Finally, we will work on enhancing the
interpretability of the tool for RUL prediction.
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