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Highlights
What are the main findings?

e IG-LSTM adaptively learns nonlinear tool degradation trends and integrates them
with inverse Gaussian stochastic degradation modeling.

e  IG-LSTM outperforms conventional IG and LSTM models in both single-tool and
cross-tool tool wear prediction.

What are the implications of the main findings?

e  The proposed hybrid framework improves prediction accuracy while maintaining
the physical plausibility of stochastic tool wear evolution.

e  Early-data-based parameter calibration enhances cross-tool generalization, enabling
accurate wear prediction with limited target-tool data.

Abstract

Tool wear directly affects the accuracy and reliability of machined workpieces; accurately
predicting wear trends is crucial for developing reasonable tool-change strategies and
avoiding sudden tool failure. Traditional parametric Inverse Gaussian (IG) processes can
effectively characterize the non-negativity and stochastic fluctuations of incremental tool
wear; however, the mean functions in such models often adopt an analytically defined
power-law form that is arbitrarily preset, making it difficult to adapt to the nonlinear evo-
lution patterns of tools at different stages. Consequently, their generalization capabilities
are limited in cross-tool prediction scenarios. To address this, this paper proposes an IG-
LSTM tool wear prediction method designed for cross-tool forecasting. First, Variational
Mode Decomposition (VMD) is employed to extract the degradation trend of wear, and a
Long Short-Term Memory (LSTM) neural network is trained based on this. Next, the trend
predicted by the LSTM is used as the cumulative degradation function of the IG process
to construct a degradation model for wear increment; simultaneously, the model param-
eters of the IG process are estimated via maximum likelihood estimation based on the
training data. Finally, two sets of experiments—single-tool prediction and cross-tool pre-
diction—were designed using the PHM2010 dataset. The experimental results show that,
in both scenarios, the proposed method significantly outperforms traditional parametric
inverse Gaussian models and purely data-driven LSTM models, achieving an organic in-
tegration of data-driven adaptive trend extraction and physics-driven stochastic degrada-
tion modeling.
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1. Introduction

As the direct agents of mechanical cutting operations, the wear condition of cutting
tools directly affects the machining accuracy, surface quality, and production efficiency of
parts; in severe cases, it can result in workpieces exceeding tolerance limits and being
scrapped, or even cause machine tool downtime [1,2]. Relevant studies indicate that 20%
of machine tool downtime is caused by tool failure, and tool monitoring systems can re-
duce unplanned downtime in CNC machine tools by 75% while increasing productivity
by 10% to 60% [3]. Therefore, accurate prediction of tool wear trends is a prerequisite and
foundation for further predicting the remaining service life of tools, and it is of great sig-
nificance for formulating reasonable tool change strategies, avoiding sudden failures, and
reducing production costs.

In recent years, numerous scholars have conducted extensive research on tool wear
prediction. Based on their underlying principles, existing studies can be broadly catego-
rized into two approaches: physics-based and data-driven methods [4]. The physical
model approach establishes the relationship between characteristic parameters and the
state of degradation in a fixed mathematical form based on the mechanisms of tool deg-
radation. Li [5] et al. systematically reviewed theoretical analysis and numerical simula-
tion methods for tool wear, pointing out that by coupling cutting process variables with
wear rate models, it is possible to dynamically predict changes in tool geometry and tool
life. Yen [6] et al. replaced empirical fitting with mechanism-based wear equations and
incorporated thermo-mechanical coupling effects using the finite element method,
thereby providing a basis for the physical modeling of tool wear. Physics-driven tool wear
models construct analytical expressions based on cutting parameters and wear mecha-
nisms. While these models possess clear physical interpretability, they rely heavily on ide-
alized experimental assumptions. Their predefined structure makes it difficult to adapt to
dynamic disturbances—such as sudden changes in cutting forces and abnormal wear—
encountered in actual machining environments, thereby limiting their predictive accuracy
under complex real-world conditions.

These limitations have prompted researchers to turn their attention to data-driven
methods, which do not rely on precise physical descriptions but instead achieve adaptive
tracking of wear conditions through the analysis of monitoring data. Among data-driven
methods, deep learning [7,8] has garnered widespread attention due to its powerful non-
linear feature extraction capabilities. Anhua [9] et al. integrated sparse autoencoders with
neural networks, using the Pearson correlation coefficient to select sensitive features and
introducing noise and dropout strategies to address overfitting. Tool wear prediction has
shown a clear trend toward evolving from single-network models to multi-module fusion
approaches. Examples include the combination of attention mechanisms and stacked
LSTMs [10], the ConvLSTM Att model [11], parallel CNNs with channel attention [12],
and the combination of CNNs with bidirectional LSTMs/GRUs [13]. As research shifts
from single, fixed operating conditions to variable real-world conditions, the focus has
gradually shifted to generalization capabilities under variable conditions and with limited
labels. Zhang [14] and others have fused multisensor data with process information as
input to a multichannel residual network and fine-tuned the fully connected layers to
achieve cross-condition prediction. Deep learning methods possess powerful nonlinear
fitting capabilities, but such methods are black-box models that lack physical a priori con-
straints on the degradation process and suffer from insufficient interpretability; Most

https://doi.org/10.3390/s26227158


https://doi.org/10.3390/s26227158

Sensors 2026, 26, 7158

3 of 36

methods only output single-point predictions, making it difficult to capture the intrinsic
stochastic uncertainty in wear evolution; model performance is highly dependent on a
large number of labeled samples, and overfitting is prone to occur in cross-tool transfer
scenarios.

Degradation modeling methods based on stochastic processes do not rely on feature
extraction from sensor signals; instead, they treat tool wear as a stochastic variable that
evolves over time. By constructing stochastic process models—such as the Wiener process
[15,16], the gamma process [17,18], and the inverse Gaussian process [19,20] —one can di-
rectly describe the distribution and time-varying behavior of wear increments, thereby
enabling a probabilistic characterization and prediction of the wear degradation trajec-
tory. Regarding the Wiener process, Wang [21] et al. established a multistage Wiener pro-
cess model, dividing the degradation process into three stages based on typical wear
curves. They estimated the parameters for each stage using the EM algorithm and com-
bined this with Monte Carlo simulations to perform wear prediction and reliability anal-
ysis. Regarding Gamma processes, Li [22] et al. modeled tool wear degradation using a
Gamma process, deriving analytical expressions for the time-varying reliability of the tool
and its sensitivity under six operating conditions. Through numerical examples, they re-
vealed the patterns of how various parameters affect reliability, providing a quantitative
basis for improving tool reliability through compensation strategies and parameter ad-
justments. However, the Wiener process assumes that increments follow a normal distri-
bution, which allows for negative growth in degradation—a contradiction to the strictly
monotonically increasing physical nature of tool wear. Although the Gamma process sat-
isfies the monotonicity requirement, its shape and scale parameters take the same fixed
values for all individuals, making it difficult to reflect the inherent differences in degrada-
tion rates among different tool individuals. In contrast, the inverse Gaussian process com-
bines strict monotonicity with the ability to flexibly model stochastic effects, and offers
significant advantages in modeling individual heterogeneity.

Previous studies have attempted to combine physical degradation models with data-
driven methods to improve the accuracy and physical plausibility of tool wear prediction.
For example, Zhu [23] et al. incorporated a physical wear model into the mean function
of Gaussian process regression, while Qiang [24] et al. combined a physical information
loop Gaussian process with instance transfer learning to leverage existing sample infor-
mation and improve the predictive performance for the target task. These studies provide
valuable insights for integrating wear mechanisms with data-driven modeling; however,
differences exist among the various methods in terms of how wear trends are represented,
how randomness is described, and the strategies for adapting to target cutting tools. Based
on this, this paper does not simply combine LSTM with the IG process; rather, it focuses
on how to use LSTM to learn nonlinear degradation trends and embed them into the sto-
chastic incremental modeling of the IG process, while incorporating early observational
information of the target cutting tool for parameter calibration.

Specifically, this paper first uses VMD to extract the primary degradation trend from
the wear time series, and then employs LSTM to learn and predict the cumulative degra-
dation function t A(f) of the IG process, thereby reducing the reliance of traditional IG
models on preset analytical trend functions. Building on this, the predicted A() isused
as the cumulative degradation function of the IG process to model the stochastic varia-
tions in wear increments. Thus, the LSTM is used to describe the nonlinear evolution of
the degradation trend, while the IG process is used to characterize the stochastic nature
of the wear increments. In cross-tool prediction, considering that degradation rates may
vary among different tools, this paper further utilizes a small number of early effective
wear increments from the target tool to calibrate the tool-specific parameter p, while re-
taining the global parameter information estimated from the training tool data. Through
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the above design, this paper combines adaptive trend prediction, stochastic increment
modeling, and target tool parameter calibration to form the IG-LSTM method for cross-
tool wear prediction.

The main contributions of this study are as follows:

(1) To address the limitation of traditional inverse Gaussian processes—which rely
on predefined analytical forms for the mean function and struggle to capture the multi-
stage, nonlinear wear evolution of cutting tools—an LSTM network is introduced to learn
the nonlinear degradation trajectory of tool wear, replacing the fixed mean function of the
inverse Gaussian process. While retaining the inverse Gaussian process’s ability to char-
acterize the stochastic uncertainty of wear degradation, this approach leverages deep
learning’s capacity to fit complex time-series data to predict tool wear.

(2) To address the issue of reduced prediction accuracy across tools caused by indi-
vidual tool degradation heterogeneity, we update and calibrate the model parameters us-
ing a small amount of early monitoring data from the tool under test—without requiring
a complete full-lifetime dataset—thereby improving the model’s generalization perfor-
mance in cross-tool scenarios.

(3) To address the issue that measured tool wear sequences are subject to random
cutting fluctuations and that direct modeling is prone to noise interference, variational
modal decomposition is used to decompose the wear sequence into multiple eigenmode
components. Combined with the zero-crossing criterion, this method automatically filters
out low-frequency degenerate main trend components, eliminating high-frequency meas-
urement noise, thereby providing the IG-LSTM hybrid model with a smooth and reliable
degraded input sequence and improving the stability and accuracy of subsequent wear
predictions.

The remainder of this paper is organized as follows: Section 2 elaborates on the the-
oretical foundation and overall framework of the proposed IG-LSTM model. It begins by
introducing parameterized inverse Gaussian processes and their limitations, followed by
a description of the IG-LSTM model’s overall architecture. It then sequentially introduces
core modules such as data preprocessing and degradation trend extraction, LSTM trend
forecasting, IG parameter estimation, and wear increment modeling; Section 3 presents
the experimental validation. It begins by introducing the PHM2010 dataset and the data
partitioning scheme, then progressively validates the model’s effectiveness across four
levels—VMD trend extraction, LSTM trend prediction, IG parameter estimation, and cu-
mulative wear prediction—and conducts a comparative analysis with both the LSTM and
traditional IG methods; Section 4 summarizes the entire paper, outlines its main contribu-
tions, and looks ahead to future research directions.

2. Theory and Methods

2.1. Parametrized Inverse Gaussian Processes

The tool wear process is physically characterized by the irreversible accumulation of
damage. Due to factors such as microstructural inhomogeneity of the material, random
fluctuations in cutting forces, and variations in operating conditions, the wear increment
generated during each cutting operation is not a deterministic value but exhibits random
fluctuations. However, from a long-term perspective, the total wear remains monoton-
ically increasing. This implies that the wear increments are strictly non-negative and mu-
tually independent, consistent with the model assumptions of an inverse Gaussian pro-

cess [25]. If we consider tool wear as a stochastic process, where {Y (t), tz O} , and

Y (l‘) represent the cumulative wear at time t, then this process satisfies the following

conditions:
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e Initial conditions: Y (0) =0;
e Independence of increments: For any 0= <f <---<f , the increments
Y (tl. ) -Y (ti_1 ) are independent of one another;

¢ Distribution of increments: For any t<t+At, the increments Y (t + At) -Y (t ) fol-

low the inverse Gaussian distribution, i.e.,, AY(¢) ~ IG ( UAA(L), AAN(2)* ) .

In this case, { Y (t)} is called an inverse Gaussian process, and the probability den-

sity function of the inverse Gaussian distribution is as follows:

A AR ))

Py = RO gl A AO) 0
2wy 2uy
Accordingly, the mean and variance functions of the inverse Gaussian process are,
respectively:
E[Y ()] = uA(2) ey
3

Var[Y (£)] = ’“‘TA@) 3)

In Equations (1)—(3), # is the drift coefficient; A is the scale coefficient; and A(?)
is the cumulative degradation function.

As can be seen from Equations (2) and (3), A(#) determines the expected trajectory
and variance evolution of the degradation process and is a core element in modeling IG
processes. Once the functional form of A(Z) is determined, the variation pattern of the
entire degradation process is also determined [26]. Therefore, the appropriate setting of
A(t) directly determines the model’s ability to characterize the actual degradation pro-
cess. In traditional parametric IG processes, A(f) is typically assumed to follow a

power-law form:
A@t)=at’ @)

In Equation (4), @ is the scale parameter; S is the shape parameter.

This power-law assumption is mathematically convenient to work with; it describes
accelerating decay when f#>1 and decelerating decay when f <1 and can approxi-
mately characterize certain monotonically decaying processes, which is why it is widely
used in engineering practice.

However, the power-law assumption imposes strong prior constraints on the wear
trajectory, leading to the following limitations in practical applications. First, tool wear
typically exhibits a multistage evolution: the wear rate is high initially but gradually slows
down; after entering the steady-state wear phase, the rate remains approximately con-
stant; and as failure approaches, the wear rate rises rapidly. A single power-law function
struggles to simultaneously fit this segmented trend, leading to systematic biases in the
model. Second, due to individual differences among tools—such as coating conditions
and initial edge quality —degradation trajectories may exhibit significant shape variations.
A fixed form of A(?) lacks adaptive adjustment capabilities, making it difficult to ensure

accuracy in cross-tool prediction scenarios.
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2.2. Long-Short-Term Memory Neural Networks

Recurrent Neural Networks (RNN) are widely used in time series forecasting tasks
because their ability to retain historical information allows them to effectively capture
temporal dependencies. Through recurrent connections, RNN maintain a state vector
within their hidden layers and are theoretically capable of capturing long-term depend-
encies of arbitrary length. However, in practical training, standard RNN face severe issues
of gradient vanishing or gradient explosion. As the sequence length increases, the product
of gradients during backpropagation may decay or grow exponentially. Consequently,
RNN do not strongly capture correlations between time points that are far apart and strug-
gle to provide accurate predictions when faced with long-term declining trends.

LSTM is a variant of RNN that effectively alleviates the aforementioned issues by
introducing a gating mechanism and a cell state. The core idea behind LSTM is to design
a specialized memory unit that allows information to be selectively passed between time
steps, while controlling the forgetting, writing, and reading of information through three
gate units. This structure enables LSTM to maintain stable gradient propagation over long
time spans, thereby capturing complex temporal evolution patterns. Figure 1 illustrates
the internal structure of an LSTM cell. At time step ¢, the cell’s inputs consist of the cur-
rent input X,, the hidden state /,_, from the previous time step, and the cell state ¢_
from the previous time step. Data flows sequentially through the three gate units accord-
ing to the following steps:

Forget Gate: Read /,_, and X,, and output a value between 0 and 1. Multiply this

value element-by-element with the cell state C,_; from the previous time step. The closer

the output value is to 0, the more the information at that position should be discarded; the
closer it is to 1, the more it should be retained. The calculation is as follows:

Si=oW,[h_,x]1+b,) 5)

In Equation (5), 0 represents the sigmoid activation function; W, and bf are the

weight matrices and bias terms of the forgetting gate, respectively.

The sigmoid function was chosen because its bounded output provides continuous
adjustment coefficients for the LSTM gating mechanism. In the forget gate and input gate,
this function controls the degree to which historical information is retained and the degree
to which new information is written, respectively, enabling the LSTM to adaptively adjust
information updates and thereby learn the time-dependent relationships in the tool wear
and degradation process.

The update is performed through the collaboration of the input gate and the candi-

date cell state. First, the sigmoid layer outputs i,, which determines which positions need

to be updated. Next, the tanh layer generates the candidate cell state C,, which represents

the new information at the current time step. These two values are multiplied element-
wise and added to the old state—which has been processed by the forget gate—to update
the cell state. The calculation process is as follows:

it = O-(VV, '[ht_laxt]+bi) (6)
¢, =tanh(W_-[h,_,,x,]+b,.) 7)
¢, = fieo Tig, ®)

At this point, the cell’s state is updated from ¢, , to c,, preserving key elements of
long-term memory while incorporating relevant information from the present moment.
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Cit

The output gate 0, reads /,_, and X, and outputs a value between 0 and 1, which
determines how much information from the updated cell state ¢, needs to be passed to

the hidden state /1, at the current time step. It is calculated as follows:

o,=o(W,[h_,x]+b,) ©)

h, = o, tanh(c,) (10)

After these three steps, the LSTM cell completes the computation for one time step;

¢, carries the long-term memory forward to the next time step, while /, serves as the

output at the current time step and is passed to subsequent network layers. Through the
aforementioned gating mechanism, the LSTM can selectively retain or forget long-term
information, and gradients can be directly propagated along the temporal dimension via
the cell state, effectively avoiding the vanishing gradient problem associated with stand-
ard RNNs. Consequently, LSTMs demonstrate superior performance in long-time-series
regression tasks such as equipment degradation trend prediction and remaining life esti-

mation.
hs
A
____________________ —~ N
\
& () s,
I
£ i Ot |
3 X I
Q’D @J tanh i :
_,_>ht
/
pd

X

Figure 1. Schematic diagram of the internal structure of an LSTM cell. Structure of the LSTM unit.
The circled “x” and “+” symbols represent element-wise multiplication and element-wise addition,

respectively.

3. The IG-LSTM Prediction Method
3.1. IG-LSTM Model Framework

As discussed in Section 2.1, the limitations of traditional parametric IG processes pri-
marily stem from the use of a preset form for the cumulative degradation function A(f)
. If the form of A(Z) can be adaptively learned from the data, these limitations can be

overcome. This paper proposes a neural network-based inverse Gaussian process (IG-
LSTM) modeling method. By leveraging the long short-term memory (LSTM) network’s
ability to fit time-series data, this method learns the cumulative degradation function
A(t) from historical wear data without prescribing any specific functional form. This

approach preserves the IG process’s ability to capture the non-negativity and stochastic
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fluctuations of wear increments while endowing the model with the capacity to adap-
tively fit complex degradation trends.

The overall framework of the proposed IG-LSTM model is shown in Figure 2; this
framework can accommodate both single-tool self-prediction validation and cross-tool
transfer validation scenarios. The entire process consists of three core stages: data prepro-
cessing and trend extraction, LSTM trend prediction, and IG-LSTM incremental modeling.
First, the maximum value fusion method is applied to the multi-blade wear observations
to form a composite wear sequence, and VMD is used to extract the low-frequency deg-
radation trend. Subsequently, the LSTM network is pretrained using this trend as the
training target, enabling it to learn the temporal patterns of degradation evolution. After
pretraining is complete, the predicted trend output by the LSTM is used as the cumulative
degradation function A(f) in the IG process to construct the incremental model

AY(t)~ 1 G( UAN(L), AAN(t)’ ) , and model parameters are determined via maximum

likelihood estimation.
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Figure 2. Architecture Diagram of the IG-LSTM-Based Tool Wear Prediction Method.

The only difference in implementation between the two scenarios lies in the compo-
sition of the training data and the parameter estimation strategy. In the single-tool self-
prediction and validation scenario, historical data from the same tool is used as the train-
ing set; both LSTM pre-training and the estimation of parameters ¢ and A are per-
formed based on this dataset. Subsequently, the model directly predicts the tool’s future
wear trend to evaluate its fitting and prediction capabilities for a single degradation tra-
jectory. In cross-tool prediction, the LSTM model is first trained using data from the source
tool, and the global parameters i and A of the inverse Gaussian (IG) process are esti-
mated based on this. For the target tool, its first 20 effective wear increments are used to
calibrate the tool-specific drift parameter i, while the parameter A is retained as the
globally estimated value. Independent prediction begins after the calibration phase is
complete. During the prediction process, the model makes predictions based on the
trained LSTM and the calibrated parameter (, without using subsequent actual wear
observations from the target tool to update the model or parameters. Subsequent obser-
vations are used solely to evaluate prediction performance. Therefore, RMSE, MAE, and
R? are calculated only within the evaluation interval following the calibration phase; the
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first 20 effective wear increments used for calibration are not included in the final perfor-
mance evaluation.

The overall framework seamlessly integrates data-driven trend extraction with sto-
chastic degradation modeling through A(?), forming a complementary predictive archi-

tecture. The following sections will elaborate on the mathematical formulations and im-
plementation details of each module.

3.2. Data Preprocessing and Extraction of Degradation Trends

Tool wear data is typically recorded as independent measurements for each cutting
edge. During actual cutting operations, wear on the individual cutting edges does not oc-
cur entirely in sync; a particular edge may wear faster due to uneven force distribution or
localized defects. If the average value or the data from a single cutting edge is directly
used as an indicator of wear, this either smooths out information on extreme wear or ob-
scures the overall wear trend of the remaining cutting edges. Therefore, this paper em-
ploys a maximum-value fusion strategy, selecting the maximum wear measurement from
each edge during each cutting operation as the composite wear value at that moment:

y(t) = max{y,(t), y,(1),...,, )} (11)

In Equation (11), ¢ represents the number of cutting operations. The rationale be-
hind this approach is that the overall health of the cutting tool is limited by its most severe
localized damage. At the same time, maximum value fusion preserves the most significant
change signals during the degradation process, thereby preventing the features of late-
stage rapid degradation from being obscured by mean smoothing. This approach is con-
sistent with the rules for determining the number of safe cutting passes in the PHM2010
data competition, which defines the number of safe cutting passes based on the maximum
wear value of any single cutting edge rather than the average wear value across all cutting
edges. Chen [27] conducted a study on tool wear prediction based on the PHM?2010 da-
taset and compared regression modeling based on the maximum wear value with regres-
sion modeling based on the independent wear values of each cutting edge. His experi-
mental results indicate that, under the experimental conditions he employed, modeling
the wear of each cutting edge separately did not demonstrate any advantage over model-
ing based on the maximum wear value. These studies provide a basis for using the maxi-
mum wear value to characterize the condition of the most severely worn cutting edge.

The fused wear sequence remains a non-smooth curve recorded point by point. The
essence of tool wear is the irreversible accumulation of damage; its long-term trend should
be smooth and monotonically increasing, but the measured data often exhibit random
fluctuations between successive cuts. These fluctuations are not measurement noise but
rather a true reflection of the inherent randomness of the cutting process itself. However,
to establish a degradation trend model, it is necessary to extract the main trend that de-
termines tool life from these fluctuations, rather than fitting each local fluctuation point
by point. To this end, this paper employs VMD to decompose the fused sequence in order
to extract the degradation trend and filter out random fluctuations.

Compared to recursive methods such as Empirical Mode Decomposition (EMD) [28],
VMD incorporates the decomposition process into a unified optimization framework, ef-
fectively suppressing modal aliasing and endpoint effects, and yielding decomposition
results that are more robust to noise and sampling frequency. In tool wear signal pro-
cessing, VMD can decompose the fused wear time series into multiple modes based on
frequency scales, where the low-frequency components reflect the long-term degradation
trend of wear, and the high-frequency components correspond to random fluctuations
between successive cuts.

https://doi.org/10.3390/s26227158
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Variational Mode Decomposition (VMD) is a fully non-recursive adaptive signal de-

composition method that decomposes the original signal f (l‘) into a sum of band-lim-

ited intrinsic mode functions (IMFs) centered at their respective center frequencies by
solving a variational problem, thereby effectively separating different frequency compo-
nents [29,30]. Its core idea is to transform the decomposition problem into a constrained
variational optimization problem. Under the constraint that the sum of all modes equals
the original signal, the sum of the estimated bandwidths of each mode is minimized. For

a given signal f (t) , VMD constructs the following variational model:

. K . 2 K
i > lle. Ké (1) + i) %11, (t)} e b, st u ()= f(0) (12)
oy | k=1 t . P

In Equation (12), k is the preset number of modal decompositions,

{u,}={u,,...,u;} is the IMF component obtained from the decomposition,
{w,} ={w,,...,0,} is the center frequency corresponding to each component, d(¢) is

the Dirac delta function, and * denotes the convolution operation.

To solve the above constrained optimization problem, VMD introduces a quadratic
penalty term and Lagrange multipliers to transform the constrained variational problem
into an unconstrained extended Lagrangian form, and then uses the Alternating Direction
Method of Multipliers (ADMM) to iteratively update each mode and center frequency. In
each iteration, u#,, w, and A are updated sequentially until the convergence criteria

are satisfied.

In actual measurements, tool wear sequences are subject to interference from cutting
vibrations and measurement errors, and are interspersed with a large number of high-
frequency random fluctuations; direct modeling would result in severe fluctuations in the
predicted output. VMD alone cannot automatically distinguish between the degradation
trend components and the noise components; therefore, this paper introduces the zero-
crossing rate criterion to achieve adaptive filtering of IMF components. For a modal com-

ponent u, (n) of length N, the zero-crossing rate ZCR, is calculated as follows:

1 N-1
ZCR, = m; Sgn[”k (n+ 1)] - Sgn[“k (”)]‘ (13)

In this equation, sgn () is the sign function:

1, x>0
sgn[x]=40, x=0
-1, x<0

A zero sample point inherits the sign of the preceding non-zero sample point; the
first zero at the beginning of the sequence takes the sign of the first subsequent non-zero
sample point. If all sample values after averaging are zero, the cross-rate is set to zero. The
1/2 in the formula corrects for the difference of 2 caused by a change in sign, while N -1
normalizes the number of adjacent sample point pairs. Averaging is used only for calcu-
lating the cross-zero rate and does not alter the original modal characteristics. The trend
of wear and degradation changes gradually, with the signal crossing zero infrequently,
corresponding to a low zero-crossing rate ZCR, value; high-frequency noise disturb-

ances exhibit violent oscillations, resulting in significantly higher zero-crossing rate val-
ues. Calculate the zero-crossing rates for all K IMF components, Adaptive thresholds are
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used for modal filtering. For a wear sequence containing N data points, the threshold is
defined as:

T=—

N

The corresponding set of retained modalities is defined as:
S=1{kl ZCR, <7, 1<k<K}

If no mode meets the above screening criteria, the mode with the lowest zero-crossing
rate is selected as a backup to ensure that at least one IMF is retained. Finally, the main
trend of wear degradation is reconstructed by summing the screened original IMF com-
ponents with the residual terms obtained from the VMD decomposition:

F@O=r@)+ u, () (14)

keS

In Equation (14), u, (t ) represents the kth original IMF component, and 7(Z) rep-
resents the residual term returned by the VMD decomposition.
After filtering, a smoothed main trend f (l‘ ) of wear degradation is obtained,

which removes high-frequency random noise from the original signal. This trend is then
used as the input for the subsequent IG-LSTM hybrid model, thereby reducing the impact
of random disturbances on the model and improving the stability and accuracy of tool
wear prediction.

3.3. LSTM Trend Forecasting

After extracting the low-frequency decay trend, this section uses a Long Short-Term
Memory (LSTM) network to predict its future evolution. Due to its advantages in model-
ing temporal dependencies, the LSTM can effectively capture the nonlinear evolution pat-
terns in trend sequences. Given the non-stationary nature of the original trend sequence,
using absolute values directly as the prediction target can easily lead to error accumula-
tion in recursive forecasting. Therefore, this paper adopts a differential space modeling
strategy: first, the trend sequence is first-order differenced to transform the prediction tar-
get into the incremental change between adjacent time steps, thereby reducing the se-
quence’s non-stationarity. The differenced sequence is then fed into the LSTM network
for training and forecasting. Finally, the predicted increments are summed term by term
to reconstruct the trend forecast at the original scale. This strategy suppresses sequence
drift through the difference transformation while preserving the LSTM's ability to fit com-
plex nonlinear relationships, thereby balancing forecast stability and accuracy. Let
A(1),A(2),...,A(N) denote the extracted degraded trend; its first-order difference is

given by:
AN =A@ -A(t-1), t=2,3,...N (15)

The values of the differenced sequence AA(f) are typically one order of magnitude
smaller than those of A(Z) and fluctuate around a certain mean, making them statisti-
cally more stationary. The rate at which LSTM accumulates extrapolation error on station-
ary sequences is much lower than on non-stationary sequences; this is the fundamental
rationale for performing predictions in the differenced space. To convert the differenced
sequence into a supervised learning format, set the window length to W; the input for
the #-th sample is the differenced values from the past W steps, and the output is the
differenced values for the next /4 steps:
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x, =[AA(E = w+1), AN —w+2),...,AA(1)] (16)

¥, = [AAE+1),AN(+2),... . AA(t + h)] (17)

The LSTM network consists of three stacked layers of LSTM cells. The three-layer
structure is designed such that the first layer captures local temporal dependencies, the
second layer combines these local patterns into trend segments over a broader time span,
and the third layer compresses the degradation information across the entire life cycle into
a global feature representation. Based on a sliding window, the network predicts the next
h differential values during each forward pass. The two experimental scenarios employ
different prediction strategies: in the single-tool prediction scenario, # = 1; the model
predicts one increment at a time and feeds the prediction back into the input window to
continue predicting the next time step; in the cross-tool prediction scenario, 4 = 8; the
model directly outputs the next 8 increments during each forward pass. When the predic-
tion interval exceeds 8 steps, the output of the current prediction block is used to construct
the input for the next prediction block, and this process is repeated until the entire predic-
tion interval is covered. Finally, using the last available trend value at the start of the pre-
diction as a reference, the predicted differential values are accumulated to reconstruct the
cumulative degradation function A(?), which is then used for subsequent IG process

modeling.

3.4. Modeling Wear Increment and Parameter Estimation Based on the 1G Process

The A(?) value obtained from the LSTM prediction describes the direction of the
degradation trend, but it is not, in itself, a prediction of the actual wear measurements;
actual wear exhibits random fluctuations around the trend. This paper introduces an in-
verse Gaussian process to describe these fluctuations, treats A(Z) as its cumulative deg-
radation function, and establishes a probabilistic relationship between the trend and the
wear increment.

For the inverse Gaussian degradation process, let the wear increments Ay; at each
time step be independent and follow an inverse Gaussian distribution

IG(uAA,, A(AA,)*), whose probability density function is:

)2 A(Ay, — u AN Y
A(AA) _A(Ay,—u AA,) )

X
27(Ay,)’ 247 Ay,

SAy;pu, )=

Before constructing the likelihood function, the wear sequence is converted into a
non-decreasing sequence using the cumulative maximum operation, and wear increments
that result in zero after processing are excluded. The degradation trend sequence is also
made monotonic, with a minor adjustment of 10 added when adjacent values are equal.
Only paired samples where both the wear increment and the degradation trend increment
are positive are retained for IG parameter estimation. Original negative wear increments
are counted separately prior to preprocessing, and the joint likelihood function is ulti-
mately constructed using the valid paired samples.

Assuming that the samples of wear increments at each time step are independent of
one another, we construct the overall joint likelihood function for all M sets of observed
samples:
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M M 1 M
InL(u,A) = 71111 + > In(AA,) —EZIn(Zﬂ(Ayif)
i=1 i=l1
(19)
4 i(Ayi —u AAI.)2
243 HAY,

Compute the first-order partial derivatives of the log-likelihood function with respect

to the parameters £ and A, respectively; set these partial derivatives equal to zero; con-

dlnL
= 0; and solve

. o al
struct the system of equations for finding the extrema: aLuL =0 and

to obtain estimates for the two parameters.

In cross-tool scenarios, the above estimation yields global parameters £ and 4,
which represent the common patterns across multiple training tools [31]. However, the
wear rates of test tools may exhibit systematic deviations from those of training tools;
these deviations stem from individual differences such as tool material, coating condition,
and initial cutting edge quality. If left uncorrected, the predicted curve may be generally
too high or too low. To address this, this paper performs a tool-specific calibration of
using early observation data from the tool under test. After calculating the local wear rate
and robustly removing outliers, the median of the remaining samples is taken as the
value for that tool.

In a single-tool self-predictive scenario, the training and test data come from the same
tool, and there is no cross-tool bias in the degradation rate; therefore, no additional cali-
bration of ¢/ is required.

Once the above steps are completed, the parameters ¢ and A of the IG process
are fully determined. Next, based on these parameters and the A(?) value predicted by

the LSTM, a probabilistic model for tool wear increment can be constructed.

4. Experimental Validation
4.1. Experimental Dataset and Data Split

To validate the performance of the proposed IG-LSTM model, this paper uses the
PHM?2010 high-speed milling tool wear dataset [32]. A schematic diagram of the experi-
mental setup is shown in Figure 3. The experiments were conducted on a Roders-Tech
RFM760 high-speed CNC machine tool (Roders, Soltau, Germany), using an Inconel 718
alloy workpiece and a three-tooth ball-nose carbide milling cutter under dry milling con-
ditions. The main experimental configuration is shown in Table 1. A Kistler force trans-
ducer and accelerometer (Kistler Instrumente AG, Winterthur, Switzerland) were used to
acquire a total of 7 channels of data—including cutting forces in the X, Y, and Z directions,
vibrations in all three directions, and acoustic emission signals—at a sampling frequency
of 50 kHz. After each pass, the width of the rake face wear on the three cutting edges was
measured using a LEICA M12Z microscope (Leica Microsystems, Wetzlar, Germany). To
characterize the overall wear condition of the tool, this paper employs a maximum-value
fusion strategy, in which the maximum rake face wear width measured across the three
cutting edges is taken as the tool wear value corresponding to that pass and is used as the
target variable for subsequent degradation trend extraction and tool wear prediction. Ul-
timately, wear data from three cutting tools—C1, C4, and C6—were selected as the da-
taset, each containing sensor data from 315 pass cycles and the corresponding target tool
wear values.
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Figure 3. Schematic Diagram of the Experimental Platform.
Table 1. Experimental Platform and Cutting Parameters.
Hardware Model and Key Specifications Cutting Conditions Parameters
High- Machine Tool R Tech
CNC Milling Machine igh-Speed CNC Machine Tool Roders Tec Spindle Speed (r/min) 10,400
RFM760
Force Gauge Kistler 9265B Triaxial Force Gauge Feed Rate (mm/min) 1555
Charge Amplifier Kistler 9019A Multichannel Axial Cutting Depth (mm) 0.2
Materials for Milling Inconel 718, Rectangle Mirrored Cutting Width (mm) 0.125
Data Acquisition Card NI DAQ Data Acquisition Card Sampling Frequency (kHz) 50
Wear Gauge LEICA MZ12 Microscope Cooling Conditions Dry-cutting

To comprehensively evaluate the model’s performance across different application
scenarios, this paper designed two sets of experiments corresponding to two data parti-
tioning strategies. The first set consists of single-tool self-prediction experiments. Taking
tool C4 as the subject, its 315 data sets were divided chronologically into a training set and
a test set: the first 80% was used for model training, and the remaining 20% was used for
performance testing. This experiment was conducted to validate the model’s basic predic-
tive capability when both the training and test data originate from the same tool. The sec-
ond set consists of cross-tool transfer prediction experiments. The training set comprises
all data from tools C1 and C4, while the test set consists of all data from tool C6. Since the
training and test sets originate from different tools, this experiment is used to verify the
model’s generalization ability across different individual tools. Table 2 summarizes the
data partitioning schemes for the two sets of experiments.

Table 2. Experimental Data Categorization Scheme.

Experimental Scenarios Training Tools Testing Cutting Tools
Single-Tool Prediction C4 (top 80%) C4 (bottom 20%)
Cross-Tool Prediction Cl+C4 C6

To ensure that the model’s generalization ability across tools is evaluated inde-
pendently, this paper divides the process into distinct phases: model training, hyperpa-
rameter selection, target tool calibration, and final testing. Tools C1 and C4 were selected
as source tools, and tool C6 as the target tool for final evaluation. Hyperparameters—
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including VMD parameters, modal selection rules, LSTM network architecture, input
window length, prediction step size, learning rate, and number of training iterations—
were selected based solely on the source tool data. Before training the final model using
the specified training data from C1 and C4, source-domain validation was completed, and
the selected model configuration was fixed prior to the start of the target tool evaluation.

In cross-tool experiments, only the first 20 valid wear increments of C6 are used to
calibrate the tool-specific drift parameter 1, while the global parameter A remains un-
changed. This calibration phase is considered a predefined step for tool-specific adapta-
tion, rather than a hyperparameter selection phase. After calibration is complete, subse-
quent observations from C6 are used solely for the final prediction performance evalua-
tion and are no longer used to select model configurations, adjust preprocessing rules, or
update model parameters. Therefore, RMSE, MAE, and R? are calculated only within the
evaluation interval following the calibration phase. Throughout the evaluation process,
source-domain model selection, target tool parameter calibration, and final performance
testing are always clearly distinguished.

4.2. Validation of the Effectiveness of VMD Trend Extraction

The quality of the trend extracted by VMD directly affects the performance of subse-
quent LSTM predictions and IG modeling. If the extracted trend contains excessive high-
frequency noise, the LSTM will waste capacity on irrelevant components; if the trend is
overly smoothed and loses the true degradation inflection points, the variance estimate of
the IG process will be underestimated. This section verifies the effectiveness of VMD trend
extraction based on decomposition results and screening performance.

The number of modes in the VMD decomposition was set to K =5, and the band-
width penalty coefficient to o = 2000 . By comparing the decomposition results obtained
under different parameter settings and comprehensively evaluating both the effectiveness
of modal separation and the ability to extract long-term wear degradation trends, the
above parameters were ultimately determined. Figure 4 shows the VMD decomposition
results for the three cutting tools (C1, C4, and C6) and the zero-crossing rates of each IMF
component. It can be seen that the combined wear sequences for each cutting tool were
decomposed into five IMF components and a residual term. Judging from the trends in
the zero-crossing rates of the IMFs in Figure 4, the zero-crossing rates gradually decrease
as the order increases. IMF1 through IMF3 exhibit higher zero-crossing rates and more
intense waveform oscillations, corresponding to high-frequency random fluctuations and
measurement noise during the cutting process. In contrast, the zero-crossing rates of IMF4
and IMF5 decrease significantly; their waveforms are smooth and change gradually, and
together with the residual term, they reflect the long-term degradation trend of wear. By
filtering based on the zero-crossing rate threshold, the high-frequency components are
removed, and the low-frequency components are retained and superimposed with the
residual term, thereby reconstructing the smooth degradation trend for each cutting tool.
The three tools—C1, C4, and C6—exhibited consistent filtering patterns, indicating that
this strategy is not dependent on specific tools and has good applicability. The above re-
sults demonstrate that VMD trend extraction can effectively separate high-frequency
noise from low-frequency degradation trends, providing a reliable training target for sub-
sequent LSTM predictions.
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Figure 4. VMD decomposition results for the wear sequences of tools C1, C4, and C6.

Figure 5 shows a comparison between the combined wear curves of the three cutting
tools (C1, C4, and C6) and the extracted degradation trends. The trends for all three cutting
tools fully preserve the low-frequency evolution patterns of the original sequences while
effectively eliminating sequential fluctuations. In terms of correlation coefficients, the
VMD trend for C1 has a correlation coefficient of 0.94 with the fused wear sequence, 0.93
for C4, and 0.89 for C6. The correlation coefficients for all three cutting tools exceed 0.85
[33], indicating that the extracted trends maintain a high degree of consistency with the
original data in the low-frequency range.
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C4: Three-flute wear and fusion
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Figure 5. Comparison of the Fused Wear Curve with the VMD Degradation Trend: (a) comparison

results for tool C1; (b) comparison results for tool C4; (c) comparison results for tool Cé.

Overall, VMD trend extraction achieved the expected results in two respects: first, it
effectively filtered out local fluctuations between successive cuts in the wear sequence,

preserving the main trend pattern; second, the correlation coefficients for all three tools

were above 0.85, indicating that the extracted trends maintained sufficient consistency

with the original data. These results demonstrate that the extracted degraded trends can

serve as reliable training targets for subsequent LSTM predictions.

4.3. Validation of the Effectiveness of LSTM Trend Forecasting

The main parameters of the LSTM network are shown in Table 3.

Table 3. Key Parameters of the LSTM Network.

Parameter Categories

Parameter Name Single-Tool

Across Tools

Model Structure Parameters Time Step 12 25
First Layer (LSTM) 64 100

Second Floor (LSTM) 64 64

Third Floor (LSTM) 32 32
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Fully Connected Layer 16 16
Output Layer 1 8
Activation Function tanh tanh
Model Training Parameters Learning Rate 0.001 0.0005
Maximum Number of Iterations 4000 1200
Loss Function Root Mean Square Error  Root Mean Square Error
Learning Rate Decay Cycle 600 300
Learning Rate Decay Factor 0.5 0.5
Optimizer Adam Adam
Input Parameters Input Variables Incremental Wear Trend  Incremental Wear Trend
Time Step 12 25
Output Parameters Output Variables Incremental Future Wear  Incremental Future Wear
Trends Trends
Output Step Size 1 8

The hyperparameters of the LSTM model were determined based on the training and
validation performance using data from the source tools (C1 and C4). The selected model
configuration was fixed prior to conducting cross-tool predictions for tool C6. During this
process, no adjustments were made to the hyperparameters based on the prediction re-
sults for tool Cé.

To analyze the impact of key hyperparameters on the predictive performance of 1G-
LSTM, we employed the One-At-A-Time (OAT) method, changing one parameter at a
time while keeping the others constant. We selected window length, learning rate, predic-
tion step size, and the number of LSTM hidden units for testing; the baseline parameters
from the paper were 25, 0.0005, 8, and 100, respectively. The experiments used C1 and C4
tool data as the source domain training data, and the predictive performance of different
parameter configurations was evaluated on C6 tools, with the random seed fixed at 42.

Figure 6 shows the coefficient of determination (R?) for different parameter configu-
rations. The blue and gray curves represent the results of cumulative wear prediction and
the degradation trend function A(Z), respectively, while the orange dots indicate the

baseline parameters used in the paper.

The results show that different hyperparameters have varying degrees of impact on
the final wear prediction performance. When the window length was increased from 25
to 40 or 50, the cumulative wear prediction performance declined significantly; changes
in the learning rate and prediction step size also caused some fluctuations in performance;
and when the number of LSTM hidden units was increased from 64 to 100, the prediction
performance improved significantly. It is worth noting that the prediction accuracy of A(t)
does not always align with the final cumulative wear prediction accuracy, indicating that
trend fitting performance does not fully represent the model’s ability to predict final wear;
therefore, cumulative wear prediction metrics should serve as the primary evaluation cri-
terion. Overall, the parameter configuration adopted in this study yields satisfactory pre-
diction results, though it is not the optimal combination of all parameters. This experiment
further reveals the model’s sensitivity to different hyperparameters, providing supple-
mentary evidence for evaluating the rationality of parameter configurations.
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Figure 6. Hyperparameter sensitivity analysis of the IG-LSTM model.

The effectiveness of LSTM trend forecasting was validated through two sets of ex-
periments: single-tool self-forecasting and cross-tool transfer forecasting. The former tests
the LSTM's ability to learn and forecast the time-series patterns of degradation for a single
tool, while the latter validates the LSTM’s ability to extrapolate unknown degradation
trends across different tools. Root Mean Square Error (RMSE), Mean Absolute Error

(MAE), and Coefficient of Determination ( R? ) were used as metrics to evaluate forecast-
ing performance. These three metrics are defined as follows:

1L )
RMSE = ;Z(yi -3 (20)
i=1
1L .
MAE =—3 | -3, (21)
i=1
Z(yi _.);i)z
RP=1-+ (22)

> -7
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200

In Equations (22)—(24), nis the total number of samples in the test set; y, is the actual

wear measurement for the i-th sample; ¥, is the model’s predicted wear value for the
[ -th sample; and ) is the arithmetic mean of all actual wear values; The prediction re-
sults for the two sets of experiments are presented below.

The single-tool prediction uses the first 80% of C4 data to train an LSTM network,
which then predicts the degradation trend for the remaining 20%. The first 252 tool passes
serve as the training set, and the subsequent 63 tool passes serve as the test set. For the
test set, the predicted RMSE is 1.28 um, the MAE is 0.95 pm, and the R? i50.92. Figure
7 shows the recursive prediction results for the final 20% of the C4 run. The predicted
curve generally aligns with the actual trend across the entire test set, effectively capturing
the evolution of the degradation trend and providing reliable long-term extrapolation re-
sults.

RMSE=1.28 ym MAE=0.95 um R®=0.9944
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Figure 7. LSTM prediction results on the 20% test set after C4.

An LSTM was trained using all data from tools C1 and C4 for cross-tool prediction
and directly applied to predict the full-cycle degradation trend of tool C6. Figure 8 shows
the LSTM recursive prediction results for tool C6. On the C6 test set, the RMSE for the
recursive multi-step prediction was 3.99 um, the MAE was 3.14 pm, and the R* was
0.99. This indicates that the model still maintains a strong ability to capture trend patterns
in a cross-tool scenario.
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Figure 8. LSTM prediction results for C6 cross-tool data.

4.4. Results of IG Parameter Estimation

The LSTM predictions describe the direction of the degradation trend, but to convert
them into a probabilistic description of the increment in wear, the parameters ¢ and A
of the IG process must be determined. This section presents the parameter estimation re-
sults for two types of scenarios.

In the single-tool self-prediction scenario, the first 80% of the data for tool C4 was
selected, comprising a total of 252 wear observations corresponding to 251 candidate in-
crements. Among these, 55 increments had a zero wear increment, and 63 increments had
a zero degradation trend increment; the number of overlapping samples between the two
categories was 36. After removing the overlapping samples, a total of 82 paired samples
were excluded, leaving 169 valid paired samples that satisfied the condition of having
both positive wear increments and positive degradation trend increments. Maximum like-
lihood estimation was performed based on these valid samples, yielding the parameters
w=127, 1=5.50 Across all tooling scenarios, the complete datasets for C1 and C4
yielded a total of 628 candidate increments. After cumulative maximum preprocessing,
60 zero-wear increments were identified in C1 and 55 in C4. Following joint screening of
wear increments and degradation trend increments, 513 valid paired samples were ulti-
mately retained for parameter estimation, yielding the parameters 1 =1.35, 1=6.68
were obtained. For the test tool C6, specificity calibration was performed using its first 20
valid increment samples; after robust outlier removal, the median was calculated, result-

ing in f,, =1.40 . The parameter estimation results for both scenarios are summarized

in Table 4.

Table 4. Parameter Estimation Results.

Scene Parameters Estimated Value Valid Samples Data Sources
Single-tool U1 1.27 169 Top 80% of C4
A 5.50 169 Top 80% of C4
Across Tools 1 1.35 513 All of C1 +C4
A 6.68 513 All of C1 +C4

Across Tools U 1.40 20 Early Data on C6
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4.5. Results and Analysis of Cumulative Wear Prediction Using IG-LSTM

To comprehensively evaluate the predictive performance of the IG-LSTM model, two
validation scenarios were set up. The first was a single-tool self-prediction scenario, used
to validate the model’s basic predictive performance on in-training data. The second was
a cross-tool transfer prediction scenario, used to validate the model’s generalization abil-
ity across different individual tools. For comparison, both the LSTM and IG methods were
included in the experiments. The former is a purely data-driven method that directly uses
wear values as the prediction target without incorporating stochastic process modeling;
the latter employs traditional stochastic process modeling, utilizing a cumulative degra-
dation function with a fixed power-law form without incorporating LSTM trend predic-
tion. Prediction performance was quantitatively evaluated using three metrics: RMSE,
MAE, and R®.

Figure 9 shows the cumulative wear prediction results for the C4 test set under a
single-tool self-prediction scenario. As shown in the figure, the prediction curve of IG-
LSTM largely coincides with the actual wear curve across the entire test range. In terms
of quantitative evaluation, IG-LSTM achieved an RMSE of 1.42 um, an MAE of 1.24 um,

andan R* of 0.9962. By comparison, the LSTM method achieved an RMSE of 8.11 pm,
an MAE of 6.75 um, and an R? of 0.8762; the IG method achieved an RMSE of 5.73 um,
an MAE of 5.04 um, and an R? of0.9381. In contrast, the IG-LSTM model reduced the
RMSE by 82.5% and 75.2%, respectively, reduced the MAE by 81.6% and 75.4%, respec-
tively, and increased R’ by 12.0% and 5.8%, respectively, indicating that the proposed
IG-LSTM model significantly improved prediction accuracy.

m— C4 actual wear
——I1G-LSTM
———LSTM-Direct
——I1G-Only

260 270 280 290 300 310 320
Cut Number

Figure 9. Cumulative wear prediction curves for different methods in a single-tool scenario (ablation

comparison).

Figure 10 shows the cumulative wear prediction results for the Cé cutting tool over
its entire service life across various cutting scenarios. As shown in the figure, the predic-
tion curve of the IG-LSTM method generally aligns with the actual wear trend throughout
the entire service life. In terms of quantitative evaluation, the IG-LSTM method achieved

an RMSE of 3.26 um, an MAE of 2.83 um, and an R? 0f0.9951. By comparison, the LSTM
method had an RMSE of 10.62 um, an MAE of 9.31 ym, and an R? of 0.9430; the IG
method had an RMSE of 27.94 pm, an MAE of 25.25 um, and an R? 0f0.6049. In contrast,
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the IG-LSTM method reduced the RMSE by 69.3% and 88.3%, respectively, reduced the

MAE by 69.6% and 88.8%, respectively, and increased R’ by 5.2% and 39.0%, respec-
tively, thereby validating the generalization capability of the proposed method across dif-
ferent cutting tool scenarios.

= C6 actual wear

——IG-LSTM

~———LSTM-Direct
|-[—1G-Only

0 50 100 150 200 250 300 350

Cut Number

Figure 10. Cumulative wear prediction curves for different methods in a cross-tool scenario (abla-
tion comparison).

To further evaluate the IG-LSTM model’s ability to characterize prediction uncer-
tainty, 95% prediction intervals were constructed based on a probability distribution de-
rived from the inverse Gaussian process. Specifically, a Monte Carlo simulation method
was employed to repeatedly generate random wear increments and accumulate them in-
crementally, yielding multiple possible cumulative wear degradation trajectories. Based
on this, the 2.5th and 97.5th percentiles of the simulation results at each prediction time
point were selected as the lower and upper bounds of the 95% prediction interval, respec-
tively. The cumulative wear prediction results for the C6 cutting tool and their corre-
sponding 95% prediction intervals are shown in Figure 11. This prediction interval reflects
how random fluctuations in wear increments propagate during the cumulative prediction
process, providing a probabilistic basis for evaluating the uncertainty of the model’s pre-
diction results.

https://doi.org/10.3390/s26227158


https://doi.org/10.3390/s26227158

Sensors 2026, 26, 7158

24 of 36

250 T T T T
= C6 actual wear
——IG-LSTM
IG-LSTM 95% PI
200 ||~ LSTM-Direct .
—1G-Only

Wear (pxm)
&
o

-
o
o

50

0 \ I I I I I
0 50 100 150 200 250 300 350

Cut Number
Figure 11. Cumulative wear prediction results for the IG-LSTM model and the 95% prediction in-

terval.

Table 5 summarizes the cumulative wear prediction performance of the three methods
across the two scenarios. Analysis of the data in the table shows that, regardless of whether in
a single-tool or cross-tool scenario, the IG-LSTM outperforms the two comparison methods in
terms of all three metrics: RMSE, MAE, and R”. Although the LSTM method generally aligns
with the trend of the actual values, the lack of physical constraints causes errors to accumulate
continuously during long-term recursive predictions, resulting in a significantly higher RMSE.
The performance decline of the traditional IG method is most pronounced; its fixed power-
law cumulative degradation function, A(?) = ot ? cannot adapt to the multi-stage nonlinear
degradation trend of the C6 tool. IG-LSTM combines the advantages of both approaches: on
the one hand, it uses LSTM to adaptively learn the form of the cumulative degradation func-
tion from the data, overcoming the limitations of a fixed power-law; on the other hand, by
converting the trend into wear predictions via the mean function of the IG process, it ensures
the physical plausibility of the predicted trajectories. Figures 12 and 13 present bar charts com-
paring the RMSE, MAE, and R? values of the three methods across the two scenarios. A
closer look at the bar charts allows for a more intuitive conclusion: IG-LSTM achieves signifi-
cantly lower error metrics than both LSTM and traditional IG in both scenarios, with R’
consistently remaining above 0.99. This indicates that the proposed method demonstrates ex-
cellent predictive performance and good generalization ability in both single-tool and cross-
tool scenarios.

Table 5. Comparison of Wear Prediction Performance Among Different Methods.

Scene Methods RMSE MAE R?

Single-tool IG-LSTM 1.42 1.24 0.9962
LSTM 8.11 6.75 0.8762
IG 5.73 5.04 0.9381
Across Tools (Test Set) IG-LSTM 3.26 2.83 0.9951
LSTM 10.62 9.31 0.9430
IG 27.94 25.25 0.6049

Across Tools (Training Set) IG-LSTM 15.56 15.06 0.96

LSTM 9.96 8.26 0.98

IG 18.74 13.84 0.69
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Figure 12. Comparison of the predictive performance of IG-LSTM, LSTM, and the IG method in a

single-tool scenario.
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Figure 13. Comparison of the predictive performance of IG-LSTM, LSTM, and the IG method across

different tooling scenarios.

4.6. Analysis of Forecasting Uncertainty and Evaluation of Model Stability

To further analyze the role of the IG random process in the proposed model, this
paper compares the deterministic wear prediction results—based on LSTM-based trend
forecasting —with those of the IG-LSTM model. The deterministic prediction directly cal-
culates the expected wear using the product of the predicted trend and the drift parame-
ter, ie, Y(f)= 1A(t). By comparing the two methods, this paper analyzes the role of
introducing the IG random process in describing the probability distribution of wear in-
crements and the associated stochastic uncertainty.

As shown in Figure 14, deterministic prediction calculates the expected wear solely
based on the predicted degradation trend and drift parameters, whereas IG-LSTM further
accounts for the randomness of wear increments and reflects the uncertainty of the wear
process through a prediction interval. A comparison of the two methods demonstrates
that the IG stochastic process provides a probabilistic description of the traditional deter-
ministic trend prediction, enabling the model not only to predict wear trends but also to
characterize the random fluctuations in the wear process.
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Figure 14. Comparison of Deterministic Predictions with IG-LSTM Tool Wear Prediction Results.

To further evaluate the reliability of the IG-LSTM model’s uncertainty estimates, this pa-
per conducts a quantitative analysis of the constructed 95% prediction intervals, introducing
two evaluation metrics: the Prediction Interval Coverage Probability (PICP) and the Mean Pre-
diction Interval Width (MPIW). Specifically, PICP measures the proportion of actual wear ob-
servations that fall within the prediction interval, while MPIW measures the average width of
the prediction interval. Ideally, PICP should be close to the nominal 95% confidence level,
while MPIW should be as small as possible while still ensuring reasonable coverage.

As shown in Figure 15, the 95% prediction interval constructed by the IG-LSTM model
covers the majority of the observed tool wear values. Among the 315 test samples, 305 fell
within the prediction interval, corresponding to a PICP of 96.8% and an average prediction
interval width (MPIW) of 17.72 um. Furthermore, coverage statistics show that 0% of the ac-
tual wear values were below the lower bound of the prediction interval, while 3.2% were
above the upper bound. This indicates that the observations not covered by the prediction
interval are all located beyond the upper bound, suggesting that the coverage bias of the pre-
diction interval primarily manifests as an underestimation of some larger wear values.

Overall, the proposed IG-LSTM model achieved an actual coverage rate close to the
nominal 95% confidence level, indicating that its prediction intervals have good empirical
coverage capability. At the same time, the average prediction interval width of 17.72 um
further reflects the model’s quantification of the uncertainty in tool wear predictions.

260 T
= C6 actual wear
240 - ——IG-LSTM prediction -
95% prediction interval
220 - 4
200 - 4
—180 - —
€
3
« 160 4
©
]
= a0t .
120 — 4
100 |- PICP = 96.8% b
MPIW =17.72 um
80 4
60 . L ! | | |
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Figure 15. Evaluation of the 95% prediction interval coverage for the IG-LSTM model.

https://doi.org/10.3390/s26227158


https://doi.org/10.3390/s26227158

Sensors 2026, 26, 7158

27 of 36

Cumulative Wear (um)

4.7. Analysis of Model Stability Under Different Random Initializations

To evaluate the impact of random initialization on the predictive performance of the
IG-LSTM model, five different random seeds (10, 20, 30, 40, and 50) were selected for in-
dependent training, while keeping the dataset split, network architecture, and hyperpa-
rameters constant. For each training run, the LSTM network was reinitialized, and the
resulting degradation trend predictions were fed into the inverse Gaussian process model
to obtain the final tool wear predictions. RMSE, MAE, and R 2 were used to evaluate the
predictive performance of each experiment; the results are shown in Table 6.

Table 6. Prediction Performance of the IG-LSTM Model Under Different Random Initializations.

Random Seed RMSE MAE R?
10 2.265 1.664 0.9976
20 3.455 3.044 0.9945
30 7.151 6.719 0.9766
40 1.974 1.663 0.9982
50 2.965 2.491 0.9960

To further analyze, in a visual manner, the impact of different random initializations
on the model’s prediction results, Figure 15 shows the tool wear prediction curves of the
IG-LSTM model under five different random seeds. By comparing the prediction results
under different random initializations with the actual wear data, we can observe how the
model’s prediction curves change and how well they align with the actual wear trends.

As shown in Table 6 and Figure 16, the average R® across the five experiments
reached 0.9926, with all values exceeding 0.97, indicating that the model exhibits good
fitting capability under different random initializations. Judging from the prediction
curves, while there are some differences in the prediction results under different random
seeds, they generally reflect the trend of tool wear. Specifically, when the random seed
was 30, the RMSE and MAE reached 7.151 um and 6.719 pum, respectively —larger errors
compared to the other four experiments—yet the R® still reached 0.9766. This suggests
that random initialization has a certain impact on the model’s predictive accuracy; how-
ever, the model generally maintains good predictive performance under different initial-
ization conditions, demonstrating a degree of stability.

260
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Figure 16. Comparison of prediction results from the IG-LSTM model under different random ini-

tializations.
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4.8. A Comparative Analysis of Strategies for Characterizing the Wear Characteristics of
Different Cutting Tools

To verify the validity of the maximum fusion strategy selected in this paper, this sec-
tion uses the target test tool C6 as the subject and compares five methods for characteriz-
ing tool wear: maximum fusion (Max fusion), mean fusion (Mean fusion), and the use of
wear data from the first, second, and third cutting edges alone (denoted as Flute 1, Flute
2, and Flute 3, respectively).

As can be seen from the wear evolution curve in Figure 17, due to uneven cutting
forces and local defects, the wear on each cutting edge exhibits a distinct asynchronous
pattern. Flute 1 shows the least wear and the slowest rate of wear progression; Flutes 2
and 3 exhibit a sharp acceleration in wear during the later stages. If the “Mean fusion”
method is used, the overall wear is severely underestimated due to the “dilution” effect
caused by Flute 1’s lighter wear, making it difficult to reflect the tool’s true degradation.
On the other hand, relying solely on data from a single cutting edge (such as Flute 1) is
highly one-sided and makes it very easy to overlook severe damage to other cutting edges,
leading to a risk of underreporting.

Using the five sequences mentioned above as input features, we performed cross-
tool predictions using the IG-LSTM model described earlier; the results are shown in Fig-
ure 18. To provide a more intuitive comparison of the various metrics, they are summa-
rized in Figure 19.

4.9. Sensitivity Analysis of Different Data Preprocessing Strategies

To analyze the impact of different data preprocessing operations on the estimation
of IG process parameters and wear prediction results, this paper designed four prepro-
cessing schemes. Scheme A represents the complete preprocessing method; Scheme B
omits the monotonicization of the wear time series; Scheme C omits the monotonicization
of the degraded trend time series; and Scheme D omits the removal of invalid increments.
While maintaining consistent model structures and other experimental settings, the paper
compares the IG parameter estimation results and predictive performance under the dif-
ferent schemes.

T I I I T T

Flute 1
Flute 2
Flute 3
Mean fusion
Max fusion = = = = = = = = = = = = = = = = = — - m s e - S - - ==

€shold w=200 pm
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Figure 17. Comparison of Wear Curves for the C6 Tool Under Different Characterization Schemes.
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Figure 18. Comparison of IG-LSTM prediction results under different feature representation
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Figure 19. Comparison of Predictive Performance Metrics for Different Methods of Characterizing

Tool Wear Patterns.

Figure 20 shows the estimation results for the IG process parameters under different
preprocessing schemes. The parameters for Scheme A and Scheme B are identical; this is
because the sequence obtained after fusing the maximum wear values of the three cutting
edges already satisfies the monotonically non-decreasing property, so the cummax oper-
ation did not alter the original data. After removing the trend-monotonicity processing,
# and A changed by -0.42% and +1.91%, respectively, indicating that this operation

has a minor impact on parameter estimation. In contrast, after removing the invalid incre-
ment filtering, u decreased by 4.62%, and the variance factor % decreased by 12.79%,

suggesting that invalid increment filtering has a more significant impact on IG parameter
estimation and the characterization of stochastic fluctuations.
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Figure 20. Effect of Different Data Preprocessing Strategies on the Estimation Results of IG Process
Parameters. (A: complete preprocessing; B: without wear-series monotonicization; C: without deg-

radation-trend monotonicization; D: without invalid-increment filtering).

To further analyze the impact of different preprocessing schemes on the model’s pre-
dictive performance, a uniform baseline drift parameter of 1 =1.35 was used for com-

parison to eliminate the influence of differences in the drift parameter on point prediction
results. As shown in Figure 21, the prediction curves under the four schemes largely over-
lap, indicating that, under the same drift parameter conditions, different preprocessing
strategies have a minimal impact on the model’s point prediction results.

300 Wear prediction (common x = 4,) Wear prediction (C6-calibrated 1)

= Actual wear
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Cut Cut
Figure 21. Comparison of Tool Wear Prediction Results Under Different Data Preprocessing Strate-

gies.

In summary, the impact of different preprocessing schemes on the model’s final point
predictions is minimal, indicating that the proposed IG-LSTM model exhibits good pre-
processing robustness. At the same time, the aforementioned preprocessing operations
are primarily used to meet the modeling requirements of the inverse Gaussian process for
positive increments. By monotonizing the wear sequence and the degradation trend se-
quence, we ensure that the increments are non-negative. Combined with minor positive
adjustments and the removal of invalid increments, this ensures that both the wear incre-
ments and trend increments used for IG parameter estimation are strictly greater than
zero, thereby guaranteeing the validity of the parameter estimates.

4.10. Ablation Studies on Differential Processing and Scale Calibration

To analyze the impact of differential processing and scale calibration on the predic-
tive performance of the IG-LSTM, two sets of ablation experiments were designed while
maintaining consistent data splitting and prediction settings, and these were compared
with the full model. The first set retained VMD trend extraction and differential pro-
cessing but removed scale calibration; the second set retained only VMD trend extraction
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while removing both differential processing and scale calibration. The experimental re-

sults are shown in Figures 22 and 23. The full IG-LSTM model achieved R 2 , RMSE, and
MAE values of 0.995, 3.26 pm, and 2.83 um, respectively, demonstrating the best predic-

tion performance. After removing scale calibration, R’ dropped to 0.8662, while RMSE
and MAE increased to 17.09 um and 12.67 um, respectively, indicating that scale calibra-
tion plays a significant role in improving prediction accuracy. Upon further removal of
the differencing process—leaving only the VMD —the model’s predictive performance de-

clined significantly, with R’ dropping to -0.1427 and RMSE and MAE reaching 49.93
um and 47.72 um, respectively. These results indicate that the differencing process helps
improve the model’s predictive performance, while scale calibration further enhances pre-
dictive accuracy on this basis; both factors jointly contribute to the predictive performance
of the IG-LSTM framework.
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Figure 22. Predicted cumulative wear of the C6 cutting tool under different ablation configurations.
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Figure 23. Comparison of Performance Evaluation Metrics for C6 Tool Wear Prediction Under Dif-

ferent Ablation Configurations.
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4.11. Comparative Experiments of Different Types of Predictive Models

To further validate the generalization capability of the proposed method relative to
other mainstream data-driven architectures, this section presents comparative experi-
ments involving three purely data-driven methods—RNN, CNN, and CNN-LSTM —in a
cross-tool scenario. Figure 24 shows the prediction curves of each method over the entire
life cycle of the C6 tool, while Figure 25 presents the corresponding bar charts of perfor-
mance metrics. In contrast, the prediction curve of IG-LSTM closely matches the actual
wear curve throughout all stages, maintaining particularly strong predictive capability
during the accelerated wear phase. Quantitative results show that IG-LSTM achieves an

R* 0f0.995, an RMSE of 3.06 um, and an MAE of 2.70, outperforming RNN ( R* =0.922,
RMSE = 9.41 um, MAE = 6.34), CNN-LSTM (R* =0.985, RMSE = 5.35 um, MAE = 4.09),
and CNN (R2 = 0.9805, RMSE = 6.21 um, MAE = 4.59). These results indicate that by
modeling wear increments through the IG process, IG-LSTM effectively suppresses error
drift in long-term recursive predictions—a common issue with purely data-driven mod-
els—and demonstrates stronger generalization capabilities across different tool scenarios.
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Figure 24. Comparison of wear prediction curves between IG-LSTM and purely data-driven meth-

ods in a cross-tool scenario.
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Figure 25. Comparison of the Predictive Performance of Different Methods Across Tool Scenarios.
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To further evaluate the predictive performance of the proposed IG-LSTM model,
comparisons were conducted with four conventional regression models, including linear
regression (LR), polynomial regression (PR), support vector regression (SVR), and ran-
dom forest regression (RFR). All models were evaluated using the same C6 dataset and
prediction settings.

As shown in Figure 26, the proposed IG-LSTM model closely follows the actual cu-
mulative tool wear throughout the prediction process, particularly during the later stage
when the wear rate increases rapidly. In contrast, the conventional regression models ex-
hibit larger deviations from the actual measurements and fail to adequately capture the
accelerated wear growth in the later stage. Although these regression models can describe
part of the overall degradation trend, their predictions do not fully reflect the nonlinear
and dynamically changing characteristics of tool wear. The results demonstrate that the
proposed IG-LSTM model provides better agreement with the actual wear measurements
and is more effective in capturing the nonlinear degradation trend.
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Figure 26. Comparison of the cumulative wear prediction results for the C6 cutting tool using IG-

LSTM and traditional regression models.

5. Conclusions

This paper addresses the issue that traditional parametric inverse Gaussian process
cumulative degradation functions have a fixed form and struggle to adapt to multi-stage
nonlinear degradation under complex cutting conditions. It proposes a tool wear predic-
tion model (IG-LSTM) that integrates LSTM with the inverse Gaussian process. This
method replaces the strong assumption of a fixed power-law form with the cumulative
degradation function A(f) of the IG process, which is learned adaptively using an

LSTM. Based on this, a probabilistic model of wear increment is constructed using the A(t)
predicted by the LSTM as the cumulative degradation function of the IG process, and the
model parameters are estimated using maximum likelihood estimation, thereby forming
a tool wear prediction framework that integrates data-driven time-series modeling with
stochastic degradation processes.

Based on the PHM2010 dataset, this paper conducted wear prediction experiments
for both single-tool and multi-tool scenarios. In the single-tool scenario, the IG-LSTM
achieved RMSE, MAE, and R? values of 1.42,1.24, and 0.9962, respectively, outperform-
ing both the LSTM (8.11, 6.75, and 0.8762) and the IG (5.73, 5.04, and 0.9381). In the cross-
tool scenario, the RMSE, MAE, and R> of IG-LSTM were 3.26, 2.83, and 0.9951, respec-
tively; in contrast, the three metrics for LSTM were 10.62, 9.31, and 0.9430, while those for
IG were 27.94, 25.25, and 0.6049. The above results indicate that, in both experimental
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scenarios, IG-LSTM achieved superior prediction performance compared to the two base-
line methods.

Although the IG-LSTM achieved good prediction results, this study still has certain
limitations. The experiments were conducted solely on the PHM2010 dataset under spe-
cific experimental conditions; the model’s generalization capability for other cutting tools
and different operating environments still requires further validation. In the future, we
will explore methods such as domain adaptation and meta-learning to improve cross-tool
generalization, and consider integrating multi-source sensor signals to enhance the
model’s robustness under various operating conditions. The IG-LSTM framework has the
potential to support online tool wear monitoring by continuously processing cutting force,
vibration, and acoustic emission signals to estimate tool wear and predict its evolution.
Comparing predicted wear with a predefined threshold could enable early warnings and
inform tool inspection or replacement. However, real-time deployment and closed-loop
control remain unvalidated. Future work will integrate the framework with online data
acquisition systems and evaluate its robustness under varying machining conditions and
sensor noise.
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