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Abstract

Accurate tool wear prediction is essential for predictive maintenance in complex machin-
ing processes, but non-stationary sensor signals make it difficult for a single model to
capture both long-term degradation trends and local transient disturbances. This study
introduces a residual-compensated Hybrid CNN-Informer + LightGBM framework for tool
wear prediction. The workflow first preprocesses multi-source sensor signals and selects
wear-sensitive statistical descriptors to guide FiLM-based deep feature modulation. A
CNN-Informer backbone then estimates the main wear trend by combining local feature ex-
traction with long-range temporal modeling, and a LightGBM module performs secondary
compensation on the remaining prediction residuals. On the PHM 2010 milling benchmark,
the proposed framework achieved an RMSE of 4.0016, MAE of 2.8271, and R2 of 0.9870,
reducing RMSE and MAE by 47.9% and 48.5% compared with a standard Transformer.
Ablation results showed that both the CNN branch and residual compensation contributed
to the final accuracy. External validation on the HMoTP dataset using an independent
held-out tool further yielded an RMSE of 9.1111, MAE of 7.3522, and R2 of 0.9729. These
results indicate that separating main-trend learning from residual correction provides a
practical strategy for robust tool wear prediction under the tested machining conditions.

Keywords: tool wear prediction; residual compensation; hybrid deep learning; non-stationary
sensor signals; predictive maintenance

1. Introduction
In modern advanced manufacturing systems, the surface finish quality achieved

through precision machining directly determines the fatigue life and in-service performance
of high-end equipment (such as aircraft engine blades and new energy vehicle transmission
systems) [1]. However, machine tools operate under harsh conditions characterized by
high loads and intense friction over extended periods, making severe wear of cutting tools
inevitable. Severe tool wear not only leads to deterioration of surface integrity (such as
chatter marks and thermal burns) but also causes significant unplanned downtime [2,3].
Traditional reactive maintenance or periodic preventive maintenance strategies often result
in either excessive maintenance or sudden equipment failure. Therefore, the development
of data-driven predictive maintenance (PdM) technologies—which utilize multi-source,
heterogeneous sensor signals to assess tool health in real time and accurately predict tool
wear—has become a key research focus in the field of smart manufacturing [4].
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In recent years, significant progress has been made in data-driven methods for predict-
ing tool wear. Early research primarily relied on traditional machine learning algorithms,
such as Support Vector Regression (SVR) and Random Forest (RF). These methods are
highly dependent on manual feature engineering by domain experts and often encounter
performance bottlenecks due to limited feature extraction capabilities when dealing with
massive, high-dimensional industrial non-stationary monitoring signals [5]. With the
advancement of deep learning, deep architectures represented by Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM) Networks have been widely
applied to tool condition monitoring, enabling end-to-end feature learning [6]. CNNs excel
at capturing local spatial features of signals but have limited scope when processing long
sequences [7], whereas the serial computation mechanism of LSTMs, despite their temporal
memory capabilities, limits the efficiency of modeling long-range dependencies, and they
remain prone to the vanishing gradient problem during backpropagation in ultra-long
sequences [8].

To overcome the bottlenecks in long-sequence modeling, Transformer-based models
utilizing self-attention mechanisms have gradually been introduced into the field of fault
diagnosis and prediction, demonstrating outstanding performance in capturing global
degradation trends across the entire lifecycle [9,10]. Nevertheless, standard Transformer
models still face two major challenges in practical machining applications: first, the compu-
tational complexity of the standard attention mechanism grows quadratically with sequence
length (O

(
L2)), resulting in high computational costs when processing high-frequency

sensor signals [11]; second, global attention mechanisms often overemphasize macro-level
features while being insufficiently sensitive to local high-frequency transient shocks caused
by micro-chipping, micro-cracks, or chatter during milling processes, which can easily lead
to model failure in detecting early-stage, subtle faults or result in prediction lag [12].

However, most existing deep learning-based prediction models rely on an idealized
assumption: that the tool degradation process is relatively stationary. In real-world machine
tool cutting operations, sensor signals are highly non-stationary. These signals not only
contain a “stationary main trend” reflecting gradual tool wear but are also interspersed
with a large number of nonlinear random disturbances caused by sudden changes in the
depth of cut, material inhomogeneities, or electrical interference [13,14].

When dealing with complex, non-stationary signals from machine tool cutting pro-
cesses, single-architecture deep neural networks face significant trade-offs in multi-scale
feature extraction and modeling. When attempting to use a single loss function to si-
multaneously fit both the smooth, main degradation trend and high-frequency abrupt
disturbances, the model is highly prone to parameter explosion and “black-box” feature
confusion. If the network tends to fit the smooth main trend, it will generate substantial
prediction errors at local abrupt changes; conversely, if it focuses excessively on local
disturbances, it is highly prone to overfitting. How to decouple the architecture to enhance
the model’s predictive accuracy while improving its interpretability of wear-related signal
features has become a major challenge in current research [15].

To overcome the limitations of single-model architectures in capturing both stationary
and non-stationary features, this paper proposes a two-stage hybrid deep learning frame-
work for tool wear prediction based on residual compensation. Instead of attempting to fit
all signal components using a single end-to-end architecture or direct feature concatenation,
the proposed framework separates main-trend modeling from residual-error compensa-
tion and further incorporates wear-sensitive statistical descriptors to guide deep feature
learning. The main contributions of this paper are summarized as follows:

• We propose a dual-stream parallel hybrid CNN-Informer deep prediction architec-
ture for main degradation trend feature extraction, cascaded with LightGBM for
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residual compensation. By utilizing a 1D-CNN branch to efficiently extract local time-
frequency features, while introducing an Informer network (ProbSparse Attention)
with O(LlogL) complexity to capture long-range temporal dependencies across the
entire lifecycle, we achieve effective baseline prediction of macro-level trends.

• We propose a statistical-feature-guided data-driven dual modeling strategy for de-
coupling the main degradation trend from the residual. During the deep feature
extraction stage, we innovatively introduce Feature-wise Linear Modulation (FiLM)
to utilize wear-sensitive time–frequency statistical features to guide the global main
trend prediction by deep networks; simultaneously, treating the prediction residuals
of the deep model as under-exploited nonlinear residual information, we employ
LightGBM gradient-boosted trees to perform a secondary fine compensation. This
effectively decouples the stationary degradation patterns from non-stationary random
disturbances, providing a consistent improvement to the model’s robustness under
complex and variable operating conditions.

• The model’s robust performance, statistical interpretability and wear-related signal
analysis were validated using a benchmark dataset of complex machining operations.
Systematic experiments based on the PHM 2010 milling dataset demonstrate that
the predictive accuracy of this hybrid framework significantly outperforms existing
mainstream methods. More importantly, statistical analysis shows that this framework
has effectively extracted the wear-related signal features from the monitoring signals.

2. Theoretical Background
To effectively extract complex features from sensor signals in machining processes

and decouple their stationary and non-stationary components, this paper proposes a
hybrid prediction framework that integrates local perception, global long-range modeling,
and nonlinear residual approximation. This section briefly outlines the core algorithmic
foundations underlying this framework and its mathematical rationale as applied to the
processing of time-series signals in machine tool cutting operations.

2.1. One-Dimensional Convolutional Neural Network (1D-CNN)

Due to its weight sharing and local receptive field characteristics, the 1D-CNN is
highly effective at extracting features when processing high-frequency time series [16].
During machining operations, minute tool damage often manifests as localized, transient
high-frequency spikes in cutting force or vibration signals. By sliding the convolutional
kernels along the time axis, 1D-CNNs can effectively capture these micro-scale signal
distortions. Its forward propagation process can be expressed as:

yl
i = f

(
K

∑
k=1

wl
k · xl−1

i+k−1 + bl

)
(1)

Here, xl−1 represents the input feature map of layer l − 1, yl
i represents the local

features output by layer l, wl
k represents the weights of a convolution kernel of size K, bl

represents the bias term, and f (·) denotes the nonlinear activation function (ReLU). By
stacking multiple layers of 1D-CNNs and pooling layers, the network is able to extract
high-level local representations with translation invariance from the raw noisy signal.

2.2. Informer and ProbSparse Self-Attention

Although 1D-CNN excels at local feature extraction, its ability to capture long-range
degradation dependencies across the full tool life cycle is hindered by its limited receptive
field when processing ultra-long sequences (L = 4096). While standard Transformer
models address long-range dependency issues through self-attention mechanisms, their
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standard dot-product attention matrices entail a computational complexity of O
(

L2). This
leads to significant memory overhead and computational bottlenecks during long-sequence
prediction, as illustrated in Figure 1 [17].

 
Figure 1. Comparison between Standard Self-Attention and ProbSparse Self-Attention mechanisms
(blue indicates active queries; gray indicates inactive or lazy queries).

To overcome these limitations, the Informer model is introduced [18]. The core in-
novation of Informer lies in the ProbSparse Self-Attention mechanism. Its mathematical
foundation is based on the observation that in self-attention calculations, only a small
fraction of Queries significantly contribute to the final attention weight distribution, ex-
hibiting a long-tail distribution. Informer assesses Query “activeness” by calculating the
approximate Kullback–Leibler (KL) divergence between the Query and Key distributions.
Only the top-u active queries are selected for dot-product operations:

A(Q, K, V) = Softmax

(
QKT
√

dk

)
V (2)

where Q is a sparse matrix containing only the selected active queries, with its dimension
reduced from L× dk to u× dk (where u = c · lnL, and c is a constant factor). This mechanism
successfully reduces the time and space complexity of long-sequence modeling from O

(
L2)

to O(LlogL), enabling the model to efficiently capture the macroscopic main degradation
trend of the tool within a large observation window.

2.3. Gradient Boosting Decision Trees and Residual Approximation via LightGBM

While deep neural networks (such as CNN and Informer) excel at approximating
continuous and smooth functional mappings, they often produce structural prediction
errors (residuals) when fitting highly non-stationary machining signals that contain abrupt
changes and significant random noise. To perform secondary modeling on these nonlinear
perturbations that are difficult for deep networks to absorb, this paper introduces LightGBM
as a residual compensator [19].
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LightGBM is a distributed gradient boosting framework based on decision tree algo-
rithms. Compared to traditional GBDT, it introduces Gradient-based One-Side Sampling
(GOSS) and Exclusive Feature Bundling (EFB), significantly enhancing training speed and
generalization capability for high-dimensional features. In the residual compensation
mechanism proposed in this paper, the goal of LightGBM is to fit the pseudo-residuals
generated by the preceding deep model. Its additive modeling and forward distribution
algorithm can be expressed as:

FM(x) =
M

∑
m=1

γmhm(x) (3)

where hm(x) denotes the m-th regression tree and γm is its weight (often set to 1, with the leaf
weights absorbing the magnitude). In the m-th iteration, the model first computes the negative
gradient (pseudo-residual) of the loss function with respect to the previous prediction:

ri,m = −
[

∂L(yi, F(xi))

∂F(xi)

]
F(x)=Fm−1(x)

(4)

Then, a new regression tree hm is grown to fit these pseudo-residuals by minimizing
the squared error:

hm = argminh

n

∑
i=1

(rim − h(xi))
2 (5)

This tree-based ensemble learning method exhibits exceptional robustness against
outliers and non-stationary fluctuations, effectively compensating for the limitations of
deep learning models when addressing transient shocks. The residual-fitting process is
summarized in Figure 2.

 

Figure 2. Schematic diagram of residual fitting via LightGBM decision trees (additive model).

3. Proposed Methodology
To address the highly non-stationary nature of sensor signals in machining processes

and the strong coupling between local transient shocks and global degradation features, this
paper proposes a two-stage (Baseline-to-Fine Compensation) hybrid tool wear prediction
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framework based on residual compensation. This section details the overall architecture of
the framework, the multi-stage data preprocessing pipeline, the statistical-feature-guided
FiLM fusion mechanism, and the specific implementations of residual compensation and
automated hyperparameter optimization. Figure 3 provides an overview of the com-
plete framework.

Figure 3. The overall architecture of the proposed hybrid residual-compensated framework.

3.1. Overall Architecture

The proposed two-stage prediction architecture consists of the following three pro-
gressive execution stages:

Stage 1: Multi-Stage Data Preprocessing and Feature Engineering. The collected multi-
source heterogeneous raw sensor signals (X ∈ RB×4096×7) undergo a four-step fidelity
denoising and standardization pipeline. Simultaneously, high-dimensional time–frequency
statistical features are extracted, and a Gradient Boosting Regressor (GBR) is utilized to
select the most representative wear-sensitive statistical features.

Stage 2: Main-trend Baseline Prediction via Conditional Modulation. A parallel
Hybrid CNN-Informer backbone network is constructed. Within this backbone, the 1D-
CNN branch is responsible for extracting transient shock patterns, while the Informer
branch handles long-range sequence modeling. Feature-wise Linear Modulation (FiLM)
layers are innovatively introduced to dynamically calibrate the deep feature maps using
the wear-sensitive statistical features extracted in Stage 1, outputting the main degradation
trend baseline prediction ŷdeep for the tool wear state.

Stage 3: Fine Residual Compensation. The pseudo-residual r = y − ŷdeep between
the true degradation label and the deep model’s prediction is calculated. Leveraging
LightGBM’s robust nonlinear fitting and anti-noise capabilities, secondary modeling is
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performed on this residual. The final tool wear prediction is obtained through the linear
addition of the deep network’s prediction and the LightGBM’s compensation value: ŷ f inal =

ŷdeep + ŷres.

3.2. Multi-Stage Data Preprocessing and Feature Engineering

Industrial sensors (e.g., cutting force, vibration, and AE) are susceptible to environ-
mental interferences such as electrical discharge and mechanical resonance. To prevent
non-physical extreme values and high-frequency background noise from disrupting the
gradient updates of the deep neural network, this paper designs a rigorous four-stage data
cleaning and feature extraction pipeline.

3.2.1. Four-Stage Fidelity Signal Cleaning Pipeline

Physical Range Validation: Hard threshold boundaries are established based on sensor
measurement ranges and common knowledge of machining operations (e.g., cutting force
[−2000, 2000] N). Abrupt data points exceeding these physical boundaries are forced to
NaN (not a number) values to eliminate severe sensor outliers.

Linear Interpolation: A linear interpolation method is applied to fill the missing values
using valid data from preceding and succeeding timestamps, ensuring the continuity of
the sequence.

Statistical Capping (3σ): To eliminate occasional high-amplitude electromagnetic
interference (spikes), all data points falling outside the range of µ ± 3σ are smoothly
truncated to the boundary values xclip = clip(x, µ − 3σ, µ + 3σ) in accordance with Pauta’s
Criterion (3σ rule).

Savitzky–Golay Filter (S-G Filter): Traditional moving average filters severely smooth
out signal peaks that reflect local tool chipping. Therefore, this paper adopts the Savitzky–
Golay filter. By utilizing local polynomial least-squares fitting, the S-G filter effectively
preserves the width and amplitude of the local transient shocks in the original signal
while smoothing out high-frequency white noise. Figure 4 compares the raw and filtered
signals [20].

Figure 4. Comparison between raw sensor signals and filtered signals after the four-stage fidelity
cleaning pipeline.
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3.2.2. High-Dimensional Statistical Feature Extraction and GBR Selection

Directly inputting cleaned time series (length L = 4096) into deep models preserves
raw information but often leads to slow convergence. To inject wear-sensitive statistical
descriptors of machining into the model, 196-dimensional high-level statistical features
are extracted from both the time and frequency domains. Time-domain features include
root mean square (RMS), crest factor, skewness, and kurtosis, which are highly sensitive to
early mechanical shocks and friction [21]. Frequency-domain features are extracted via fast
Fourier transform (FFT), including Spectral Centroid and frequency-band energy ratios.

To eliminate feature collinearity and redundancy, a Gradient Boosting Regressor (GBR)
model is employed for importance evaluation and feature selection. The top-K (e.g., K = 30)
core statistical features Zselect ∈ RB×30 with the highest cumulative contribution rates are
selected to serve as the input for subsequent conditional modulation of the deep network.
To avoid information leakage, the GBR feature selector was trained only on the training
subset after the training/validation/testing split, and the resulting top-30 feature set was
then fixed and applied unchanged to the validation and testing subsets. Figure 5 shows the
resulting feature-importance ranking.

 
Figure 5. Importance evaluation of the Top-30 core statistical features based on GBR (green indicates
selected features).
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3.3. Statistical-Feature-Guided FiLM Modulation

Most existing studies employ a “late fusion” strategy by simply concatenating hand-
crafted statistical features with deep features. This approach may weaken the contribution
of wear-sensitive time- and frequency-domain descriptors within high-dimensional deep
representations. In this study, these descriptors are not treated as physical laws, mechanistic
constraints, or tribological wear equations; rather, they are data-derived, process-relevant
indicators extracted from cutting force, vibration, and acoustic emission signals. To make
better use of these descriptors, this paper introduces a Feature-wise Linear Modulation
(FiLM) mechanism into the Hybrid CNN-Informer backbone.

As an early fusion strategy, the FiLM module allows manual statistical features Zselect

to dynamically intervene in the activation response of feature maps during the forward
propagation of the deep network. Specifically, for the local features Fcnn ∈ RB×Ccnn extracted
by the CNN branch and the global features Fin f ∈ RB×Cin f extracted by the Informer
branch, the FiLM layer utilizes two independent multi-layer perceptron (MLP) networks,
fγ and fβ, to map the statistical features into scaling factors γ and shifting factors β for an
affine transformation:

γc = Sigmoid( fγ(Zselect)), βc = fβ(Zselect) (6)

Subsequently, a channel-wise affine calibration is performed on the deep feature maps:

F′
mod = γ ⊙ Foriginal + β (7)

where the scaling factor γ ∈ (0, 1) is constrained by a sigmoid function to prevent gradi-
ent explosion. From a process-signal perspective, the scaling factor adaptively amplifies
or suppresses channel responses associated with specific frequency bands according to
global vibration or energy levels [22], while the shifting factor helps correct signal baseline
drift caused by different machining operations or idling states. By introducing a resid-
ual connection Fout = LayerNorm

(
Foriginal + Dropout

(
F′

mod
))

, the stability of gradient
backpropagation is ensured. Figure 6 summarizes the FiLM-based conditional modulation.

Figure 6. The architecture of FiLM conditional modulation integrating time–frequency statistical
features with deep representations.
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3.4. Hybrid Informer-CNN Backbone

To fully decouple the time–frequency characteristics of machining signals, the feature
extraction backbone adopts a dual-stream parallel deep architecture, as illustrated in
Figure 7.

Figure 7. The detailed internal architecture and tensor flow of the Hybrid CNN-Informer backbone
with FiLM early fusion.

Enhanced 1D-CNN Local Perception Branch: A one-dimensional residual convolu-
tional branch is constructed to extract local transient patterns from high-frequency machin-
ing signals. The CNN branch is defined by a base channel number and a convolution kernel
size. In the final implementation selected through Bayesian hyperparameter optimization,
(cnn_base_channel = 16) and (k = 7). Accordingly, the residual convolutional stages adopt
a pyramidal channel expansion strategy of 16 → 32 → 64 . Identity-mapping skip connec-
tions are embedded in each stage to alleviate gradient degradation, and Adaptive Average
Pooling is finally used to obtain a compact local feature representation.

Informer Global Long-range Dependency Branch: Targeting ultra-long machining
sequences (L = 4096), the Informer branch selects a small number of active queries carrying
rich semantics for dot-product operations by calculating the sparsity measurement between
the Query and Key distributions. This branch not only significantly reduces memory
consumption but also provides a macroscopic view of the full-lifecycle global degradation
trend, ranging from “initial run-in” to “severe failure.”

After the parallel feature extraction, two independent FiLM modules are introduced
to perform conditional modulation on the local features from the CNN and the global
features from the Informer, respectively, utilizing the same set of manual statistical features.
Subsequently, these two channels, calibrated by statistical descriptors, are merged at the
end of the network through concatenation fusion. Finally, a multi-layer perceptron (MLP
Head) performs dimensionality mapping to output the main degradation trend baseline
prediction ŷdeep for the maximum flank wear at the corresponding time step.

3.5. Fine Residual Compensation via LightGBM

Although the Hybrid CNN-Informer can accurately fit the smooth main degrada-
tion trend of tool wear, deep learning models often exhibit structural prediction lag or
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underestimation when encountering random nonlinear mutations caused by material
inhomogeneities or spindle chatter in real-world industrial settings [23].

To address this, the training strategy for the second stage of this research focuses on
the “secondary mining” of deep model errors. Using the flattened raw signals (X f lat) as the
input space, the difference between the ground-truth labels (ytrue) and the predictions of
the deep model (ŷdeep) is defined as the residual label r:

r = ytrue − ŷdeep (8)

The sequence pair
(

X f lat, r
)

is then input into the LightGBM regressor for fitting. Since
decision trees are inherently piecewise-constant functions in terms of space partitioning,
they possess a superior capability to capture high-frequency oscillations and outliers that
are challenging for deep learning models to approximate. During the inference phase, the
final prediction ŷ f inal is obtained by precisely summing the main degradation trend and
the residual correction term:

ŷ f inal = ŷdeep + ŷres (9)

3.6. Bayesian Hyperparameter Optimization

To maximize the synergistic performance of the hybrid model and eliminate the
suboptimal bias introduced by manual parameter tuning, this paper introduces a Bayesian
automated optimization system based on the Optuna framework.

The optimization process employs the Tree-structured Parzen Estimator (TPE) algo-
rithm. By constructing a probabilistic surrogate model of the parameter space to guide the
search direction, the TPE algorithm focuses on exploring promising regions that minimize
the validation set RMSE. More importantly, given the extremely high computational cost of
training deep networks, a Hyperband dynamic -pruning strategy based on multi-armed
bandit theory is simultaneously introduced. The system monitors the validation loss during
the early training epochs of each trial in real time. If the convergence trend of a specific
hyperparameter configuration is found to be significantly inferior to historical records,
early termination (Early Pruning) is immediately triggered. This dynamic evaluation-based
early pruning strategy and computational resource-allocation mechanism enable this study
to accomplish hundreds of global joint optimizations for both the model architecture and
hyperparameters within a limited computational budget [24].

4. Experimental Setup and Results
To comprehensively validate the effectiveness, robustness, and generalization capabil-

ity of the proposed prediction framework, this section conducts systematic experimental
evaluations on the PHM 2010 benchmark dataset and an external HMoTP validation dataset
for tool wear prediction in machining operations. All experiments were implemented in
Python 3.11.9 using PyTorch 2.9.1 with CUDA 13.0 on a Windows 11 operating system. The
hardware environment was equipped with an NVIDIA GeForce RTX 5070 Ti GPU (16 GB
GDDR7 VRAM, NVIDIA Corporation, Santa Clara, CA, USA) and 32 GB of DDR5 memory
to accelerate the training and inference processes.

4.1. Dataset Description and Preprocessing Details

This paper first adopts the PHM 2010 High-Speed CNC Milling Machine Tool Wear
Challenge dataset (PHM 2010 Data Challenge Dataset) as the main benchmark platform for
algorithm validation [25]. This dataset provides a highly representative physical scenario of
machining processes, characterizing severe transient high-frequency shocks and nonlinear
degradation processes.
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To provide a comprehensive physical context and clarify the tribological details un-
derlying this computational study, the specific experimental equipment and machining
parameters are summarized in Table 1. The machining proceeded line by line along the
X-axis of the workpiece.

Table 1. Experimental conditions and machining parameters for the PHM 2010 dataset.

Parameter Category Specification/Value

Machine Tool Röders Tech RFM760 high-speed CNC milling machine
Workpiece Material Stainless steel (Hardness: HRC 52)

Cutting Tool 6 mm diameter, three-flute ball-nose tungsten carbide cutter
Cutting Condition Dry milling

Spindle Speed 10,400 RPM
Feed Rate 1555 mm/min

Axial Depth of Cut (Z) 0.2 mm
Radial Depth of Cut (Y) 0.125 mm

During the experiment, the three-axis cutting forces were recorded using a Kistler
9265B three-component dynamometer, the cutting vibration signals were captured using
Kistler 8636C piezoelectric accelerometers, and the AE-RMS signal was acquired using a
Kistler 8152-series acoustic emission sensor. All multi-source sensor signals were sampled
simultaneously at 50 kHz. This 7-channel multi-modal monitoring system provides a
minimal sufficient set of descriptors for tool wear progression: the 3-axis cutting forces
(Fx, Fy, Fz) directly reflect the macroscopic mechanical load and severe friction changes at
the tool–workpiece interface; the 3-axis vibration signals (Vx, Vy, Vz) capture the dynamic
response and stability of the machine–tool fixture system; and the acoustic emission (AE)
signal is highly sensitive to micro-scale plastic deformation and micro-chipping events.

In milling operations, tool wear is commonly characterized by flank wear (VB) and
crater wear (KB) [26]. Among these, flank wear VB is widely adopted in tool wear moni-
toring and prediction because it directly affects the surface quality, process reliability, and
dimensional accuracy of the machined workpiece [27]. Following the annotation scheme
of the PHM 2010 dataset, this study adopts flank wear VB as the target indicator of tool
degradation. Here, VB denotes the distance between the cutting edge and the end of the
wear land on the tool flank face. After each complete cutting pass, the tool was removed,
and the flank wear of each flute was measured using a LEICA MZ12 microscope. Since tool
failure is generally governed by the most severely worn cutting edge, the maximum flank
wear among the three flutes was used as the ground-truth wear label for the corresponding
time step.

To ensure long-range sequence dependencies and the integrity of process-related
signal features, the multi-source signal from a single cutting pass was down-sampled
and truncated into a sequence of fixed length L = 4096. Consequently, the input tensor
dimension is constructed as X ∈ RB×4096×7.

Regarding the dataset division strategy, six identical cutters were initially tested in
the challenge. However, due to structural limitations in the official data release where
cutters C2, C3, and C5 lack complete and continuous ground-truth wear labels, this study
strictly utilizes cutters C1, C4, and C6 to prevent the injection of artificial bias through label
interpolation. The samples from tools C1, C4, and C6 were divided into training, validation,
and testing sets at a ratio of 7:2:1 using a sample-level random split.

It should be noted that the PHM 2010 dataset was divided at the sample level rather
than the tool level; therefore, samples from the same tool-life trajectory may appear in
different subsets. This setting may introduce trajectory-level information overlap among
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the training, validation, and testing data, which represents a potential source of informa-
tion leakage. Thus, the PHM 2010 results mainly reflect model performance under this
benchmark split. Section 4.9 further provides a complementary held-out-tool validation on
the HMoTP dataset.

4.2. Training Strategy and Hyperparameters

The training of the deep model in this study is based on the Adam optimizer, and
the objective function employs the Mean Squared Error (MSE) loss to penalize outlier
predictions that deviate from the true wear values. During the network initialization phase,
the parameters of the deep backbone network are set according to the final hyperparam-
eter optimization results. Specifically, the CNN branch uses a base channel number of
(cnn_base_channel = 16) with a convolution kernel size of (kernel_size = 7), corresponding
to the pyramidal channel expansion described in Section 3.4.

During the training process, the batch size is set to 16, and the initial learning rate is set
to 5× 10−5, accompanied by an early stopping mechanism. The maximum limit for training
epochs is set to 150. After the training of the deep model converges and the main degradation
trend is extracted, the weights of the deep model are frozen. Subsequently, the extracted
prediction residuals are utilized to train the LightGBM compensator. After optimization via
Optuna, the core hyperparameter of LightGBM—the learning rate—is adaptively locked at
approximately 0.0396. This is combined with a dynamic limit on the number of leaf nodes to
achieve optimal nonlinear approximation of high-frequency residuals.

Unless otherwise specified, all PHM 2010 results reported in Sections 4.4–4.8 were
obtained using the final configuration summarized in Table 2.

Table 2. Final configuration used for the reported PHM 2010 results.

Configuration Item Final Setting

Statistical features for FiLM Top-30 GBR-selected statistical features; manual_feature_dim = 30
CNN branch base channel = 16; kernel size = 7; channel expansion = 16, 32, 64

Informer branch hidden dimension = 256; encoder layers = 4; attention heads = 4;
dropout = 0.22276

Deep-model training batch size = 16; initial learning rate = 5 × 10−5; maximum epochs = 150;
early-stopping patience = 30

LightGBM residual compensator learning rate = 0.03965; num_leaves = 18; feature_fraction = 0.8697;
num_boost_round = 100

Residual compensation ensemble 5 LightGBM models averaged; seeds = 42, 123, 456, 789, and 2024

Data split and random seed C1/C4/C6 samples randomly split 70%/20%/10% for
training/validation/testing; split seed = 42

Hyperparameter-selection
criterion

Best Optuna/TPE trial selected by minimum validation RMSE; best validation
RMSE = 4.6691

4.3. Evaluation Metrics

To quantitatively evaluate the accuracy and goodness-of-fit of the model in predicting
tool wear, this paper adopts four standard statistical metrics: Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the coefficient of
determination (R2). Their specific mathematical definitions are as follows:

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2 (10)

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)
2 (11)
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MAE =
1
N

N

∑
i=1

|yi − ŷi| (12)

R2 = 1 −

N
∑

i=1
(yi − ŷi)

2

N
∑

i=1
(yi − y)2

(13)

where N is the total number of samples in the testing set, yi is the actual measured value,
ŷi is the model’s predicted value, and y is the mean of the actual measured values. RMSE is
more sensitive to prediction outliers, while an R2 value closer to 1 indicates that the model
has a stronger explanatory capability for the overall degradation trend.

4.4. Comparative Analysis

To validate the predictive performance of the proposed model on the PHM 2010
benchmark dataset, this section constructs multiple baseline models for a comprehensive
comparison, covering traditional machine learning methods (SVR, LightGBM), classic time-
series deep learning architectures (CNN-ResNet, TCN, BiLSTM+Attn), and the standard
self-attention model (Transformer). The quantitative comparison of the prediction results is
presented in Table 3.

Table 3. Performance comparison of different prediction models.

Model RMSE MAE R2 Training Cost (s)

SVR 15.9605 8.0212 0.7932 48
LightGBM (Raw Input) 8.2279 5.3726 0.9450 85

Transformer 7.6882 5.4927 0.9520 1826
TCN 5.4445 3.9157 0.9759 144

CNN-ResNet 6.7153 4.6203 0.9634 46
BiLSTM+Attn 5.1514 3.0063 0.9785 4176

Ours (Hybrid+LightGBM) 4.0016 2.8271 0.9870 1027

Result Analysis: As shown in Table 3 and Figure 8, the traditional shallow model
(SVR) exhibits severe performance bottlenecks when dealing with high-dimensional long
sequences (with an RMSE of up to 15.9605). Although the standard Transformer theoreti-
cally possesses a global receptive field, its ability to extract local transient high-frequency
shocks is weak due to computational resource constraints (RMSE of 7.6882), resulting in
persistently high errors. In contrast, the model proposed in this paper achieves signifi-
cant advantages, with its RMSE (4.0016) and MAE (2.8271) being the lowest among all
models, and the coefficient of determination (R2) increasing to the highest value of 0.9870.
Compared to the standard Transformer, the proposed model significantly reduces the
RMSE and MAE by 47.9% and 48.5%, respectively. Although the prediction accuracy of the
BiLSTM+Attn combination is close to that of the proposed model, its training time reaches
4176 s—more than four times that of our model—indicating excessive computational over-
head. This indicates that the cascaded architecture of “hybrid deep network capturing
the main degradation trend” combined with “LightGBM correcting local residuals” can
effectively adapt to the complex dynamic process of nonlinear tool degradation, achieving
an excellent balance between accuracy and efficiency.

https://doi.org/10.3390/lubricants14070269

https://doi.org/10.3390/lubricants14070269


Lubricants 2026, 14, 269 15 of 23

Figure 8. Histogram comparison of performance metrics across different baseline models.

4.5. Ablation Study

To thoroughly investigate the independent contributions of the core modules within
the proposed framework (i.e., the CNN local perception module and the LightGBM residual
compensation module), an ablation study is designed in this section. Two model variants
are constructed: Model A (removing LightGBM, retaining only the deep model) and Model
B (removing the CNN branch, retaining only the Informer + LightGBM architecture).

Result Analysis: As shown in Table 4, when the LightGBM residual compensation
mechanism is removed (Model A), the model’s RMSE deteriorates from 4.0016 to 4.3238.
This indicates that relying solely on deep learning for end-to-end fitting will still miss a por-
tion of the high-frequency residual components caused by transient operating conditions.
Similarly, when the CNN branch is stripped away (Model B), the model also experiences
a performance drop (RMSE of 4.7591), proving that the 1D-CNN plays a crucial role in
extracting local transient high-frequency shocks when dealing with machining vibration
signals. The ablation study demonstrates that while the deep learning backbone captures
the primary degradation trend, the integration of decision-tree residual correction provides
an effective complementary mechanism to further refine local transient errors.

Table 4. Ablation study on the contributions of different modules.

Model Variant MSE RMSE MAE R2

Model A (CNN-Informer without Residual Comp) 18.6948 4.3238 2.9423 0.9848
Model B (Informer-LightGBM without CNN) 22.6489 4.7591 3.4929 0.9816

Ours (Complete Framework) 16.0125 4.0016 2.8271 0.9870

4.6. Visualization of Prediction Performance on the Test Set

To intuitively demonstrate the dynamic tracking capability and overall goodness-of-fit of
the proposed hybrid framework under highly non-stationary conditions, a multi-dimensional
visualization analysis was performed on the tool wear predictions for the test set. This includes
the prediction trajectory on the test set, zoomed-in views of local fluctuating segments, and a
scatter correlation plot between predicted and ground-truth values.

Visual Analysis: As illustrated in Figure 9a, the ground-truth wear values in the
test set do not follow a perfectly smooth trend. Instead, the macroscopic upward trend is
interspersed with numerous local nonlinear steps and high-frequency oscillations caused by

https://doi.org/10.3390/lubricants14070269

https://doi.org/10.3390/lubricants14070269


Lubricants 2026, 14, 269 16 of 23

chip entanglements or material hard spots. Under these complex conditions, the prediction
trajectory of the proposed model closely follows the ground-truth labels across the test
samples without significant deviation or divergence, validating the model’s global tracking
performance over long sequences.

   
(a) (b) (c) 

Figure 9. Visualization of the prediction performance: (a) Prediction trajectory on the test set,
(b) Zoomed-in view of a highly fluctuating segment, (c) Scatter plot of predicted versus true
flank wear.

The zoomed-in view in Figure 9b clearly shows that conventional models, such as
LSTM, often exhibit a significant prediction lag (Lagging Effect) when facing transient high-
frequency mutations in wear volume, resulting in over-smoothed and delayed responses.
In contrast, the proposed model not only preserves high-frequency details but also better
follows local fluctuations of the ground truth.

Furthermore, the scatter correlation plot in Figure 9c confirms the superior perfor-
mance of the model from a global statistical perspective. The prediction points are tightly
clustered along the y = x diagonal, showing no significant systematic bias or outliers.
This high degree of linear correlation aligns with the high R2 of 0.9870 reported in Table 3,
further demonstrating the good dynamic tracking capability of the proposed framework in
complex, non-stationary machining scenarios.

4.7. Optimization Process Analysis

The performance of deep learning frameworks is highly dependent on the configura-
tion of network architectures and hyperparameters. The Optuna TPE Bayesian optimization
algorithm, combined with the Hyperband pruning strategy employed in this study, helps
improve the search process.

As illustrated in Figure 10, the optimization algorithm extensively evaluated the
scattered parameter space during the initial exploration phase, resulting in significant fluc-
tuations in the objective function values (validation set RMSE). As the number of iterations
increased, the TPE algorithm converged rapidly, utilizing the constructed probabilistic
surrogate model to concentrate sampling on promising, high-potential regions with low
errors (exploitation). Simultaneously, a large number of poorly performing trials were
successfully pruned by the Hyperband strategy during early epochs. While ensuring
convergence toward a low-validation-error solution (represented by the red convergence
baseline), this dynamic evaluation strategy effectively avoided prolonged evaluation of
sub-optimal configurations.
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Figure 10. Convergence history of the Bayesian hyperparameter optimization process using TPE and
Hyperband pruning.

4.8. Statistical and Visual Analysis of Residuals

In this study, residual analysis serves not only as a means to evaluate model accu-
racy but also as robust statistical evidence confirming whether the model has sufficiently
extracted the wear-related signal information from the data.

Figure 11 presents a comprehensive visual diagnosis of the final prediction residuals.
The histogram (Figure 11a) exhibits an effective “bell-shaped” distribution with its statistical
mean extremely close to zero (0.4318). The scatter plot of residuals versus predicted values
(Figure 11b) shows that the errors are randomly and uniformly distributed around the zero-
mean reference line without any “funnel-shaped” divergence, visually suggesting constant
variance across all tool degradation stages. Furthermore, in the Q-Q plot (Figure 11c), the
sample quantiles adhere closely to the normal reference diagonal in the central region,
preliminarily indicating a near-Gaussian distribution. Finally, the residual autocorrelation
function (ACF) in Figure 11d shows that the autocorrelations across various lags remain
predominantly within the 95% Bartlett confidence bounds, suggesting the absence of strong
time-dependent structures.

  
(a) (b) 

Figure 11. Cont.
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(c) (d) 

Figure 11. Statistical visualization of the final prediction residuals: (a) Histogram with normal
distribution fit, (b) Residuals vs. Predicted Values, (c) Q-Q plot, (d) residual autocorrelation function
(ACF) with 95% Bartlett confidence bounds.

To quantitatively validate these visual interpretations, rigorous statistical diagnostic
tests were conducted at a significance level of 0.05 (Table 5). It is crucial to note that
in practical high-frequency machining operations, monitoring signals naturally exhibit
slightly heavy-tailed behavior due to intermittent cutting shocks, material hard spots, and
measurement uncertainty. Consequently, applying strict normality tests directly to the
raw absolute residuals can be overly sensitive to these physically inevitable outliers. To
objectively evaluate the model’s fit to the central degradation trend [28], a pre-defined
two-sided 1.5% trimming strategy was introduced as a sensitivity analysis prior to the
normality testing.

Table 5. Statistical diagnostic tests of final prediction residuals.

Residual Set n Shapiro–Wilk p Anderson-Darling Durbin–Watson Breusch–Pagan p

Original residuals 95 4.86 × 10−5 1.392 1.812 0.263
Trimmed residuals 91 0.0825 0.377 1.785 0.183

As detailed in Table 5, the diagnostic results provide quantitative support for the
robustness of the proposed hybrid framework across three statistical aspects. First, after
excluding the extreme 1.5% tails, the Shapiro–Wilk test yields a p-value of 0.0825, failing to
reject the null hypothesis of normality. This near-Gaussian central distribution indicates
that the framework has successfully decoupled the deterministic wear patterns from the
non-stationary signals, leaving primarily unpredictable random noise. Second, regarding
temporal independence, the Durbin–Watson statistics for both the original (1.812) and
trimmed residuals (1.785) align closely with the ideal value of 2. This confirms the ACF
visual findings, suggesting no evident systematic “memory effect” or prediction lag against
dynamic cutting shocks. Finally, the Breusch–Pagan test returns a p-value of 0.183, confirm-
ing homoscedasticity. In real-world machining, signal variance typically explodes during
the severe wear stage just before tool failure. The non-significant Breusch–Pagan result
indicates that the residual variance does not show an obvious systematic dependence on
the predicted wear level, suggesting stable error dispersion across the prediction range.

4.9. External Generalization Validation on the HMoTP Dataset

To further evaluate the generalization capability of the proposed framework beyond
the PHM 2010 benchmark dataset, an external validation experiment was conducted on the

https://doi.org/10.3390/lubricants14070269

https://doi.org/10.3390/lubricants14070269


Lubricants 2026, 14, 269 19 of 23

HMoTP dataset. Different from the sample-level random 7:2:1 split used for PHM 2010, the
HMoTP experiment adopted an independent tool-based validation strategy, in which one
complete tool life was held out for testing and the remaining tools were used for model
development. This protocol provides a stricter cross-tool evaluation and helps prevent data
leakage from the same tool life cycle.

4.9.1. HMoTP Dataset Description and Tool-Based Data Division

This study further adopts the High-speed Milling of Thin-walled Parts (HMoTP)
dataset as an external validation dataset [29]. The HMoTP dataset was released by Prof.
Qinghua Song’s research group at Shandong University and was originally developed for
tool wear monitoring in high-performance milling of titanium alloy thin-walled parts using
domain knowledge [30]. Compared with the PHM 2010 benchmark dataset, HMoTP repre-
sents a different machining scenario in terms of workpiece structure, material properties,
sensing configuration, and signal evolution characteristics.

Thin-walled titanium alloy parts are widely used in aerospace manufacturing because
of their lightweight structure and high specific strength. However, their low structural
stiffness makes the milling process more susceptible to workpiece deformation, chatter,
and force–vibration coupling. Under high-speed cutting conditions, the monitoring signals
may contain not only the gradual degradation trend caused by progressive tool wear, but
also local transient fluctuations induced by structural flexibility and dynamic instability.
Therefore, this dataset provides a suitable scenario for examining whether the proposed
hybrid framework can capture both long-range wear evolution and local non-stationary
signal disturbances.

To provide a clear physical context for this external validation, the main experimental
platform and data characteristics of the dataset are summarized in Table 6.

Table 6. Experimental platform and data characteristics of the HMoTP dataset.

Parameter Category Specification/Value

Machine tool Five-axis boring and milling machining center with a HEIDENHAIN
numerical control system

Workpiece material and size Ti6Al4V titanium alloy thin-walled part, 150 mm × 100 mm × 5 mm
Cutting tool 14 mm TiAlN-coated detachable carbide end mill

Force/moment measurement Kistler 9170B rotary dynamometer
Vibration measurement Dytran 3263A1 three-axis acceleration sensor
Data acquisition system NI PXIe-1073 acquisition system

Sampling frequency 5000 Hz
Monitoring signals Three-axis milling force, axial moment, and three-axis workpiece vibration

Signal channels Fx, Fy, Fz, Mz, Ax, Ay, and Az
Tool-life tests Three tools: T01, T02, and T03

Raw cutting operations 100 cutting operations per tool
Wear measurement Portable digital microscope, E3ISPM18000KPA

Wear label Measured tool wear value corresponding to each cutting operation

For each cutting operation, the monitoring signals were stored as an independent CSV
file, and the corresponding measured mean wear value was used as the prediction label. To
maintain consistency with the PHM 2010 input setting, the cleaned signals were segmented
using a non-overlapping sliding-window strategy with both the input sequence length and
sliding step set to 4096. Since each cutting record contains 32,001 sampling points, it was
segmented into seven complete non-overlapping windows, and the remaining points were
discarded. Accordingly, each tool yielded 700 window-level samples, with all windows
from the same cutting operation assigned the corresponding measured mean wear label.
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Tool T03 was completely held out as the unseen test tool, while T01 and T02 were used
only for model development. The window-level samples from T01 and T02 were randomly
divided into training and validation subsets at an 8:2 ratio, whereas all samples from T03
were used only for independent testing.

4.9.2. Generalization Results and Discussion

To verify the generalization capability of different prediction methods on the exter-
nal validation dataset, the proposed model was compared with several representative
baseline methods. The prediction performance was evaluated using RMSE, MAE, and R2.
Figure 12 presents the tool wear prediction results for the testing tool T03, from which it
can be observed that the proposed method provides more accurate predictions than the
compared methods.

 
Figure 12. Prediction curves of different models on the held-out T03 tool.

As shown in Table 7, the proposed Hybrid CNN-Informer + LightGBM framework
achieves the best overall performance on the held-out T03 tool. These results indicate
that the proposed method achieves lower prediction errors and a higher coefficient of
determination than the baseline models.

Table 7. Cross-tool generalization performance on the held-out T03 tool.

Model RMSE MAE R2

SVR 27.4631 21.9832 0.7539
LightGBM 26.9491 22.0552 0.7630

Transformer 19.2135 16.3043 0.8795
TCN 19.6990 16.0195 0.8734

CNN-ResNet 22.0326 16.5738 0.8416
BiLSTM+Attn 20.7505 17.6576 0.8595

Ours (Hybrid+LightGBM) 9.1111 7.3522 0.9729

As shown in Table 8, the model with residual compensation achieves lower RMSE
and MAE than the uncompensated Hybrid CNN-Informer baseline on the held-out T03
tool, while also obtaining a higher R2 value. This indicates that the LightGBM module
mainly corrects the remaining local errors after the deep backbone has captured the main
wear degradation trend. The improvement observed under the cross-tool validation setting
further suggests that the residual correction provides a modest supplementary refinement
for unseen tool-wear data.
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Table 8. Effect of residual compensation on the held-out T03 tool.

Model RMSE MAE R2

Hybrid CNN-Informer 9.8183 8.1016 0.9685
Hybrid CNN-Informer + LightGBM 9.1111 7.3522 0.9729

The prediction curves in Figure 12 further demonstrate the effectiveness of the pro-
posed method. Compared with the baseline models, the predicted results of the proposed
framework are closer to the measured tool wear values, showing more accurate prediction
performance on the unseen T03 tool.

It should be noted that the leave-one-tool-out validation used in this section is stricter
than a random sample-level split. In a random split, training and testing samples may come
from the same tool life trajectory, whereas in this experiment, the T03 tool is completely
excluded from model training and validation. Therefore, the results on T03 demonstrate
that the proposed framework has good generalization capability for predicting the wear
trend of unseen cutting tools.

5. Conclusions and Future Work
To address the dual challenges in tool wear monitoring during modern precision

machining operations—specifically, the difficulty in capturing long-term dependencies and
the tendency to overlook nonlinear transient features—this paper proposes a two-stage
hybrid tool wear prediction framework based on residual compensation, featuring a “main-
trend baseline extraction and fine local compensation” strategy. This framework effectively
integrates the deep feature extraction capabilities of the Hybrid CNN-Informer with the
robust nonlinear fitting advantages of LightGBM. Through systematic validation on the
PHM 2010 benchmark dataset and additional external validation on the HMoTP dataset,
the following conclusions are drawn:

Methodological Contribution: The statistical-feature-guided early fusion strategy
based on the FiLM conditional modulation mechanism successfully prevents time–
frequency statistical features from being submerged within deep networks. Furthermore,
decoupling the prediction task into “main degradation trend extraction” and “secondary
residual compensation” provides a practical way to alleviate the limitation of single-
architecture deep networks in balancing stationary and non-stationary signal components.

Quantitative Performance: Comparative experiments demonstrate that the error met-
rics of the proposed framework significantly outperform existing mainstream methods.
The model achieves an RMSE as low as 4.0016, an MAE of 2.8271, and a coefficient of
determination (R2) of up to 0.9870. Compared to the standard Transformer, the prediction
accuracy shows clear improvement, with improvements exceeding 30%. In the external
HMoTP validation, the proposed framework also achieved the best performance on the
held-out T03 tool, with an RMSE of 9.1111, MAE of 7.3522, and R2 of 0.9729, indicating
good predictive capability under an independent tool-based testing protocol.

Theoretical Validation: Statistical visualization analysis confirms that the final system
prediction errors, after residual compensation, effectively approach a robust, near-Gaussian
distribution. This statistically corroborates that the model can sufficiently extract the
deterministic wear-related signal components from sensor signals, demonstrating good
robustness under the tested conditions and freedom from systematic bias.

Future Work: Although this study demonstrates the effectiveness and predictive
capability under the tested datasets of the hybrid framework on the PHM 2010 benchmark
dataset and the external HMoTP dataset, future research needs to advance toward more
extreme machining scenarios. Future work will focus on exploring transfer learning and
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domain adaptation technologies, aiming to migrate this framework from the current milling
environment to high-precision gear grinding scenarios characterized by data scarcity and
harsh operating conditions. Simultaneously, research will be conducted to compress the
deep model via pruning or quantization techniques, facilitating low-latency, online closed-
loop predictive maintenance (PdM) on machine tool edge devices.
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