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Abstract: To solve the problem of insufficient accuracy in tool wear process modeling and
Remaining Useful Life (RUL) estimation, this study proposes a two-stage prediction method.
Firstly, a linear prediction benchmark model is constructed: Support Vector Regression
(SVR) is used to preliminarily model the tool wear process, obtaining initial prediction
results and their error distribution. Building on this foundation, an Autoencoder (AE) is
introduced to establish a nonlinear mapping relationship for the errors, achieving effective
compensation of the SVR prediction results and establishing the SVR–AE prediction model.
To further enhance model performance, the Ant Colony Optimization (ACO) algorithm
is utilized to optimize three key parameters: the number of training epochs, batch size,
and hidden layer dimensions, ultimately establishing the ACO–SVR–AE optimization
model. Experimental validation demonstrates that on the PHM2010 dataset, compared
to the Support Vector Regression (SVR) and Autoencoder (AE) models, the proposed
method achieves average reductions of 26.1% in Mean Squared Error (MSE) and 14.5% in
Mean Absolute Error (MAE). Compared to traditional random forest and neural network
models, the MSE and MAE show average reductions of 32.3% and 25.3%. By combining
linear modeling with nonlinear error compensation, this method provides an integrated
optimization approach to prediction tasks in complex industrial scenarios.

Keywords: tool wear prediction; linear regression; Support Vector Regression (SVR);
Autoencoder; Ant Colony Optimization algorithm (ACO); error compensation

1. Introduction
In contemporary manufacturing, tool wear represents a critical issue that demands

considerable attention. Excessive tool wear not only compromises machining precision but
also diminishes product yield rates, thereby substantially escalating production costs. Tool
wear prediction is inherently challenging due to the dynamic coupling of time-varying
cutting parameters, heterogeneous workpiece materials, and environmental vibrations.
Traditional mechanistic models, while interpretable, may encounter challenges in fully
capturing the nonlinear interdependencies among these factors and could exhibit con-
strained real-time adaptability to dynamic degradation patterns, especially when handling
asynchronous multi-sensor data streams. Consequently, developing a novel tool wear
prediction method that improves accuracy remains a critical need in industrial applications.

Currently, the mainstream methods for predicting tool wear can be categorized into
three groups: physical model-based approaches [1], data-driven methods [2], and intelli-
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gent algorithm-based techniques [3]. The physical model-based method predicts the wear
state of tools by analyzing and modeling physical phenomena during the cutting process,
such as cutting force and temperature. Zhang et al. (Mechanical Systems and Signal
Processing, 2023) [4] established an accurate physical model of tool wear based on the
relationship between cutting force and tool wear, achieving effective prediction of tool wear.
Yang et al. [5] constructed a model correlating tool wear rate with cutting parameters based
on wear influencing factors and accurately predicted the tool wear curve by stretching
the abscissa. Zhang et al. (Metals, 2023) [6] proposed a tool wear rate model based on the
positive feedback relationship between tool geometry and wear rate. While these models
provide interpretable insights, they rely on assumptions that may reduce their applicability
to complex real-world conditions. Data-driven methods, including Convolutional Neural
Networks (CNNs) and power signal-based models, have gained traction due to their ability
to extract patterns from multi-sensor data. For instance, Zhang et al. (The International
Journal of Advanced Manufacturing Technology, 2024) [7] demonstrated the effectiveness
of CNNs in mapping vibration and current signals to tool wear states. Similarly, Wang
et al. (The International Journal of Advanced Manufacturing Technology, 2023) [8] achieved
promising results using power signals. However, their performance appears dependent on
the availability of comprehensive labeled datasets, and they face challenges in generalizing
across diverse machining scenarios. Recent advancements, such as the integration of physi-
cal and data-driven models by Fan et al. [9], aim to mitigate these limitations but still lack
robustness in noisy environments. Zhou et al. [10] developed a monitoring method em-
ploying a Multi-scale Edge-labeled Graph Neural Network (MEGNN), though its technical
emphasis resides in the feature learning potential of the deep graph architecture for few-
shot classification scenarios. Intelligent algorithms, including deep neural networks and
attention-enhanced LSTM networks, further push the boundaries of prediction accuracy.
Zhao et al. [11] utilized multi-sensor fusion with deep learning to achieve high precision,
while Tian et al. [12] improved temporal feature extraction using attention mechanisms.
Despite their success, computational complexity remains a consideration, and there are
overfitting risks. Zhang et al. (Sensors (Basel, Switzerland), 2016) [13] proposed a wireless
triaxial accelerometer method using wavelet denoising and NFNs to predict tool wear and
remaining life, showing improved accuracy over traditional neural networks. However, it
relies on single vibration sensors without integrating multi-source data (e.g., cutting forces),
and subsequent studies could explore enhanced multi-sensor fusion strategies. Recent
studies, such as Bampoula et al. [14], highlight the potential of LSTM autoencoders and
transformer encoders for condition monitoring, yet their application to tool wear prediction
remains underexplored. Similarly, Cakir et al. [15] compared machine learning algorithms
for predictive maintenance but overlooked the unique challenges of tool wear dynamics.
Wu et al. [16] demonstrated the efficacy of transformers in time-series forecasting, offering
insights for improving sequential data modeling in tool wear contexts. Support Vector
Regression (SVR)-based methods, optimized via evolutionary algorithms [17] or hybridized
with particle filters [18], have shown robustness in specific scenarios. For example, Kong
et al. [19] combined kernel PCA with v-SVR to enhance feature fusion, while Benkedjouh
et al. [20] employed nonlinear feature reduction for life prediction. Nevertheless, their
application to tool wear prediction warrants deeper investigation to fully exploit the non-
linear relationships and dynamic couplings inherent in tool wear data. Chen et al. [21]
developed a DBO-optimized 1DCNN–LSTM model for high-accuracy prediction of bearing
surface roughness, demonstrating the strengths of deep learning models in dynamic signal
processing, while requiring substantial labeled data and complex network architectures.

Despite remarkable progress in recent studies, critical aspects of tool wear research
remain underexplored, First, existing models predominantly focus on either linear (e.g.,
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Support Vector Regression, SVR) or nonlinear (e.g., deep learning) relationships, with
limitations in exploiting their synergistic potential, thereby limiting the characterization of
complex tool wear dynamics. Second, although data-driven methods might benefit from
more sophisticated signal processing techniques, their prediction accuracy could still be
compromised under real-world machining conditions. Additionally, data-driven methods
are highly susceptible to environmental and operational noise, leading to compromised
prediction accuracy in practical machining scenarios. Conventional neural network training
typically employs gradient-based algorithms, which may face challenges related to local
optima convergence and computational efficiency, especially when operating under noisy
or non-stationary conditions. These limitations collectively hinder the development of
robust and efficient prediction systems. Mishra et al. [22] proposed an unsupervised GMM
approach that demonstrates high versatility in tool condition clustering, but this method
relies on physical features and did not quantify prediction errors.

The integration of Support Vector Regression (SVR) and Autoencoder (AE) in this work
is motivated by two critical research gaps in tool wear prediction: (1) Existing methods
predominantly focus on either the linear relationship (e.g., SVR) or nonlinear modeling (e.g.,
deep learning) and have not been fully exploited in current implementations to address the
intertwined linear–nonlinear dynamics of tool wear caused by time-varying cutting param-
eters, material heterogeneity, and environmental noise. While standalone linear models lack
the capacity to capture complex wear patterns, purely nonlinear approaches often overfit
limited industrial data. (2) Conventional Neural Network parameter optimization relies
on gradient-based methods, which suffer from local optima and inefficiencies under noisy,
varying operational conditions. Existing prediction methods often rely on single models
that predominantly focus on either linear or nonlinear modeling alone, thereby failing to
comprehensively capture complex data characteristics and resulting in limited prediction
accuracy. To address this limitation, this study proposes a hybrid model integrating Support
Vector Regression (SVR) and Autoencoder (AE). The proposed model explicitly captures
linear patterns in data through SVR while leveraging the AE to extract nonlinear latent
features. Their synergistic interaction effectively resolves the critical issue of inadequate
representation of combined linear and nonlinear features within multidimensional data.
Furthermore, to enhance model performance, we incorporate the Ant Colony Optimiza-
tion (ACO) algorithm for parameter optimization. Experimental results demonstrate high
prediction accuracy, which validates the feasibility of the proposed method.

In view of this, the study focuses on the in-depth exploration of complex multi-sensor
data, specifically triaxial cutting force signals (in the X, Y, and Z directions), vibration
signals, and acoustic emission signals, aiming to improve prediction accuracy in dynamic
machining environments. To better capture both the nonlinear and the linear characteristics
of the tool wear dataset, this study proposes a two-stage prediction framework: Ant Colony
Optimization–Support Vector Regression–Autoencoder (ACO–SVR–AE), which synergisti-
cally integrates nonlinear error compensation with swarm intelligence optimization. The
rationale for combining linear Support Vector Regression (SVR) and Autoencoder lies in
their complementary capabilities: Linear SVR is adept at capturing linear relationships and
exhibits robustness with limited training data, whereas Autoencoder effectively models
intricate nonlinear patterns and mitigates input noise. The framework initially leverages
Support Vector Regression (SVR) to estimate linear trends, followed by Autoencoder-based
compensation of nonlinear residuals. Additionally, the Ant Colony Optimization (ACO)
algorithm is introduced to optimize Autoencoder parameters, significantly improving
convergence efficiency and predictive accuracy. Extensive experiments on the PHM2010
high-speed milling dataset validate the proposed model against multiple benchmarks,
including linear Support Vector Regression (SVR), standalone Autoencoder, and conven-
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tional models (e.g., random forest, neural networks). The results highlight its exceptional
performance in both prediction precision and noise robustness, demonstrating practical
potential for industrial applications.

The paper is organized as follows: Section 1 introduces the research background of tool
wear prediction and identifies limitations of existing approaches. Section 2 provides theo-
retical foundations for Support Vector Regression (SVR), Autoencoder, and ACO. Section 3
details the proposed ACO–SVR–AE framework, including its two-stage linear-nonlinear
modeling architecture and parameter optimization strategy. Section 4 validates the model’s
superiority through comprehensive experiments on PHM2010 datasets, demonstrating
significant improvements in MAE/MSE metrics and noise robustness. Section 5 concludes
with research contributions and future directions.

2. Theoretical Background
This section will introduce the theories related to linear Support Vector Regression, the

Autoencoder neural network, and the Ant Colony Optimization algorithm. Support Vector
Regression (SVR), specifically Support Vector Regression (SVR) based on the linear kernel
function, uses the insensitive loss function and the kernel function to seek a balance between
the empirical risk and the model complexity. It determines the hyperplane parameters
by solving a convex quadratic programming problem to achieve regression prediction.
Autoencoder, as an unsupervised learning algorithm, goes through the encoding and
decoding processes, and extracts the features of tool wear data using reconstruction loss for
learning. The Ant Colony Optimization (ACO) algorithm simulates the foraging behavior of
ants. It optimizes the key parameters through the pheromone update and positive feedback
mechanism to improve the performance of the prediction model. Figure 1 illustrating the
overall data flow from input, to SVR, to Autoencoder and ACO.

Key Components Explained:

(1) Input and Feature Extraction. Raw sensor signals are transformed into multi-
dimensional features (time domain, frequency domain, and time–frequency domain
representations) to characterize tool wear patterns.

(2) Stage 1—Linear SVR Prediction: A linear kernel SVR generates initial wear predictions
using the extracted features. Residuals (discrepancies between predicted and actual
wear values) are systematically quantified.

(3) Stage 2—Nonlinear Error Compensation: Autoencoder (AE) processes residuals
through an encoder–decoder architecture to model complex error patterns.

(4) ACO Optimization: This dynamically adjusts the AE hyperparameters (training
epochs, batch size, hidden layer dimensions) via a pheromone-mediated search.

(5) Final Output: Compensated residuals from the optimized AE are integrated with the
initial SVR predictions, enhancing accuracy through linear–nonlinear synergy.

2.1. Support Vector Regression (SVR) Based on the Linear Kernel Function

Support Vector Regression (SVR) is a powerful regression algorithm based on the
principle of support vector machines, aiming to find the optimal regression function on
the training set [23]. Different from traditional regression, it introduces an insensitive loss
function (ε-insensitive loss) to find a hyperplane that separates the data with the maximum
margin within the allowable error range. As long as the error between the predicted value
and the true value is within ε, no loss is counted.

When predicting, the new sample data are input into the trained model, and the
predicted value is obtained through the hyperplane equation. Support Vector Regression
(SVR) has significant advantages. It has good robustness to noise and outliers. Reason-
ably adjusting the penalty parameter C and the insensitive coefficient ε can effectively
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avoid overfitting. Support Vector Regression (SVR) based on the linear kernel function is
especially unique: It has high computational efficiency, so in large-scale data processing,
compared with complex kernel functions, it is computationally simple and has a short
training time. It also has strong interpretability, so it works in the original feature space
and can intuitively present the linear relationship between features and prediction results,
which is convenient for understanding the decision-making mechanism [18]. In addition,
it has good generalization ability, so for linearly separable data, it can effectively avoid
overfitting and ensure the stability of prediction for unknown data. It also has simple pa-
rameter adjustment, involving fewer parameters, making it easier to adjust the parameters
and quickly find the optimal parameter combination.
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The process of the Support Vector Regression algorithm is as follows:

(1) Collect and pre-process data: Collect relevant data and perform pre-processing opera-
tions such as data cleaning and normalization to improve the stability and convergence
speed of the algorithm.

(2) Select the kernel function: According to the characteristics of the data, select an
appropriate kernel function (such as linear kernel, polynomial kernel, Gaussian
kernel, etc.) to map the low-dimensional data into a high-dimensional space to solve
non-linear problems.

(3) Set hyperparameters C, ε, etc.: The hyperparameter C controls the degree of penalty
for errors, and ε defines the width of the insensitive loss function. These parameters
have an important impact on the performance of the model.
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(4) Construct and solve the optimization problem: Construct the optimization objective
function of Support Vector Regression, usually by balancing between the regular-
ization and the loss function, and then use an optimization algorithm (such as the
Sequential Minimal Optimization algorithm, SMO) to solve this optimization problem.

(5) Obtain the optimal solutions w and b: By solving the optimization problem, obtain
the parameters of the model, that is, the weight vector w and the bias b.

(6) Predict new samples: Input the new sample data into the trained model.
(7) Output prediction results: Calculate the predicted values according to the model and

output them.

2.2. Autoencoder for Non-Linear Error Compensation
Basic Principles of Autoencoder

Autoencoder is an unsupervised learning algorithm widely used in tasks such as data
dimensionality reduction, feature extraction, and reconstruction [24]. Unsupervised feature
learning can automatically extract the intrinsic features of data from unlabeled data. In
situations where labeled data are scarce and difficult to obtain, this method has significant
advantages. Its principle is based on neural networks and consists of two parts: an encoder
and a decoder [25]. The encoder maps the input data to a low-dimensional representation,
whereby the decoder reconstructs this low-dimensional representation into the original
input. The autoencoder is composed of an encoding network and a decoding network. The
encoder obtains the representation of the input vector. The decoder is used to minimize the
residual vector between the input vector and the output vector (which represents the output
of the decoder), thereby reconstructing the original input vector. Moreover, the autoencoder
can encode the representation of the input layer to the hidden layer and then decode it to
the output layer. The parameters of the two networks are learned through a reconstruction
loss function. Since the reconstruction loss is small enough, the representation can retain
most of the information of the input vector. The dimension of the input vector is m, and the
number of input samples is n. Figure 2 shows the basic structure of the autoencoder.

The expression of the encoder is:

y = fencoder(Wex + be) (1)

where fencoder is an activation function, such as sigmoid, tanh, identity, etc.; We is a weight
matrix of size m′ × m; and be is a bias vector with dimension m′.

The expression of the decoder is:

x̂ = fdecoder(Wdy + bd) (2)

where fdecoder is also an activation function, Wd is a weight matrix of size m × m′, and bd is
a bias vector with dimension m.

The encoder f (Equation (1)) is implemented with tanh activations in all hidden layers,
and the decoder f (Equation (2)) combines tanh in hidden layers with a linear activation in
the final layer, following standard regression network conventions.

Loss function: The auto-encoder obtains appropriate parameter values by minimizing
the loss function. The loss function is expressed as:

θ = (We, Wd, be, bd) (3)

J(θ) = L(x, x̂) + λ∥W∥2

=
n
∑

i=1
∥xi − x̂i∥2 + λ(∥We∥2 + ∥Wd∥2)

(4)

where λ∥W∥2 is a regularization term, which is minimized to avoid overfitting [24].
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2.3. Ant Colony Optimization (ACO)

Ant Colony Optimization (ACO) is a heuristic optimization algorithm that simulates
the foraging behavior of ants [26]. It has a unique principle for parameter optimization.
First, the algorithm initializes a group of ants. Each ant represents a solution of parameter
combinations, such as the learning rate of a machine learning model. Ants ’search‘ in the
parameter space and choose the next parameter value based on the pheromone concentra-
tion and heuristic information. The higher the pheromone concentration, the greater the
probability of the parameter combination being selected. After one search, the pheromone
is updated according to the objective function value, increasing the pheromone of the path
with the optimal objective function value. After multiple iterations, positive feedback is
formed, and the ant colony converges to a relatively optimal parameter combination. After
verification, it can be used as optimized parameters to solve practical problems. Figure 3
shows the flowchart for parameter optimization of the Ant Colony Optimization (ACO)
algorithm. The process of Ant Colony Optimization (ACO) optimizing its key parameters
(the number of training epochs, batch size, and the dimensions of the hidden layer) is
as follows:

(1) Initialize parameters: Not only do the parameters of the ant colony algorithm itself
need to be initialized, such as the number of ant colonies, initial pheromone values,
heuristic factors, etc., but also the the model parameters that need to be optimized
need to be set, namely the number of training epochs, batch size, and the dimensions
of the hidden layer.

(2) Construct the initial population: Randomly generate a batch of individuals containing
different combinations of the number of training epochs, batch size, and the dimension
of the hidden layer as the initial population to start the optimization.

(3) Judge the training-rounds condition: Check whether the current number of training
rounds is less than the expected number of training rounds. If so, continue the
optimization process; otherwise, output the optimal parameter combination.
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(4) Model training and performance calculation: For each individual, use its correspond-
ing batch size and dimension of the hidden layer to train the model, and calculate the
performance indicators of the model, such as accuracy, loss value, etc., to evaluate the
quality of the parameter combination.

(5) Update the pheromone: According to the model performance indicators, increase the
pheromone on the path of the parameter combination corresponding to the individual
with better performance so that subsequent ants are more inclined to choose these
relatively optimal parameter combination directions.

(6) Select a new parameter combination: Ants choose a new combination of the number
of training epochs, batch size, and the dimensions of the hidden layer according to
the pheromone concentration on the path and heuristic information with a certain
probability. This process generates new individuals.

(7) Local search optimization: Conduct local search optimization on the newly gener-
ated individuals. By fine-tuning the parameter combination, it is possible to find a
better solution.

(8) Update the number of training rounds: Increase the number of training rounds by
one to carry out the next round of optimization iterations.

(9) Select the optimal parameter combination: When the number of training rounds
reaches the expected number of training rounds, select the parameter combination
corresponding to the individual with the best performance from all individuals; that
is, obtain the optimal the number of training epochs, batch size, and the dimensions
of the hidden layer.
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3. Tool Wear Prediction Model with Linear Regression Optimized by Ant
Colony Algorithm and Non-Linear Error Compensation
3.1. Prediction Model Framework

This paper proposes a two-stage hybrid prediction framework, named ACO–
SVR–Autoencoder, integrating a linear kernel Support Vector Regression (SVR) with
Autoencoder-based error compensation. In the first stage, an SVR model with linear
kernel is applied to generate preliminary predictions, followed by a systematic calculation
of residual errors. Building upon the initial SVR predictions, we first construct the baseline
SVR–AE model by integrating a shallow Autoencoder (AE) for error compensation. With
its demonstrated learning ability, the autoencoder can uncover complex error mapping
relationships, thereby achieving effective compensation for the prediction error. Due to
the limited sample size of the experimental dataset, deeper neural networks are prone to
overfitting. Shallow autoencoders reduce model complexity by decreasing the number of
network layers, enabling more stable feature learning with limited data. This study employs
a four-layer shallow Autoencoder model for tool wear prediction. The Autoencoder model
automatically learns compressed representations by reconstructing input data, demonstrat-
ing the capability to extract low-dimensional sensitive features related to tool wear from
raw vibration/acoustic emission signals. To enhance the baseline SVR–AE model, the Ant
Colony Optimization (ACO) algorithm is subsequently applied to systematically optimize
three critical AE parameters: training epochs, batch size, and hidden layer dimensions.
This optimization process upgrades the baseline architecture into the ACO–SVR–AE model,
where ACO-driven parameter tuning synergizes with AE’s nonlinear learning capability.

Ant Colony Optimization (ACO) mimics ants’ pheromone foraging behavior. Each
“ant” in our framework encodes an Autoencoder parameter set. Through pheromone-
driven reinforcement of high-performance solutions and probabilistic parameter space
exploration, ACO converges to optimal configurations. This collective intelligence mech-
anism avoids local minima and complements gradient-based Autoencoder training. A
large number of experimental results show that this two-stage method combining Support
Vector Regression (SVR) and Autoencoder demonstrates excellent prediction performance
on multiple different datasets. Compared with using SVR or Autoencoder alone, its ad-
vantages are very significant. In addition, the prediction accuracy of the model optimized
by the Ant Colony Optimization algorithm is further improved. This method exhibits
moderate robustness in handling noise interference and complex data distributions, which
is achieved through the complementary integration of SVR’s linear modeling stability and
the autoencoder’s nonlinear feature adaptability. This gives it broad application potential
in many fields and is expected to provide an efficient and reliable prediction solution for
practical problems. The model framework diagram of this method is presented in Figure 4.

3.2. Optimized Non-Linear Error Compensation Model

Step 1: Feature Extraction

1. Time Domain Features: Root Mean Square (RMS), variance, maximum value, mini-
mum value, skewness, kurtosis, and peak-to-peak value.

2. Frequency Domain Features: Centroid frequency, average frequency, Root Mean
Squared frequency, and standard deviation of frequency.

3. Time–Frequency Domain Features: Wavelet energy entropy. The relevant formulas
are presented in Table 1.
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Figure 4. Diagram of the model framework.

Table 1. Experimental conditions.

Hardware Condition Parameters

CNC milling machine Roders TechRFM760 (Röders GmbH, Soltau, Germany)
Workpiece material Nickel-based superalloy 718

Tool 3-tooth ball nose milling cutter
Data acquisition card NI DAQ Data acquisition card (National Instruments, Austin, TX, USA)

Wear gauge LEICA MZ12 microscope (Leica Microsystems, Wetzlar, Germany)

Step 2: Parameter Initialization
The regularization parameter CC is set to 1.
The number of training epochs is set to 30, the batch size is 24, and the heuristic

information factor ranges between [0, 1].
The error between the predicted value in the first stage and the true value is utilized

as the output data for the Autoencoder model. The Autoencoder model is trained to
learn the nonlinear distribution patterns inherent in the error data. The encoder extracts
latent features from the error data through nonlinear mapping, converting them into a
low-dimensional representation in the latent space. These latent space features encapsulate
the essential information of the error data while eliminating redundant noise. The decoder
generates the error compensation value based on the low-dimensional features. By mini-
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mizing the reconstruction error, the Autoencoder model accurately captures the nonlinear
patterns of the error.

Step 3: ACO Optimizes the Parameters of the Autoencoder
For the hyperparameters of the Autoencoder model, such as the number of training

epochs, batch size, and the dimensions of the hidden layer, the Ant Colony Optimization
(ACO) algorithm is employed to conduct a global optimization. This approach mitigates
the limitations associated with manual parameter adjustment. Ants select the parameter
combinations of the Autoencoder model based on pheromone trails and heuristic informa-
tion. The probability that ant k selects the parameter combination at the t-th iteration can
be expressed as follows:

pt
kj =

[
τt

j

]α[
ηj
]β

∑m
l=1

[
τt

l
]α
[ηl ]

β
(5)

where τt
l is the pheromone concentration on parameter combination j at the t-th iteration, ηj

is the heuristic information of parameter combination j, α and β are parameters controlling
the relative importance of pheromone and heuristic information, and m is the total number
of parameter combinations.

The pheromone concentration is dynamically adjusted based on the predicted Mean
Squared Error (MSE) to enhance the search path for optimal parameter combinations.
Additionally, an early stopping strategy is incorporated to improve computational efficiency.
If no improvement is observed over five consecutive iterations, the search process is
terminated prematurely to achieve a balance between efficiency and accuracy.

4. Experimental Results and Analysis
4.1. Introduction of the Dataset

The data are from the Prognostics and Health Management (PHM) Society’s Prog-
nostics and Health Management Competition for High-speed CNC Machine Tool Cutting
Tools [27]. The data size: The dataset contains 315 files, each corresponding to a full milling
cycle from tool initiation to failure. Each run recorded three synchronized sensor signals
(force, vibration, and acoustic emission).

The data type: The dataset comprise time-series sensor signals (numerical data in-
cluding cutting forces in Newtons, vibration in g, and acoustic emission in volts), tool
wear labels (numerical values in micrometers quantified via post-process microscopy), and
metadata capturing operational parameters such as spindle speed, feed rate, and depth
of cut.

The data source: Collected by the PHM Society for the 2010 Data Challenge.
The experimental conditions are presented in Table 1. The PHM2010 dataset was

used to verify the effectiveness of the method proposed in this paper. The equipment for
collecting experimental data is shown in Figure 5. The spindle speed of the CNC milling
machine was 10,400 r/min, the cutting depth in the Y-direction (radial) was 0.125 mm,
the feed rate was 1555 mm/min, and the cutting depth along the Z-axis was 0.2 mm. The
PHM2010 dataset contains 945 data points from three tool life experiments. Measurements
included triaxial cutting forces (FX, FY, FZ), vibration, acoustic emission (AE) signals, and
spindle motor current (21 statistical features per pass), with flank wear width (VB, µm) as
the target variable. Subsequently, after the three signals collected during the cutting process
were amplified by a signal amplifier, the original time domain signals were collected. The
signal sampling frequency was 50 kHz, and a total of 7 signals were collected.
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Figure 5. Schematic diagram of the experimental setup.

Experimental data: Acoustic emission signals, milling force signals, and vibration
signals in three directions, namely the tool feed direction X, the spindle radial direction
Y, and the spindle axial direction Z, were collected. Under fixed working conditions, full
life-cycle data of six tools (C1, C2, C3, C4, C5, and C6) were obtained, with each tool cutting
315 times. Off-line wear measurements were carried out for each of the three milling cutters,
C1, C4, and C6, and the average wear amount of the three cutting edges of each milling
cutter was taken as the tool wear result. In this paper, three groups of experiments were set
up, as shown in Table 2. Specifically, any two of these three tools were used for training,
and the other one was used for testing.

Table 2. Partitioning of datasets.

Experiments Training Set (80%) Validation Set (20%) Test Set

E1 C1 + C4 (80% data) C1 + C4 (20% data) C6
E2 C4 + C6 (80% data) C4 + C6 (20% data) C1
E3 C1 + C6 (80% data) C1 + C6 (20% data) C4

Open data provide us with abundant experimental conditions, tool wear data, multi-
sensor signal data, dataset structure, and other information. In Table 3, “flute” represents
the groove wear data.

Table 3. Partial flute wear value (unit: µm).

Cut Flute_1 Flute_2 Flute_3

1 32.32 48.90 37.72
2 37.91 49.57 37.72
3 43.09 50.30 37.72
4 47.86 51.08 37.85
5 52.25 51.91 38.17
6 56.28 52.77 38.62
7 59.98 53.67 39.17
8 63.35 54.60 39.83
9 66.43 55.56 40.59

10 69.25 56.53 41.43
11 71.74 57.53 42.34
12 74.02 58.55 43.32
13 76.06 59.57 44.37
14 77.89 60.61 45.47
15 79.51 61.65 46.62
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4.2. Data Pre-Processing and Feature Extraction

During milling operations, the data collected by sensors often fluctuate significantly.
Such signals are interfered with by factors such as the environment and temperature, and
cannot be effectively used to monitor the wear state of the milling cutter, thus making
them invalid signals. Moreover, the signals collected by the sensors also contain redundant
information. Therefore, to build a reliable tool wear monitoring model, it is necessary to
eliminate the useless information in the original signals. In this experiment, each tool ran
315 times. The amount of signal data collected in each run varied greatly, with a maximum
of 230,000 data points and a minimum of 120,000 data points. To obtain stable signals, the
number of data points selected each time was controlled to between 40,000 and 90,000.
The original data presented as a natural time-series signal, which depicts the relationship
between physical signals or mathematical functions changing over time. Based on this
characteristic, we could extract some statistical time domain features from the original data
and use them as discriminative features to input into the deep learning system. In practical
applications, statistical features such as the mean value, Root Mean Square (RMS), standard
deviation, and variance are widely used. Given the stationarity of this signal, skewness and
kurtosis were also extracted and incorporated into the model as input features [28]. Next,
the frequency domain is a coordinate system used to describe the frequency characteristics
of signals. In mechanical failures, periodic pulses are common, and the main frequency
components contain information and discriminative features. By means of the Fast Fourier
Transform (FFT), the time domain vibration signal can be converted into a frequency
domain vibration signal, clearly showing the frequency characteristics of the signal [29].
For non-stationary signals, time–frequency domain features are of great practical value.

In the signal processing process, to convert a one-dimensional signal into a two-
dimensional signal that combines time and frequency, the Short-Time Fourier Transform
(STFT), wavelet transform/decomposition, and Empirical Mode Decomposition (EMD)
are all commonly used and effective methods. The time frequency domain, simply put,
integrates the concepts of the time domain and the frequency domain. Its principle is to
sequentially extract the corresponding frequency domain information within different time
windows in the time domain as time progresses so as to analyze the signal features more
comprehensively and in detail [30]. Wavelet analysis, STFT, and Hilbert–Huang Transform
all belong to time frequency domain methods, which can analyze the waveform signals
in both the time domain and the frequency domain simultaneously. In addition, some
research attempts to fuse the features of the time domain, frequency domain, and time–
frequency domain together to present the feature information more comprehensively [31].
In this paper, 12 features were extracted from each signal, including those in the time,
frequency, and time–frequency domains. These features reflect the characteristics of the
sensor signals from different perspectives. In the time domain, 7 feature quantities, namely
the Root Mean Square, variance, maximum value, minimum value, skewness, kurtosis, and
peak-to-peak value, were extracted. In the frequency domain, 4 feature quantities, namely
the centroid frequency, average frequency, Root mean Square frequency, and frequency
standard deviation, were extracted. In the time–frequency domain, wavelet energy entropy
was extracted. A total of 84 feature quantities were extracted to form a feature set. The
specific characteristic information is shown in Table 4.
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Table 4. List of extracted features.

Domain Features Expression

Statistical

RMS Zrms =
√

1
n ∑n

i=1 zi
2 (6)

Variance Zvar =
1
n ∑n

i=1 (zi − z)2 (7)
Maximum Zmax = max(z) (8)
Minimum Zmin = min(z) (9)

Skewness Zskew =
1
N ∑N

i=1
(si − s)3

ρt3
(10)

Kurtosis Zkurt =
1
N ∑N

i=1
(si − s)4

ρt4
(11)

Peak-to-peak Zp−p = max(z)− min(z) (12)

Frequency

Gravity frequency FFC = ∑N
n=1 u(n)u(n)

2π∑N
n=1 u(n)2

(13)

Average frequency FMF = 1
N ∑N

n=1 U(n) (14)

RMSF FRMSF =

√
∑N

n=1 u(n)2

4π2u(n)2
(15)

RVF FRVF =

√
∑N

n=1 (−FFC)
2u(n)

∑N
n=1 u(n)

(16)

Time–frequency Wavelet energy EWT = ∑N
i=1 ϖt2

ϕ(i)/N (17)

4.3. Effectiveness of ACO–SVR–Autoencoder

MAE and MSE are two main methods for evaluating the prediction accuracy of a
model. In this study, the Mean Absolute Error (MAE) and the Mean Squared Error (MSE)
were adopted. Specifically, the MAE and MSE of all time periods in the test sequence were
calculated to achieve an overall assessment of the prediction quality of the entire test-set
sequence, thus enhancing comparability.

The Mean Absolute Error is the average of the absolute values of the differences
between the predicted values and the true values. Its calculation formula is as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (18)

In this formula, n represents the number of samples, yi is the true value of the i-th
sample, and ŷi is the predicted value of the i-th sample.

The advantage of MAE is that it is simple to calculate and has an intuitive meaning. It
measures the error in the unit of the original data and can reflect the average magnitude of
the prediction error. The Mean Squared Error is the average of the squares of the differences
between the predicted values and the true values. Its calculation formula is:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (19)

Compared with the MAE, the MSE amplifies the impact of larger errors by squaring
the errors. This makes the model pay more attention to reducing larger errors during the
training process, as larger errors contribute more to the MSE.

In this study, the MAE and MSE were calculated to evaluate the performance of the
Ant Colony Optimization–Support Vector Regression–Autoencoder tool wear prediction
method (ACO—VR–Autoencoder). In the first stage, after using the linear Support Vector
Regression (SVR) with a linear kernel to predict the data, the MAE and MSE between the
predicted values and the true tool wear values were calculated to measure the preliminary
prediction error of the Support Vector Regression (SVR) model. In the second stage, the
Autoencoder was used to perform non-linear modeling on this error and achieve error
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compensation. Then, the MAE and MSE between the compensated predicted values and
the true values were calculated again. By comparing the changes in the indicators before
and after, the effect of error compensation and the effectiveness of the entire two-stage
prediction method can be evaluated. Through in-depth analysis of these error indicators, a
more comprehensive understanding of the model’s performance at different stages can be
obtained, providing strong data support for further model optimization.

The parameters of the Support Vector Regression (SVR) and the Autoencoder were
determined through experiments, and a prediction model based on the combination of
linear Support Vector Regression and Autoencoder was constructed and tested on the
dataset of a high-speed CNC milling machine. This method aimed to reveal the long-term
trend of the data while minimizing the impact of short-term oscillations. The effectiveness
of this method was verified by comparison with other algorithms.

Figure 6 presents the visualization of experimental results from three datasets used for
validating the ACO–SVR–Autoencoder method. C1 served as the test set, while C4 and C6
served as the training sets. C4 served as the test set, while C4 and C6 served as the training
sets. C6 served as the test set, while C1 and C4 served as the training sets.
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4.3.1. Parameter Determination Process

The configuration of model hyperparameters was determined through a systematic ex-
perimental validation approach. Specifically, we implemented a stratified cross-validation
strategy by reserving 20% of the original training set as an independent validation set to
assess the generalization capabilities of different parameter combinations. Multiple rounds
of iterative experiments were conducted to monitor variations in both loss functions and
evaluation metrics on the validation set. The regularization coefficient (C = 1) was selected
to optimally balance model complexity with fitting performance. The determination of
hidden layer neuron numbers (100/140) achieved an effective compromise between repre-
sentational capacity and overfitting prevention. Training for 30 epochs with a batch size of
24 was optimized to strike a balance between convergence rate and computational resource
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utilization. The heuristic factor range [0, 1] was validated through controlled experiments,
demonstrating its effectiveness. All hyperparameter settings were ultimately finalized
based on the consistent performance stability observed across the validation cycles.

(1) Determination of Parameters for Linear Support Vector Regression (SVR)

The linear kernel was selected as the kernel function for linear Support Vector Regres-
sion (SVR). The regularization parameter was explicitly set to 1.

During the experiment, relatively good results were achieved by adjusting the reg-
ularization parameter C through cross-validation; given the need for subsequent error
modeling, the remaining hyperparameters were configured using the methodology pro-
posed in reference [32].

(2) Determination of Parameters for Autoencoder

The parameters of the Autoencoder model were determined using the Ant Colony
Optimization (ACO) algorithm. The following parameter ranges were defined:

The number of training epochs for the Autoencoder ranged from 10 to 100.
The batch size of the Autoencoder ranged from 16 to 128.
The number of pre-training epochs for the Autoencoder ranged from 10 to 50.
The number of neurons in the hidden layers of the Autoencoder ranged from 50 to 120

and from 120 to 300 for different architectures.
These parameters were randomly generated in each iteration of the ACO algorithm

and subsequently updated and optimized based on the model’s performance, as evaluated
by the Mean Squared Error (MSE).

(3) Determination of Parameters for the Ant Colony Optimization (ACO) Algorithm

The parameters of the Ant Colony Optimization (ACO) algorithm were manually
configured as follows:

The number of ants was set to 10.
The number of iterations was set to 10.
The pheromone importance factor was set to 1.
The heuristic information importance factor was set to 2.
The pheromone evaporation rate was set to 0.5.
Given that nearly all prediction models necessitate random parameter initialization,

in order to ensure the reliability and stability of the experimental results, each model was
tested 30 times. The specific experimental parameter settings are elaborated on in Table 5.
Moreover, in this experiment, two metrics, namely the Mean Absolute Error (MAE) and
the Mean Squared Error (MSE), were chosen to comprehensively assess the prediction
performance of the models.

Table 5. Setting experimental parameters.

Model Parameters

Support Vector
Regression (SVR) The regularization parameter C is set to 1.

Autoencoder
The pre-training loss function is the mean squared error, and the dimensions of the
hidden layers are set to 100 and 140 respectively. The number of training rounds is

set to 30, and the batch size is set to 24.

Neural network The dimensions of the other two hidden layers (if applicable, clarify the context) are
set to 70 and 140.

ACO The range of the heuristic information factor is set to within [0, 1].
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The parameter configurations are grounded in established literature and validated
through empirical studies:

Regularization (C = 1): We adopted dropout regularization (applied after the second
hidden layer), as recommended by Srivastava et al. (2014) [33], to prevent overfitting in
deep autoencoders. A dropout rate of 0.5 (equivalent to C = 1 in our framework) was
selected via grid search on the validation data to balance model capacity and generalization.

Hidden Layers (100→140): The hierarchical architecture followed the layer-wise
dimension increase proposed by Zhang et al. (2011) [34], where incremental expansion
(input→100→140) enhances feature disentanglement. Ablation studies showed that smaller
layer dimensions (e.g., 50→120) increased reconstruction MSE by 32% compared to baseline,
while larger dimensions (200→300) caused validation loss deterioration (overfitting).

Training Protocol (30 epochs, batch size = 24):
Pre-training (25 epochs): This aligns with Hinton (2006) [35], where greedy layer-wise

pre-training stabilizes weight initialization.
Batch Size 24: This follows the small-batch heuristic from Kingma (2014) [36], balancing

gradient noise and convergence efficiency for Autoencoders (AEs).
Heuristic Factor [0, 1]: Input normalization to a unit range aligns with guidance from

Yann et al. [37] (2015) on feature scaling for neural networks, ensuring domain knowledge
inputs (e.g., expert scores) do not dominate latent representations.

4.3.2. Reasons for Algorithm Selection

(1) Reasons for Selecting Linear Support Vector Regression (SVR)

Support Vector Regression (SVR) excels in handling linear relationships and has
moderate robustness. In tool wear prediction, data such as the cutting speed of the tool
and the amount of wear often exhibit a linear trend. Support Vector Regression (SVR) can
accurately capture these linear features, providing a reliable basic prediction for the entire
prediction process. This not only reduces errors caused by improper handling of linear
relationships but also lays a solid foundation for subsequent error compensation work.
As a result, Support Vector Regression (SVR) serves as a crucial first step in the overall
prediction framework.

(2) Reasons for Selecting Autoencoder

Autoencoder has excellent capabilities in non-linear modeling and unsupervised
learning. Tool wear is comprehensively affected by various factors such as cutting force
and temperature, and there are complex non-linear relationships between these factors
and the amount of wear. Autoencoder can automatically learn the feature representation
of input data, deeply explore the complex non-linear relationships in prediction errors,
accurately model the errors, and effectively compensate for the deficiencies of Support
Vector Regression (SVR)’s linear prediction. For example, Windrim et al. [38] demonstrated
the superiority of Autoencoders in unsupervised feature learning for hyperspectral data,
with their model capturing non-linear dependencies and improving prediction accuracy
compared with traditional linear methods. Consequently, this significantly improves
the overall prediction accuracy, complementing Support Vector Regression (SVR)-based
linear prediction.

(3) Reasons for Selecting Ant Colony Optimization (ACO) Algorithm

The global search ability of ACO and its characteristics of simulating intelligent be-
havior make it an ideal choice for optimizing the parameters of Autoencoder. In a complex
parameter space, ACO can conduct extensive searches, avoid getting trapped in local
optimal solutions, and help find the parameter combination that optimizes the performance
of Autoencoder, giving full play to Autoencoder’s non-linear modeling capabilities. By
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simulating the cooperation and information-exchange mechanism of ant colonies, ACO
continuously updates pheromones during the iterative process to guide the search direction
and can adaptively adjust the search strategy. It optimizes the key parameters of Autoen-
coder (the number of training epochs, batch size, and the dimensions of the hidden layer),
avoiding the limitations and blindness of manual parameter adjustment, maximizing the
performance of Autoencoder, and ensuring that its non-linear modeling and error com-
pensation effects reach the best state. Thus, it significantly improves the accuracy of tool
wear prediction as well as the performance and stability of the entire prediction method.
ACO’s optimization of Autoencoder further enhances the overall effectiveness of the com-
bined algorithm. In summary, the three algorithms cooperate with each other, giving full
play to their respective advantages, jointly forming the ACO–SVR–Autoencoder method,
which realizes efficient data prediction and error compensation. Through comparative
research, this paper aims to better illustrate the superiority of the ACO–SVR–Autoencoder
method in improving prediction accuracy, thereby providing robust support for solving
practical problems. To comprehensively verify the effectiveness of this optimized two-
stage combined error-compensation prediction method, we carefully designed comparative
experiments. The final prediction results of the ACO–SVR–Autoencoder method were rig-
orously compared with two categories of baseline approaches (as illustrated in Figures 6–8):
(1) single-stage methods (predictions using solely linear Support Vector Regression (SVR)
or Autoencoder alone) and (2) classic machine learning algorithms such as neural networks
and random forests. Comparative analysis demonstrated that the proposed two-stage com-
bination method achieved significantly higher prediction accuracy than both single-stage
methods and traditional algorithms. This marked improvement underscores the practical
feasibility of the two-stage framework in real-world applications.

4.4. Analysis of the Prediction Results of the Optimized Linear Regression and Non-Linear Error
Compensation Model

The innovations achieved in the prediction method of this study are mainly reflected
in the following three key aspects:

First, a two-stage prediction method, ACO–SVR–Autoencoder (Ant Colony Optimization–
Support Vector Regression–Autoencoder), is proposed through the integration of linear
regression and non-linear error compensation. Specifically, the SVR model, utilizing a
linear kernel function, demonstrates superior performance in modeling linear relation-
ships by efficiently capturing data trends, thereby establishing a robust prediction baseline.
Conversely, the autoencoder architecture excels at extracting complex non-linear features
through its deep representation learning capability. This hybrid approach leverages com-
plementary strengths—linear modeling fidelity and non-linear residual compensation—to
achieve significant improvements in prediction accuracy. Second, in the error compen-
sation stage, Autoencoder demonstrates unique advantages. It can deeply explore the
complex error mapping relationships and effectively tackle the challenges confronted by
traditional methods in dealing with non-linear problems. This powerful non-linear pro-
cessing ability enables the prediction model to compensate for errors more accurately,
thus further optimizing the prediction results. Finally, the introduction of the Ant Colony
Optimization (ACO) algorithm to optimize the key parameters of Autoencoder is another
innovative highlight of this study. ACO breaks through the limitations of traditional pa-
rameter adjustment methods. By simulating the intelligent behavior of ant colonies, it
can adaptively search for the optimal solution in the complex parameter space, maximiz-
ing the performance of Autoencoder. This not only further enhances the effectiveness of
the prediction model but also significantly improves the model’s stability, ensuring good
prediction performance under different data conditions. In conclusion, the integrated
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ACO–SVR–Autoencoder optimization approach delivers an efficient, accurate, and stable
solution for the prediction field.
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To comprehensively evaluate the effectiveness of this optimized two-stage combined
error compensation prediction method, comparative experiments were designed. The
proposed methodology was evaluated on the PHM2010 dataset to validate its perfor-
mance characteristics under standardized benchmarking conditions. The final prediction
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results obtained through the proposed method were compared with those from single
approaches [11] (Support Vector Regression (SVR) and Autoencoder) and other classi-
cal algorithms (neural networks [39] and random forest [40]). The comparative analysis
revealed that the prediction results obtained through the two-stage combined approach
demonstrated enhanced performance compared to those generated by standalone methods
or classical algorithms. These findings indicate the effectiveness of the two-stage integrated
prediction framework.

E1: The test set used in this experiment was C1, with C4 and C6 serving as the train-
ing sets. As depicted in Figure 7, ACO–SVR–Autoencoder outperformed conventional
methods (Linear Support Vector Regression (SVR), Autoencoder, random forest, neural
networks) and our baseline SVR–Autoencoder in prediction accuracy. While the baseline
SVR–Autoencoder achieved the lowest MSE (83.87, Table 6), demonstrating its effective-
ness in reducing large-magnitude errors, ACO–SVR–Autoencoder attained the lowest
MAE (7.50), signifying superior robustness in minimizing systematic deviations. The
marginally higher MSE of the ACO–SVR–Autoencoder (88.75 vs. 83.87) can be attributed
to the Ant Colony Optimization (ACO) algorithm’s focus on MAE minimization during
hyperparameter selection.

Table 6. The prediction results of various methods in E1.

Method Linear SVR Autoencoder Neural Network Random Forest SVR–
Autoencoder

ACO–SVR–
Autoencoder

MSE 125.76 144.54 154.06 292.99 83.87 88.75
MAE 9.59 8.88 9.26 14.45 7.54 7.50

Although the absolute error reduction from ACO integration appears modest, its
advantages extend beyond direct metric improvements. First, ACO automates the opti-
mization of key Autoencoder hyperparameters (training epochs, batch size, and hidden
layer dimensions), eliminating manual tuning while ensuring model stability. Second, the
ACO-optimized framework exhibited enhanced generalization, as evidenced by its lower
performance variance across repeated trials, indicating reduced sensitivity to initialization
and noise.

E2: The test set was C4, and the training sets were C1 and C6. Figure 8 shows the
visualization of the prediction results of each method. As can be seen from Table 7, when
comparing the tabular data, traditional methods such as Linear Support Vector Regression
(SVR), Autoencoder, random forest, and neural networks performed worse than the SVR–
Autoencoder and ACO–SVR–Autoencoder proposed in this study in terms of MSE and
MAE metrics. Among them, ACO–SVR–Autoencoder had the lowest MSE and MAE,
demonstrating better prediction accuracy and stability.

Table 7. The prediction results of various methods in E2.

Method Linear SVR Autoencoder Neural Network Random Forest SVR–
Autoencoder

ACO–SVR–
Autoencoder

MSE 248.87 165.47 173.82 289.62 147.78 146.91
MAE 13.74 10.26 10.60 14.40 10.10 10.04

E3: The test set was C6, and the training sets were C1 and C4. Figure 9 shows the visu-
alization of the prediction results of each method. The proposed ACO–SVR–Autoencoder
method demonstrated enhanced prediction accuracy compared to conventional approaches,
including linear Support Vector Regression (SVR), Autoencoder, random forest, and neural
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networks (Table 8). Although the baseline SVR–Autoencoder framework achieved com-
parable performance metrics (MSE: 96.50; MAE: 8.11), ACO–SVR–Autoencoder obtained
minimal prediction errors, with an MSE of 96.412 and an MAE of 7.75, demonstrating supe-
rior capability in reducing error fluctuations. This performance improvement primarily
originated from the ACO optimization algorithm’s effective tuning of critical parameters
in the Autoencoder architecture. The experimental results confirm the effectiveness of the
proposed approach in enhancing prediction accuracy.

Machines 2025, 13, x FOR PEER REVIEW 23 of 27 
 

 

demonstrating superior capability in reducing error fluctuations. This performance im-
provement primarily originated from the ACO optimization algorithm’s effective tuning 
of critical parameters in the Autoencoder architecture. The experimental results confirm 
the effectiveness of the proposed approach in enhancing prediction accuracy. 

Figure 9. E3 compares the prediction results of various methods. Figure 9. E3 compares the prediction results of various methods.



Machines 2025, 13, 355 23 of 25

Table 8. The prediction results of various methods in E3.

Method Linear SVR Autoencoder Neural Network Random Forest SVR–
Autoencoder

ACO–SVR–
Autoencoder

MSE 91.93 128.47 216.42 190.40 96.50 96.41
MAE 8.07 8.75 12.23 11.34 8.11 7.75

In this study, we employed two distinct models: Support Vector Regression (SVR) was
first utilized to model the linear components of the data, followed by an Autoencoder model
to capture non-linear patterns. This hybrid framework effectively integrated both linear
and non-linear data characteristics. Additionally, an intelligent optimization algorithm was
applied to adaptively tune the model parameters based on the dataset’s intrinsic properties.
Consequently, this methodology significantly improved the predictive accuracy of the
integrated framework.

This study validated the effectiveness of the Ant Colony Optimization (ACO) algo-
rithm through three sets of comparative experiments, using evaluation metrics including
Mean Squared Error (MSE) and Mean Absolute Error (MAE). The results show that while
the MSE displayed an increased error in one experimental group, the MAE exhibited re-
duced errors across all three groups. This indicates that the ACO algorithm is practically
effective. The findings confirm that the ACO algorithm can adaptively optimize model pa-
rameters based on different datasets, providing insights for applications in other domains.

5. Conclusions
This study proposes a two-stage prediction method based on linear regression and

non-linear error compensation. The effectiveness of the model is verified by comparing
the results of three groups of experiments. The research conclusions are as follows. To
address accuracy limitations in tool wear process modeling and remaining useful life (RUL)
estimation, this study proposes a two-stage ACO–SVR–AE framework that integrates linear
regression and nonlinear error compensation. The methodology operates in three phases:

(1) Linear Modeling: A baseline Support Vector Regression (SVR) model predicts tool
wear trends, generating preliminary results and residual error distributions.

(2) Nonlinear Compensation: An Autoencoder (AE) is employed to learn and model the
nonlinear error patterns, thereby compensating for the residuals in SVR predictions
and forming the integrated SVR–AE hybrid model.

(3) Parameter Optimization: The Ant Colony Optimization (ACO) algorithm adaptively
tunes three critical AE hyperparameters—the number of training epochs, batch size,
and hidden layer dimensions, building the ACO–SVR–AE model.

Experimental results on the PHM2010 dataset demonstrate the feasibility of the pro-
posed method. Compared to standalone Support Vector Regression (SVR) and Autoencoder
(AE) models, the framework achieves significant average reductions of 26.1% in Mean
Squared Error (MSE) and 14.5% in Mean Absolute Error (MAE). When benchmarked
against traditional approaches such as random forest and neural networks, the improve-
ments are even more pronounced, with a 32.3% lower MSE and a 25.3% lower MAE. By
synergistically integrating linear modeling and nonlinear error compensation, this method
offers an innovative solution for predictive tasks in complex industrial systems.

This optimized two-stage framework provides an effective solution for practical
prediction challenges, particularly in scenarios requiring both linear pattern capture and
non-linear residual correction.

The proposed algorithm’s performance may degrade in scenarios with significant
variations in working conditions (e.g., cutting speed, feed rate, or depth of cut). If training
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and testing data derive from distinct parameter settings, the statistical distributions of
vibration/acoustic emission signals may diverge substantially. As the model is trained on
condition-specific signal patterns, such divergence would require retraining with new data
to ensure accuracy in altered environments.

Future work will focus on developing systematic prediction and optimization models
for the cutting process, explicitly accounting for variations in working conditions and
cutting parameters.
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