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Abstract: To address the challenges of high labeling costs and insufficient cross-condition
generalization in training cutting tool wear state prediction models, this paper proposes a
model optimization method based on knowledge distillation. By constructing a teacher
model using a Bidirectional Gated Recurrent Unit (BiGRU-GRU) and a student model uti-
lizing a Transformer architecture, we jointly employ KL divergence distillation, feature Eu-
clidean distance distillation, and cross-entropy supervised training. A multi-objective joint
loss function is designed to facilitate knowledge transfer. Using a self-collected dataset of
aerospace TC18 titanium alloy cutting tools and the publicly available PHM2010 dataset, we
conduct comparative experiments based on two different data partitioning strategies: tool
grouping and mixed grouping. The results indicate that knowledge distillation significantly
enhances the performance of the student model. The Transformer-BiGRU model is more
robust to knowledge distillation. Positive results were obtained for the Transformer-BiGRU
model in both tool grouping and mix grouping experiments. Additionally, comparative
experiments show that the proposed method outperforms traditional methods (such as
GS-XGBoost and Attention-CNN) in both grouping types, validating the effectiveness of
knowledge distillation in transferring knowledge related to tool wear discrimination and
addressing the issue of insufficient training data. The research demonstrates that com-
bining knowledge distillation with the Transformer architecture can effectively enhance
model generalization capabilities, providing theoretical support for monitoring the state of
aerospace titanium alloy machining tools. However, the misclassification issue during the
severe wear stage still requires further optimization based on physical principles.

Keywords: knowledge distillation; wear state prediction; aerospace titanium alloy
machining; knowledge transferring; Transformer

1. Introduction

Deep learning models have been widely applied to tool wear prediction. Single-layer
or single-type deep learning models can effectively extract spatial or temporal information
but struggle to learn high-dimensional feature representations. As a result, many ensemble
models have been developed to enhance robustness and generalization capabilities, leading
to significant research achievements in this area. For instance, some researchers have
proposed a state recognition method that combines continuous wavelet transform with an
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improved MobileViT lightweight network to accurately, quickly, and efficiently identify
milling tool wear states [1].

To predict tool wear more accurately during machining processes, a hybrid model
combining variational mode decomposition (VMD) and backpropagation (BP) neural
networks (VMD-BP) has been introduced [2]. Most current research focuses on complex
signal processing techniques or advanced deep learning algorithms, prompting exploration
into end-to-end data processing paradigms based on deep learning to improve prediction
performance [3]. Zhao et al. proposed a convolutional bidirectional long short-term
network to extract local features and encode temporal information, thereby improving tool
wear monitoring [4]. Li et al. constructed a new physical information element learning
framework for monitoring tool wear rates under different conditions [5]. To learn multi-
scale features, Qiao et al. introduced multi-scale convolutional long-term memory models
for tool wear monitoring [6], combined parallel CNNs with deep residual networks [7],
and integrated parallel residual networks with stacked BiLsSTMs [8]. These models were
validated under fixed operating conditions; however, in real machining processes, tool wear
is influenced by various factors, including material properties, tool design, structure, and
cutting parameters. To account for these conditions, some studies have fused machining
information with extracted features as inputs to deep learning models [9]. Additionally,
Karandikar et al. proposed a physics-guided logical classification method to model the
nonlinear reduction of tool life with cutting speed [10]. In reality, variations in cutting
signals caused by different working conditions are more directly related to tool wear.
Therefore, there is an urgent need to enhance tool condition prediction methods tailored
for the complex cutting conditions of aerospace titanium alloys.

Although models based on encoder-decoder structures have been validated on actual
TC18 titanium alloy samples, significantly improving performance in predicting tool wear
states, these models require large amounts of labeled data for training. Obtaining such data
is challenging and costly in practical industrial applications. Furthermore, differences in
data collected under various equipment and conditions limit the models” generalization
capabilities. To address these issues, this paper proposes a tool wear state prediction
model based on knowledge distillation. This model compression and transfer learning
method enables knowledge transfer from a pre-trained teacher model to a student model,
allowing the student model to learn the teacher model’s discriminative capabilities with
less data, thereby enhancing its performance in predicting tool wear states. It aims to
solve the difficult and costly problem of obtaining large amounts of accurately labeled data
in real industrial applications, while improving the generalization ability of the model.
Knowledge distillation (KD) is a commonly used method for knowledge transfer, which
extracts and transfers the knowledge contained in a pre-trained model (teacher model)
to another model (student model) [11]. KD has been widely applied in natural language
processing tasks, such as machine translation [12] and relation extraction [13].

In the research on tool wear state prediction, the knowledge distillation framework
consists of three components: the teacher model, the student model, and the knowledge
distillation loss function. The teacher model is a well-trained model that performs excel-
lently on a specific dataset, while the student model learns knowledge from the teacher
model through the distillation process. This paper focuses on constructing a tool wear state
prediction model based on knowledge distillation. By defining the knowledge distillation
loss function, the study analyzes the impact of the distillation method on different student
models. It conducts comparative experiments on a self-constructed dataset for predicting
the wear state of titanium alloy cutting tools, evaluates the performance of knowledge
transfer models against existing superior methods, and proposes future research directions
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and key areas for optimizing the comprehensive performance of tool wear state prediction
models in titanium alloy machining processes.

The introductory part of this thesis focuses on the results and limitations achieved in
the research on tool wear state prediction, and presents the research focus and contributions
of this paper. The second part proposes a distillation-based network architecture for
tool wear state prediction, in which BiGRU-GRU is used for the teacher model and the
Transformer-GRU, Transformer-BiGRU, and Transformer-FC models are selected for the
student model. The joint loss function is then defined. In the third part, the aerospace
titanium alloy TC18 cutting tool default allowable wear experiments are carried out, the
tool wear data samples are constructed, the data features are extracted and analysis is
performed, and the knowledge distillation experimental test is carried out. In the fourth
part, comparative experiments are carried out to verify the effectiveness of the proposed
method. The fifth part is the conclusion of the paper.

2. Tool Wear State Prediction Encoder-Decoder Structure

In knowledge distillation, the types of knowledge, distillation strategies, and teacher—
student architectures play a crucial role in the student’s learning process. Traditional
knowledge distillation methods use the logits of a large deep model as teacher knowl-
edge [14]. Intermediate layer activation functions, neurons, or features can also serve as
knowledge to guide the student model’s learning [10]. The relationships between different
activation functions, neurons, or data pairs contain rich information learned by the teacher
model [15]. Additionally, the parameters of the teacher model (or the connections between
layers) also contain another form of knowledge [16]. This paper will adopt response-based
and feature-based knowledge distillation methods.

(1) Response-based knowledge distillation usually refers to mimicking the response
of the output layer of the teacher model, i.e., directly learning the final prediction of the
teacher model, and the method is simple, effective, and widely used. Given the depth
model output vector y, its distillation loss is defined as:

LResD(ytr]/s) = LR(]/t/ }/s) 1)

where Lg,sp denotes the distillation loss of logits, and y; and ys are the logits of the
teacher and the student, respectively. the most commonly used response-based knowledge
distillation in classification tasks is known as soft targeting. The soft logit distillation loss
can be rewritten as:

Lresp(p(yt), p(ys)) = Lr(p(yt), p(ys)) 2)

Obviously, optimizing Equation (1) or Equation (2) matches student and teacher logits.
The concepts are concise and easy to understand, and are especially suitable for tacit
knowledge transfer. However, this type of distillation usually utilizes only the output layer
and fails to provide the intermediate layer of supervisory information. Since soft logits are
actually category probability distributions, response-based knowledge distillation is also
limited to supervised learning.

(2) Deep neural networks implement representation learning through the abstraction
of multi-level features, and thus can utilize the middle layer output (feature mapping) of the
network to supervise student models. Feature-based knowledge distillation is an efficient
extension of response-based distillation, and its loss function is usually expressed as:

Leean (ft(x), fs(x)) = Lr(®s(fi(x)), Ps(fs(x))) (3)

where ¢;(f;(x)) and ¢s(fs(x)) are the middle layer features of the teacher and student
models, respectively. When the dimensions of the two are different, the transformation
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function and can be utilized to adjust. Specifically, L2 paradigm distance, L1 paradigm
distance, cross-entropy loss, and maximum mean difference loss can be used as similarity
functions for the characterization of teacher and student model features.

2.1. Tool Wear State Prediction Knowledge Distillation Framework

The knowledge distillation-based tool condition monitoring method consists of three
components: the teacher model, the student model, and the knowledge distillation loss
function, as shown in Figure 1. Both the teacher and the student model are composed of a
feature extraction module, a feature normalization module, an encoder module, a decoder
module, and a tool wear state output module. The knowledge distillation loss function
includes two functions: KL loss and distance loss.

Tool Wear Condition
555 O

Knowledge

Distillation Loss Tool Wear Condition

Teacher Model
Student Model

112 6r,227002 1y
Feature Normalization

Cutting Fource
Cutting Fource

Time

Time

Figure 1. Framework of knowledge distillation method.

2.2. Knowledge Distillation Model Construction
(1) Construction of the Knowledge Distillation Teacher Model

The tool wear state assessment knowledge distillation teacher model selected in this
paper is the best performing set of models for the PHM2010 dataset. Due to space limitation,
the specific experimental results of the 72 combination models of the encoder and decoder
on PHM?2010 will not be elaborated on. Table 1 demonstrates the winning statistics of
the 72 combinations of encoder and decoder on the PHM2010 dataset. Considering the
performance on the PHM2010 dataset and the real dataset, the performance of existing
commonly used neural networks, such as CNN-LSTM, is not as good as that of BiIGRU-GRU
without loss of generality. This paper chooses BiGRU-GRU as the teacher model, which is
shown in Figure 2.

Table 1. Encoder and decoder win counts on PHM2010.

Number of Encoder Wins Number of Decoder Wins
Bi-GRU 465 GRU 359
GRU 426 Bi-GRU 314
RNN 384 Bi-LSTM 302
Bi-RNN 372 FC 299
Bi-LSTM 328 RNN 290
LSTM 279 LSTM 286
CNN 214 Bi-RNN 281
Transformer 35 CNN 198

Transformer 174
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Figure 2. Knowledge distillation teacher model.

Considering the performance on the PHM2010 dataset and the real dataset, the perfor-
mance of existing commonly used neural networks such as CNN-LSTM is not as good as
that of BiIGRU-GRU without loss of generality, and the BIGRU-GRU model is chosen as the
teacher model in this paper. The teacher model is obtained from training on the PHM2010
dataset. The student model is trained on a self-collected dataset. The output vector of the
tool wear state probability distribution from the teacher model ¢; = [Ct,lr Cto, ", Ct,l]r along
with the tensor output from the encoder hi; = [l 1, ht2,- - -, hy ], serves as the supervisory
signal to guide the training of the student model, thereby transferring knowledge from the
teacher model to the student model.

(2) Construction of the Knowledge Distillation Student Model

The student model is trained using a self-constructed dataset. The output vector of the
tool wear state probability distribution ¢; = [c¢1,¢t2,- - -, ] from the teacher model, along
with the tensor output /iy = [h; 1, htp, - - -, hy ;] from the encoder, serves as the supervisory
signal to guide the training of the student model, thereby transferring knowledge from the
teacher model to the student model. For example, as shown in Figure 3, the Transformer-
BiGRU architecture is used, where the Transformer structure acts as the encoder for the tool
condition detection signals. The encoder’s input is a preprocessed tensor of tool condition
detection signals, consisting of a data sequence of length [. In the Transformer model, the
query matrix (Q), key matrix (K), and value matrix (V) are computed using parameter
matrices W, Wk, and Wy, respectively, within the self-attention mechanism. Specifically,
the matrix product of the query matrix Q and the key matrix K is calculated and scaled
by a factor dj to obtain the relevance scores for each position in the sequence. These
scores are then transformed into a probability distribution using the Softmax function and
multiplied by the corresponding value matrix V to produce the weighted output matrix A.
The Transformer model employs a multi-head attention mechanism to generate multiple
sets of matrix A, allowing for more diverse representations. These matrices are concatenated
to form the final output. The output matrix A from the attention module is then fed into the
feedforward network module. The output of the feedforward network is the output of the
Transformer, which corresponds to the output y of the tool condition detection signal data
encoder. Subsequently, the encoder’s output y is fed into the decoder. For a tool condition
feature encoding a tensor of length I, using a bidirectional gated recurrent unit (BiGRU)
network as an example, the hidden layer at time ¢ receives not only the current input but
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also the output from the previous hidden layer. Ultimately, the output at the final time step
I serves as the decoder’s output, which is transformed into a probability distribution vector
for the tool wear state via a Softmax layer. For the forward and backward networks at time
k, their respective neural units take the forward output vector Iy, the backward output
vector hy, and the encoder’s output vector as inputs, producing the forward vector /iy and
the backward vector h as outputs. The outputs of the recurrent neural units from the
BiGRU at the final time step are concatenated, and the resulting vector is passed through
the Softmax layer to obtain the probability distribution vector for the tool wear state.

b b4 :
S— = v =FFN(A) =max (0,AW, +5)W, + b, |

4

i
Self-Attention A = Arention(x')=Softmas | =
{

TWIW,x |wx
d )
P O N P PO T T2, |

| Feature sztraction

¥

' v

Time Time

Figure 3. Knowledge distillation student model, taking Transformer-BiGRU as an example.

2.3. Definition of the Knowledge Distillation Loss Function

The teacher model and the student model both employ an encoder-decoder structure.
The teacher model processes the input signal sequence x; = [x1, X¢,- -, X; ], obtaining
the feature representation eé,l = {62,1/ eglz, cee, ei,n} through feature extraction and normal-
ization, which is then input into the encoder to produce the tensor hy = [l 1, hio, - -+, he ).
In contrast, the student model processes the input signal sequence x5 = [Xg1,Xs2, -, Xsu),
obtaining the tensor hs = [h;1,hsp, - - - , hs »] after feature extraction, normalization, and
encoding. Here, h;; and h;; represent the vector representations of the i-th feature for
the teacher and student models, respectively. The outputs h; and hs are obtained from
the decoders of the teacher and student models, yielding the tool wear state distribution
vectors ¢t = [cy1,C2,- -+ , ¢ 1] and ¢s = [cs1, 652, -+, C 1]

This paper employs both feature distillation and response distillation methods, defin-
ing the Euclidean distance loss function and the Kullback-Leibler divergence (KL diver-
gence) loss function, respectively. By minimizing these loss functions, the transfer of the
teacher model’s encoder feature representation capability is achieved, while minimizing
the KL divergence loss function effectively guides the student model to learn from the
teacher model’s outputs. Additionally, the cross-entropy loss function is used to measure
the difference between the student model’s output and the true tool wear state labels.

(1) Euclidean Distance Loss Function

Feature-based knowledge distillation [17-22] focuses more deeply on the intermediate
layers of the model, using the Euclidean distance loss function as the optimization objective,
as shown in Equation (4). Variables h; and hs represent the output tensors of the teacher
model and student model encoders, respectively.

1 n

Li (e, ) = e = hs]) = 3 (o — ) @
i=1
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(2) KL Divergence Loss Function

Response-based knowledge distillation allows the student model to directly mimic
the output of the teacher model [21-26]. The tool wear state distribution probabilities are
computed using the Softmax function, as shown in Equation (5):

exp(c;)
(@) = oo ®)
I VESEY
In this context, ¢; represents the i-th dimension of the model encoder’s output vector
corresponding to the i-th class of tool wear state labels, k is the total number of tool
wear states, and exp denotes the exponential operation. The calculation formula for the
response-based distillation loss is shown in Equation (6):

k

Le(p(e), plcs)) = i_zl;a(ct,i)log;jﬁf:g ©)

(8) Cross-Entropy Loss Function

The cross-entropy loss function is used to measure the difference between the tool
wear state output of the student model and the true labels, as shown in Equation (7). y; is
the tool wear state label, and p(c;;) is the probability predicted by the student model for
the tool wear state cg ;.

Lcg = —21;1 yilog(p(cs,i)) )

(4) Combined Loss Function

To balance the weights of the three components of the loss, the loss function is adjusted
using weight parameters a; ay, and a3, with the condition that the sum of the weights
satisfies w1 + ap + a3 = 1.

Lgistin = @1+ Lcg +a - Lp+a3 - Lg 8)

3. Experiments
3.1. TC18 Titanium Alloy Machining Tool Wear Experiment
(1) Tool Cutting Experiment and Signal Acquisition

The dataset for tool wear states during the machining of aerospace titanium alloy is
based on actual sample data collected from the established machining experiment platform
for aerospace titanium alloys. As shown in Figure 4, the tool used is a carbide milling
cutter. First, optimal machining parameters for the tools are selected through preliminary
experiments; next, the formal cutting experiment plan and signal acquisition methods are
determined.

Vibration Sensor
Vicriign Sansor [

(] L]
’ A
Workpiece doncer Seéf.,, Preamplifier Cutter

Figure 4. TC18 aerospace titanium alloy cutting experiment and signal acquisition platform.
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Tool wear assessment includes direct and indirect measurements. In order to not
affect or interfere with normal machining, monitoring of the machining process’s indirect
signal characteristics is the preferred choice for tool machining process state assessment
and dynamic process optimization. According to the analysis of the previous section of
the titanium alloy machining tool wear mechanism, due to the intense interaction between
the tool and the workpiece, accompanied by heat and vibration and other phenomena,
the assessment of these signals and mining analysis can reflect the state of the machining
process, and then the degree of tool wear is assessed. Tool breakage due to the instantaneous
aggregation of its process signal characteristics is more obvious, usually based on intense
vibration or a sudden change in the time domain or frequency domain. Other analyses
make it easy to assess and identify in a timely manner. Therefore, the tool wear assessment
studied in this paper is mainly for the gradual change in the complex wear state. With the
development of sensor technology, combined with the complexity of the working conditions
at the processing site, and taking into account the feasibility of engineering applications and
signal complementarity and the principle of exhaustive mining, this paper selects cutting
force, vibration signal, and acoustic emission signal as the evaluated signal. The actual
typical processing state of the tool state’s real-time assessment requirements are ensured,
along with a reasonable setting of the signal sampling frequency, after comprehensive
consideration by the tool, with a rotation frequency of 5-10 times.

This study designed multiple sets of preliminary experimental parameters to obtain
the optimal cutting parameters for tools in the machining of aerospace titanium alloys. Con-
sidering the interactions among various parameters and the complexity of the experimental
conditions, the approach of orthogonal experimental design was referenced, reducing the
27 experimental sets to 9. The preliminary experimental groups are shown in Table 2.

Table 2. TC18 aerospace titanium alloy cutting experimental machining parameter.

Serial Number Spindle Speed Feed Speed Cutting Depth  Cutting Width

(r/min) (mm/min) (mm) (mm)
1 1000 240 0.6 4
2 1000 360 0.8 5
3 1000 480 1.0 6
4 1500 240 0.8 5
5 1500 360 0.6 6
6 1500 480 1.0 4
7 2000 240 1.0 5
8 2000 360 0.6 6
9 2000 480 0.8 4

Considering surface quality, tool wear, and machining efficiency, the fifth set of ma-
chining parameters was prioritized as the official cutting experiment parameters. Each
machining pass was set to 300 mm, and various signals, including force, vibration, and
acoustic emission, were collected for each pass. Additionally, the width of the wear land
on the cutting edge was measured using a super-depth-of-field 3D microscope system
(VHX-2000C). Based on the preliminary experiment results, each tool was set to complete
140 passes. Ultimately, in this paper, a total of 7 tools with full life cycle data were obtained,
with 140 sets of data per tool, resulting in 840 valid data samples. The sample size was
balanced across the phases (24.9% to 25.2% of the sample) and each tool contributed a
similar percentage (T1-T7 each provided about 12% to 17% of the data), indicating that
there was no category imbalance in the data.

(2) Data Feature Extraction and Partitioning Strategy
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To address the randomness and non-stationarity of the collected signals, a wavelet
threshold denoising method was employed. Through wavelet decomposition, threshold
selection, and reconstruction, noise signals were effectively removed, enhancing the validity
of the signals. The denoising effect was measured using the signal-to-noise ratio, allowing
for the selection of suitable wavelet basis types and decomposition levels. Various key
features were extracted through time domain, frequency domain, and time—frequency
domain analyses, as shown in Table 3. Time domain features included absolute mean, peak
value, root mean square, root amplitude, skewness, and kurtosis, as well as dimensionless
indicators derived from these dimensional features, such as the waveform factor and pulse
factor. These features reflect the characteristics of tool wear over time.

Table 3. Tool state extraction feature table.

Category

Multi-Domain Features

Time domain

Frequency domain

Time—frequency

domain

Root mean

Absolute mean Peak value Root amplitude  Skewness
square
Kurtosis Waveform factor Pulse factor Kurtosis factor ~ Peak factor
Margin factor
. Root F
Centroid frequency Mean square oot mean requency
frequency square frequency variance

Number of bases in wavelet packet decomposition: 8

Frequency domain features were extracted using Fourier transform, including centroid
frequency, mean square frequency, root mean square frequency, and frequency variance, re-
vealing the tool wear state from a frequency perspective. Time-frequency domain features
were obtained through wavelet packet decomposition, allowing for fine decomposition of
the signal across different frequency bands. Energy was used to represent the tool state
information. Finally, principal component analysis (PCA) was utilized to perform dimen-
sionality reduction on the features extracted from multiple domains, filtering out effective
information closely related to the tool wear state, thereby enhancing the computational
efficiency and performance of the model.

Based on this, the measured sample data were grouped according to two strategies:
tool-based training and mixed training.

1. Tool-Based Training Strategy: This strategy involves grouping the collected data
(from a total of 7 tools) by tool type. Specifically, the training set uses data from tools T1,
T2, T3, T4, T5, and T6, while the test set uses data from tool T7. This strategy aligns well
with the practical application environment of the tool wear state prediction model, which
continuously monitors and predicts the state of a specific tool during its application.

2. Mixed Training Strategy: This strategy involves mixing data from multiple tools.
Following the typical approach of training machine learning models, training and test data
are randomly extracted in a 6:1 ratio. During this extraction process, care is taken to ensure
that the data distribution for each tool’s wear state is as uniform as possible. This strategy
is a general data partitioning approach, making it suitable for model training, testing, and
comparison with other methods.

3.2. Evaluation Method

The evaluation method employs precision (P), recall (R), and the F1 score (F1) using
macro averaging. The calculation methods are outlined in Equations (9)—(12), where C
represents the number of categories, which is set to 4, corresponding to the four wear states
of the tools.
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Fl1=— Flc, P = —= Pc,R = = R 9
CCZ=1 ¢ chl ¢ CCgl ¢ ()
ZXP(:XRc
Flo=———— 10
¢ Pc+ Rc (19)
TP
Pc = ——— x100% 11
¢ = 7ppp < 100 ()
TP
Rc = ———— x 100% 12
¢=TpreN < 100% (12)

3.3. Knowledge Distillation Experiment and Analysis
(1) Model Hyperparameters and Experimental Environment

In the experiment, model training utilized a batch training strategy with a batch size
set to 4. The Adam optimizer was used with default parameters, and the learning rate
was selected from the set {0.0001, 0.0005, 0.001}. A dropout rate of 0.1 was employed to

prevent overfitting. The software and hardware environment for the experiment is detailed
in Table 4 below.

Table 4. Experimental environment.

Name Configuration
CPU Intel(R) Xeon(R) Gold 6230
GPU NVIDIA GeForce RTX 3090Ti
Operating system Ubuntu 18.04
Python 3.8
Platform Pytorch 1.6
CUDA 10.1

(2) Knowledge Distillation Experiment

As shown in Table 5, a performance comparison between the knowledge distillation
model and the model without knowledge distillation was conducted under different
configurations in the tool grouping experiment. Knowledge distillation demonstrated
performance improvements across all three student models, indicating its effectiveness
within these model structures. Notably, the Transformer-GRU(S) model benefited the
most from knowledge distillation, with significant increases in precision (P), recall (R),
and F1 score. This suggests that knowledge distillation can serve as an effective model
optimization method, particularly for the Transformer-GRU(S) model.

Table 5. Experimental results of knowledge distillation (tool grouping). 1 represents an improvement
compared to the no-teacher model. | represents a decrease compared to the no-teacher model.

Teacher Student P R F1
BIGR(%GRU TraHSfoger'GRU 55.46% | 5499% |  54.77% ]
; Tra“Sfoger'GRU 55.71% 56.01%  55.43%
BIGR(%GRU Transformer-BiGRU(S)  5712% 1  57.18% 1  56.75% 1
) Transformer-BiGRU(S) 5453%  5500%  54.18%
BIGR(%GRU Transformer-EC(S) 5286% | 5280% ]  52.19% |

- Transformer-FC(S) 53.87% 53.81% 53.28%
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As shown in Table 6, a performance comparison between the knowledge distillation
model and the model without knowledge distillation was conducted under different
configurations in the mixed grouping experiment. The data indicate that knowledge
distillation demonstrated performance improvements across all three student models,
highlighting its effectiveness within these model structures. Among them, the Transformer-
GRU(S) model benefited the most from knowledge distillation, with significant increases in
precision (P), recall (R), and F1 score. This suggests that knowledge distillation can serve as
an effective model optimization method, particularly for the Transformer-GRU(S) model.

Table 6. Experimental results of knowledge distillation (mixed grouping). 1 represents an improve-
ment compared to the no-teacher model.

Teacher Student P R F1
BIGR(%GRU Tra“SfO‘EISI;er'GRU 72.55% 1 72.67%71  72.36% 1
; Tramfozg;er'GRU 69.24% 69.31% 69.09%
BIGR([{,;GRU Transformer-BiGRU(S) 70.66% 1 70.27% 1 70.12% 1
- Transformer-BiGRU(S) 69.74% 69.82% 69.61%
BIGR(%GRU Transformer-FC(S) 69.98% 1  69.66% 1  69.59% 1
- Transformer-FC(S) 68.50% 68.24% 68.10%

Based on the aforementioned tool grouping and mixed grouping experiments, the
following conclusions can be drawn:

Applicability of Knowledge Distillation: The effectiveness of knowledge distillation
is highly dependent on the experimental grouping and the specific structure of the student
models. There are significant differences in the effects of knowledge distillation under
various experimental groupings and student model structures. In the mixed grouping
experiment, knowledge distillation significantly improved the performance of all student
models, particularly the Transformer-GRU(S) model. However, in the tool grouping ex-
periment, knowledge distillation significantly enhanced the Transformer-BiGRU(S) model
but had a negative impact on the Transformer-GRU(S) and Transformer-FC(S) models.
This indicates that the applicability of knowledge distillation is greatly influenced by the
experimental grouping and the specific structure of the student models, and it is evident
that knowledge distillation is better suited for mixed grouping.

Robustness of Transformer-BiGRU Model: The Transformer-BiGRU model exhibited
consistent positive effects from knowledge distillation in both the tool grouping and
the mixed grouping experiments. This suggests that under the experimental conditions
set in this study, the Transformer-BiGRU model is more robust in accepting transferred
knowledge. This may be related to the decoding robustness of the bidirectional GRU
results.

As shown in Figure 5, the classification results of the three models, Transformer-FC,
Transformer-GRU, and Transformer-BiGRU, are analyzed in terms of the four wear levels
(initial wear, slight wear, significant wear, and severe wear) by the hybrid grouping strategy,
which gives the effect of the undistilled model versus the distilled model. The classification
results for each model are presented in the form of stacked bar charts, where each bar chart
represents one model and different colors in the bar charts represent different levels of
wear, from which the following key conclusions can be drawn:
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(a) Undistilled results (b) Distillation model results

Figure 5. Identification results of the four modes for different cutting tool wear states.

In terms of model comparison: Transformer-FC performed best in the classification of
initial and severe wear. Transformer-GRU also performed well in the classification of initial
and severe wear, but was slightly inferior to Transformer-FC in the classification of minor
and significant wear. Transformer-BiGRU performed well in the classification of initial
wear and severe wear, but slightly worse than Transformer-BiGRU in the classification of
minor and significant wear.

In terms of wear stages, all models performed consistently in the classification of
initial wear, indicating that these models have high accuracy in identifying initial wear.
Transformer-FC and Transformer-GRU performed better in the classification of minor
wear, while Transformer-BiGRU had a slightly lower number. Transformer-FC performed
best in the classification of significant wear. All models performed consistently in the
classification of severe wear, indicating that these models also have high accuracy in
identifying severe wear.

In terms of knowledge distillation, comparing the effects of distilled and undistilled
models, knowledge distillation improved the models’ recognition at all stages. Especially
for Transformer-BiGRU, there was an improvement in the initial wear stage and severe
wear stage. In addition, the model had fewer samples misclassified to the initial wear stage
in the latter three stages after distillation.

Furthermore, as illustrated in Figure 6, the chart data comprehensively reveal the
confusion matrices for the Transformer-FC, Transformer-GRU, and Transformer-BiGRU
models under the mixed grouping across four stages (A: initial wear, B: light wear, C:
significant wear, D: severe wear). Misclassification between the categories of mild and
significant wear was most common, and severe wear was also more frequently misclassified
as mild or significant wear. After knowledge distillation, misclassification between the
categories of mild and significant wear decreased and misclassification of significant wear
improved. It also provides the accuracy for each stage and the overall accuracy, comparing
the effects before and after distillation. From this figure, the following conclusions can
be drawn:

General Performance Improvement: Knowledge distillation universally enhances
model performance. After applying knowledge distillation, all models showed improved
overall performance. This indicates that knowledge distillation, as a model training tech-
nique, can effectively enhance the learning ability and generalization capability of models.
Transformer-FC performed best in classifying initial wear and severe wear. Transformer-
GRU also performed well in classifying initial wear and severe wear, though it slightly
lagged behind Transformer-FC in classifying light wear and significant wear. Transformer-
BiGRU showed similar performance to the first two in classifying initial wear and severe
wear, but its performance in classifying light wear and significant wear was slightly inferior.
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Figure 6. Classification results of the model at different stages of wear.

Significant Performance Improvement in Light, Significant, and Severe Wear Stages:
Under the influence of knowledge distillation, the models demonstrated particularly notice-
able performance improvement in the light wear, significant wear, and severe wear stages.
For initial wear, all models performed consistently in the classification of initial wear.

This indicates that these models have high accuracy in recognizing initial wear. For
light wear, both Transformer-FC and Transformer-GRU performed well in classification,
while Transformer-BiGRU was slightly lower. In the case of significant wear, Transformer-
FC excelled in classification. For severe wear, all models performed consistently, demon-
strating high accuracy in identifying severe wear. This may suggest that the data for these
categories were challenging to learn during the original training, and knowledge distilla-
tion, by imitating a superior model (the teacher model), helped the student models better
capture the features of these categories. However, the performance for initial wear did
not improve, possibly because the data for this category were already well learned by the
model during the original training, leading to limited additional benefits from knowledge
distillation. From a confusion perspective, the models showed reduced confusion for earlier
classes, which aligns with the irreversible trend of wear stages developing linearly, but the
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models did not significantly account for this property; hence, the confusion classification
issue remains.

4. Comparative Experiments

To validate the overall performance improvement of the tool wear state prediction
model due to knowledge distillation, this paper designed a comparative experimental
scheme, as follows:

The effects of the Transformer-GRU(S), Transformer-BiGRU(S), and Transformer-
BiGRU(S) knowledge distillation model were validated using actual cutting experiment
data sets from aerospace titanium alloys.

GS-XGBoost [27]: A model based on Laplacian eigen-spectrum and ensemble learning
methods. This model employs multi-algorithm feature filtering based on random forest
(RF) and extreme gradient boosting (XGBoost), combined with the Laplacian Eigenmap
(LE) algorithm for feature fusion and dimensionality reduction, and uses grid search (GS)
to optimize the parameters of the XGBoost algorithm.

Attention-CNN [28]: A deep learning method based on channel-space attention mech-
anisms. It transforms cutting force signals into time-frequency images through continuous
wavelet transforms, enabling feature extraction of cutting tool wear, and establishes a
channel-space attention mechanism to assess the effectiveness of different cutting tool wear
signal features.

PCNN-BiLSTM [29]: A deep learning model that combines a 1D convolutional net-
work with a bidirectional long short-term memory network. It processes multi-dimensional
features using a multi-path parallel 1D convolutional network, followed by a bidirectional
LSTM, and employs a residual mechanism.

The experimental results are shown in Table 7 below, which provides the experimental
results of the proposed knowledge distillation model in comparison with other methods.
The mixed grouping is more suitable for knowledge distillation, and the overall perfor-
mance of all models is improved after applying knowledge distillation. This indicates that
knowledge distillation, as a model training technique, can effectively improve the learning
ability and generalization of models. However, the applicability of knowledge distillation
is highly dependent on the experimental grouping and the specific structure of the student
models. It is not difficult to find that the knowledge distillation model is significantly
better than other methods in both tool grouping and mixed grouping. It shows that the
proposed knowledge distillation method can effectively extract the knowledge of tool wear
discrimination from the teacher model to the student model, and improve the prediction
effect of the student model due to insufficient data and differences in collection conditions.

Table 7. Comparative experimental results of each method.

Data Splitting Method Model P R F1
Transformer-FC 52.86% 52.80% 52.19%
Transformer-GRU 55.46% 54.99% 54.77%
Tool grouping Transformer-BiGRU 57.12% 57.18% 56.75%
GS-XGBoost 48.11% 52.67% 50.70%
Attention-CNN 46.18% 45.64% 45.20%
PCNN-BiLSTM 52.31% 51.88% 51.74%
Transformer-FC 69.98% 69.66% 69.59%
Transformer-GRU 72.55% 72.67% 72.36%
Mixed grouping Transformer-BiGRU 70.66% 70.27% 70.12%
GS-XGBoost 58.88% 57.34% 58.01%
Attention-CNN 58.01% 58.09% 57.65%

PCNN-BiLSTM 60.19% 60.03% 59.82%
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5. Conclusions

In response to the demand for efficient tool wear state prediction in the process-
ing of aerospace titanium alloy structural components, this paper proposes a knowledge
distillation-based tool wear state prediction model. This model aims to enhance the feasibil-
ity and performance of encoder-decoder structured neural network models in predicting
tool wear states, addressing the challenges of obtaining large amounts of accurately la-
beled data in practical industrial applications, which is often difficult and costly, while
simultaneously improving the model’s generalization capability.

The results indicate that in the mixed grouping experiment, knowledge distillation
significantly improved the performance of all student models, particularly the Transformer-
GRU(S) model. In the tool grouping experiment, knowledge distillation had a marked posi-
tive impact on the Transformer-BiGRU(S) model but negatively affected the Transformer-
GRU(S) and Transformer-FC(S) models. This suggests that the applicability of knowledge
distillation is highly dependent on the experimental grouping and the specific structure of
the student models.

Furthermore, the results show that the knowledge distillation model outperformed
other methods in both the tool grouping and the mixed grouping, effectively transferring
tool wear discrimination knowledge from the teacher model to the student model. This
alleviates issues arising from insufficient data and variations in collection conditions that
lead to poor performance in the student models.

Although the proposed method significantly enhances model performance, the confu-
sion matrix reveals that these distilled models sometimes misclassify severe wear stages as
initial or light wear, which contradicts the continuous physical principles governing tool
wear states. Therefore, effectively leveraging the physical information behind the data is
a promising avenue for improving the predictive capabilities of neural network models.
Future work could focus on developing physics-informed neural networks (PINNs) that
incorporate the physical laws governing tool wear into the neural network, enabling auxil-
iary predictions based on physical principles and constraining the neural network outputs
with physical information. This approach would enhance both the prediction accuracy and
the compliance with physical principles, continuously improving model performance and
reliability. Ultimately, this work aims to enhance the significant advantages and potential
application value of tool wear state prediction models for aerospace titanium alloy ma-
chining, providing a theoretical foundation and valuable reference for subsequent research
and the development of tool wear prediction models and systems tailored to actual cutting
conditions.
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