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Abstract: Tool wear monitoring is necessary for cost reduction and productivity improvement in 
the machining industry. Machine learning has been proven to be an effective means of tool wear 
monitoring. Feature engineering is the core of the machining learning model. In complex parts 
milling, cutting conditions are time-varying due to the variable engagement between cutting tool 
and the complex geometric features of the workpiece. In such cases, the features for accurate tool 
wear monitoring are tricky to select. Besides, usually few sensors are available in an actual 
machining situation. This causes a high correlation between the hand-designed features, leading to 
the low accuracy and weak generalization ability of the machine learning model. This paper 
presents a tool wear monitoring method for complex part milling based on deep learning. The 
features are pre-selected based on cutting force model and wavelet packet decomposition. The pre-
selected cutting forces, cutting vibration and cutting condition features are input to a deep 
autoencoder for dimension reduction. Then, a deep multi-layer perceptron is developed to estimate 
the tool wear. The dataset is obtained with a carefully designed varying cutting depth milling 
experiment. The proposed method works well, with an error of 8.2% on testing samples, which 
shows an obvious advantage over the classic machine learning method.  

Keywords: tool wear monitoring; milling; complex part; deep learning; autoencoder; deep multi-
layer perceptron 

 

1. Introduction 

Tool wear is a cost driver in machining that affects quality and productivity and adds 
unscheduled downtime for tool changes and the reworking of damaged parts. Accurate tool wear 
monitoring is necessary to avoid these unnecessary costs. Tool wear monitoring methods can be 
categorized into two main groups: direct and indirect methods [1]. Direct methods measure the actual 
wear value with optical, laser or ultrasonic devices. Although direct methods measure tool wear 
precisely, they are difficult to implement in real-time machining because, in most cases, the tool wear 
area is unreachable due to the occlusion of workpiece structure and flood coolant. Indirect methods 
monitor in-process physical parameters to evaluate wear state, such as force, vibration, acoustic 
emission, current, power and temperature signals [2]. Nowadays, indirect methods are the most 
widely used in tool wear monitoring because they are easy to conduct in real time and can obtain 
acceptable accuracy by using a proper monitoring signals and modeling method.  

Indirect tool wear monitoring methods can be divided into two categories: physical-based and 
data-driven methods. Physical-based methods first develop the hand-designed physical model, i.e., 
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the mathematic relationship between tool wear and measurable physical quantities from the 
mechanism of machining, and then estimate tool wear value through monitoring signals based on 
the model. Choudhury and Rath [3] proposed an evaluating approach of milling tool flank wear 
based on the relationship between average tangential cutting force coefficients and tool wear. Cui [4] 
discussed the influences of process parameters, tool parameters, and tool wear on tangential cutting 
force coefficients in his dissertation. A recognition approach for milling tool wear was proposed, 
based on the relationship between tangential cutting force coefficients and tool wear. This approach 
was needed to solve the cutting force coefficients through actual cutting forces, and then the tool 
wear was recognized through the solved tangential cutting force coefficients. The complex 
calculations meant that the recognition speed was low, and the result was not precise enough. Shao 
et al. [5] established a cutting power model in face milling, which included the cutting conditions and 
the tool flank wear, and then proposed a tool wear monitoring approach based on this power model. 
Hou et al. [6] developed the relationship between flank wear and average milling force based on the 
stress distribution in the tool wear zone and applied this relationship to estimate the flank wear width 
in the milling process. Han et al. [7,8] proposed a mechanistic cutting force model considering various 
wear types for difficult-to-cut material drilling, which can be used for tool wear monitoring and 
process parameter optimization in the conditions of multiple tool wear existing on different cutting 
edges. 

Due to the complexity of tool wear mechanism and randomness of the machining process, the 
physical-based monitoring methods are faced with the problem of low accuracy and weak 
universality [9,10]. In recent years, many data-driven tool wear monitoring methods have been 
proposed based on machine learning such as fuzzy logic, artificial neural network (ANN), support 
vector machine (SVM), and Bayesian networks. Yu [11] used logistic regression with penalization 
and manifold regularization for tool condition monitoring. Kilickap et al. [12] used ANN with the 
inputs of cutting speed, feed rate and depth of cut for tool wear prediction in the milling of Ti-6242S. 
Patra et al. [13] used ANN with thrust force signals for tool wear prediction in micro-drilling. Karam 
et al. [14] built an ANN-based cognitive decision-making system to extract signal features for online 
tool life prediction. In other studies, the ANNs with different inputs and architectures are employed 
to predict tool wear [15–17]. Madhusudana et al. [18] used SVM with the features extracted from 
discrete wavelet transformation in sound signals for tool condition monitoring in face milling. 
Benkedjouh et al. [19] used support vector regression (SVR) with the features extracted from multi-
sensor signals to predict tool life. Zhang and Zhang [20] used a least-square SVM to develop a 
nonlinear regression model for tool wear prediction in the milling process. Yu et al. [21] proposed a 
weighted hidden Markov model for tool life prediction. Zhu and Liu [22] proposed a hidden semi-
Markov model with dependent durations through cutting force signals for tool wear monitoring. 
Tobon-Mejia et al. [23] established a dynamic Bayesian network for tool condition monitoring and 
remaining useful life estimation. Kong et al. [24] proposed a Gaussian process regression model for 
tool wear prediction. Wu et al. [25] made a comparative study on different machining learning 
method including ANN, SVR and random forest for tool wear monitoring. Liu et al. [26] built an 
Elman_Adaboost predictor with Elman neural networks for milling tool wear assessment with 
several statistic features selected from multi-sensor data including spindle current, force, vibration 
and acoustic emission.  

The accuracy and generalization ability of the above-mentioned conventional feature-based 
machining learning models are highly affected by the quality of the hand-designed features [27]. 
However, feature selection is problem-dependent and somewhat subjective in practice. Different 
from feature-based machining learning methods, deep learning can achieve adaptive feature 
learning, which is helpful to improve the adaptability of prediction methods. Moreover, layer-by-
layer feature learning in deep network is more likely to learn essential features hidden in the 
monitoring data and then to improve prediction accuracy [28]. Common deep learning methods 
include deep multi-layer perceptron (DMLP), deep autoencoder (DAE), convolutional neural 
network (CNN) and long short-term memory (LSTM) network. Serin et al. [29] used DMLP neural 
networks to predict surface roughness and specific energy consumption during 5-axis milling. Ou et 
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al. [30] proposed an online sequential extreme learning machine for tool wear state recognition with 
a stacked denoising autoencoder (SDAE) put forward to extract abstract features. Cao et al. [31] 
proposed a 2-D CNN for milling tool wear monitoring, with the spectrum of the high signal-to-noise 
ratio vibration signals obtained from the derived wavelet frames as input features. Aghazadeh et al. 
[32] employed a CNN with a hybrid feature extraction method using wavelet time-frequency 
transformation and spectral subtraction algorithms for tool wear estimation. Mart’ınez-Arellano et 
al. [33] built a CNN model with time series imaging technique to transform the input raw signals. 
Sun et al. [34] designed an LSTM network to predict multiple flank wear values using raw signals of 
cutting force, vibration and acoustic emission. Zhao et al. [35] used convolutional bi-directional LSTM 
networks for tool condition monitoring in milling process. 

From the above, most existing deep learning methods use raw signals without feature pre-
selection and hand-design to maximize the merits of deep learning. In the actual machining process, 
cutting conditions are strongly time-varying, especially for the milling of parts with complex 
geometry, of which the allowance and cutting depth drastically change along the whole tool path 
[36]. In most cases, in the actual machining environment, only a few types of monitoring signals are 
possible to acquire, and the input features from the signals are probably highly correlated, leading to 
low prediction accuracy and poor generalization ability in time-varying cutting conditions. Besides, 
the model based on the raw signal as input has weak interpretability and it is difficult to analyze the 
source of error. 

To solve this problem, a tool wear monitoring method for complex part milling based on deep 
learning is proposed in this paper. Compared with the existing approaches, the features are pre-
selected with cutting force model and wavelet packet decomposition. The cutting depth, cutting 
forces, cutting force coefficients and the energy of the cutting vibration are selected as the input 
parameters and the output is the flank wear. Then, a deep autoencoder is employed to retract the 
highly correlated features from the pre-selected features, followed by a deep neural network to 
predict the wear value. The dataset for training and testing of the deep learning model is obtained 
with a carefully designed varying depth milling experiment. The testing results prove the 
effectiveness of the proposed method.  

The remainder of this paper is organized as follows. The proposed monitoring method based on 
deep learning is introduced in Section 2. The experiment is conducted in Section 3. The application 
and results of the proposed method are shown and discussed in Section 4. The conclusions are 
summarized in Section 5.  

2. Method 

2.1. Overall Monitoring Method 

Tool wear monitoring usually uses force, vibration, acoustic emission, current, power and 
temperature signals. In this study, to accord with the situation of few sensors in real machining 
environment, cutting force is selected as the single signal used for tool wear monitoring. In complex 
part milling, the cutting depth usually varies with the profile of the part. In this case, the cutting force 
and stability are time-varying, and it is difficult to design features for accurate tool wear estimation. 
To address this problem, a feature extractor based on pre-selection and deep learning is developed. 
The hand-designed features from the cutting force signal are further extracted with a deep 
autoencoder and then input to the deep multi-layer perceptron to estimate the tool wear value. The 
framework of the proposed tool wear monitoring method is illustrated in Figure 1. 
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Figure 1. Framework of tool wear monitoring method for complex part milling based on deep 
learning. 

2.2. Feature Pre-Selection 

The features are pre-selected from the cutting force signals as the input of the deep learning, 
including nine features, i.e., the radial cutting depth, the magnitudes of two cutting force components 
in the tangential and axial direction, four cutting force coefficients and the two cutting vibration 
features in the tangential and axial direction. 

2.2.1. Cutting Force Features 

Cutting force is the most sensitive quantity reflecting the changes in tool wear. The magnitudes 
of cutting forces are selected as the features for tool wear monitoring. Cutting force coefficients can 
also be used as the cutting condition independent features for tool wear monitoring in complex part 
milling. Thus, the cutting force coefficients are also selected as the features.  

The cutting forces in the milling process are illustrated in Figure 2. The cutting force model can 
be expressed as 
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where tF , rF  and aF  are the tangential, radial and axial cutting force, tcK , rcK  and acK  are 
the cutting force coefficients contributed by the shearing action in tangential, radial and axial 
directions, teK , reK  and acK  are the edge constants, φ  is the instantaneous angle of immersion, 

b  is the edge contact length, h  is uncut chip thickness 

sinzh f φ=  (2) 

where zf  is feedrate per tooth. According to Equations (1) and (2), the cutting force has a linear 

relationship with the uncut chip thickness h . When the spindle speed and feedrate are fixed, the 
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uncut chip thickness h  changes with the sine of the instantaneous angle of immersion φ . The 
linear function can be rewritten as 
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As per Equation (3), the cutting force coefficients can be calibrated by linear regression of the 
cutting force value. Let the slope and intercept of the linear function after linear fitting be iP  and 

iQ , respectively, the cutting force coefficients can be obtained as 

ic

ie

/i z

i

K P f
K Q

=
 =

 (4) 

In complex part milling, the part is usually cut layer by layer in the axial direction. The tangential 
and radial force are varied significantly compared with the axial cutting force. Hence, in this study 
the average tangential and radial cutting forces tF , rF , and the tangential and radial cutting force 

coefficients tcK , rcK , teK , reK  are selected as the input features. 

 
Figure 2. Interaction of tool and workpiece in milling process. 

2.2.2. Cutting Vibration Features 

Cutting vibration has high correlation with tool wear. In this study, the cutting vibration features 
are extracted from cutting force signals for tool wear monitoring. To this end, a three-layer wavelet 
packet decomposition is used to decompose the cutting force fluctuation components from the 
original cutting force signal, as shown in Figure 3. 
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Figure 3. Structure of the three-layer wavelet packet decomposition for reconstruction of cutting force 
signals. 

Wavelet packet decomposition (WPD) is a time-frequency analysis method. In WPD, the scale 
function of a standard orthogonalization ( )xψ  is used, and with two scale difference recursive 

Equations, the orthogonal wavelet packet is generated as  
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where ( )0w xψ= , kh , kg  are, respectively, a pair of conjugate quadrature filter coefficients 

derived from ( )xψ . For signal ( )s t , the discrete orthogonal WPD is defined as the projection 

coefficient of ( )s t  on the orthogonal wavelet packet base, which can be expressed as  
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where ( ){ }, ,sP n j k  is the WPD coefficient sequence of ( )s t  on the orthogonal wavelet packet 

space n
jU . By setting a group of different conjugate quadrature filter coefficients of { }kh  and { }kg , 

the wavelet packet transform coefficients can be expressed as 
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Then, the energy distribution of the reconstructed signal in the time-frequency domain is 
expressed as 

( ) ( ) 2
, , ,sk Z

E j n P n j k
=

=   ∑  (8) 

In this study, the reconstructed force component with WPD caused by vibration is adopted as 
the input feature for tool wear monitoring. 
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2.3. Deep Learning for Tool Wear Monitoring 

2.3.1. Structure of the Deep Learning Network 

The deep learning network for tool wear monitoring in variable cutting depth milling is shown 
in Figure 4. It consists of two parts, a deep autoencoder and a deep multi-layer perceptron. The deep 
autoencoder is used to reduce the dimension of the input vectors (the pre-selected features) and learn 
the highly correlated features. Then, the following deep multi-layer perceptron is used to learn the 
effect of the extracted features on the tool wear and predict the tool wear value.  

 
Figure 4. Architecture of deep learning network for tool wear prediction combining autoencoder and 
multi-layer perceptron. 

2.3.2. Deep Autoencoder 

The pre-selected features are all obtained from cutting force signals. They are highly coupled 
and superfluous for tool wear prediction. This affects the accuracy and generalization ability of the 
deep learning model. In this study, the deep autoencoder (DAE) is used to learn the low-dimensional 
abstract features from the original features, which have a high correlation with the tool wear. The 
structure of the DAE is illustrated in Figure 5. Deep autoencoder is an unsupervised deep learning 
network for data dimensional reduction and feature extraction. It has a symmetric structure of 
multiple layers with the same input and output data. It consists of an encoder and a decoder. The 
transformation from the input layer to the middle hidden layer is called encoding. This is a 
dimensional reduction process, which transforms the high-dimensional original data into the low-
dimensional space. The transformation from the middle hidden layer to the output layer is called 
decoding. This is the reconstruction process, which is the inverse of the encoder that reconstructs the 
encoded vector back to the original input data. In the encoding process, the obtained middle hidden 
layer reflects the essential features of the high-dimensional input data and is the core of the DAE. In 
this study, a six-layer DAE is developed with three layers for both the encoder and decoder.  
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Figure 5. Symmetrical structure of deep autoencoder consisting of three-layer encoder and three-layer 
decoder. 

The encoding process can be expressed as 

( ) ( )ff sθ= = +h x Wx b  (9) 

The decoding process can be expressed as 

( ) ( )ˆ gg sθ ′ ′ ′= = +x h W h b  (10) 

where [ ]1 2, , , T
nx x x= x  is the input vector, h  and [ ]1 2ˆ ˆ ˆ ˆ, , , T

nx x x= x  are the encoded and 

decoded vectors, fθ  and gθ ′  are the encoding and decoding functions, W  is the weight matrix 

from the input layer to the hidden layer, ′W  is the weight matrix from the hidden layer to the input 
layer, b  is the bias vector of the hidden layer, ′b  is the bias vector of the output layer, θ  is the 
set of parameters in the encoding function, θ ′  is the set of parameters in the decoding function, fs  

and gs  are the activation functions of the encoder and decoder, which are both selected as the 

sigmoid function.  
In the training process, to measure the error between the input x  and the reconstructed input 

′x , the squared Euclidean distance is used as the loss function for this regression problem, which 
can be expressed as 

( ) 2

1

ˆ, , ,
n

i i
i

Loss x x
=

′ ′ = −∑W b W b  (11) 

After the DAE has been trained, the encoder (the first three layers) is employed as a feature 
extractor in front of the deep learning model.  

2.3.3. Deep Multi-Layer Perceptron 

The deep multi-layer perceptron is used to predict tool wear with the input of the extracted 
features from the DAE. The deep multi-layer perceptron consists of an input layer, a hidden layer 
and an output layer. The input layer and hidden layer are followed by a dropout layer. The number 
of neurons in each layer is tuned in the training process. The Rectified Linear Unit (ReLU) is used as 
the activation function, which can be expressed as 

( ) ( )max 0,f x x=  (12) 
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2.3.4. Loss Function 

The tool wear prediction is a regression problem. The target of network training is to minimize 
the error between the predicted and measured wear values. In this study, the mean squared error 
(MSE) is used to evaluate the prediction error, which can be expressed as 

2

1

1 ˆ
n

i i
i

MSE y y
n =

= −∑  (13) 

where [ ]1 2, , , T
ny y y= y  is the measured output vector which refers to the tool wear value, 

[ ]1 2ˆ ˆ ˆ ˆ, , , T
ny y y= y  is the predicted output vector, and n  is the number of samples.  

2.3.5. Regularization 

Regularization is an effective technique used to enhance the generalization ability of deep neural 
network. The L1 and L2 regularization are generally used regularization methods. This involves 
adding the L1 norm or the L2 norm of the weight to the loss function in order to constrain the weight 
of the neural network. In this way, the networks with large weight values are abandoned in training 
process. In this study, to accord with the MSE loss value, L2 regularization is adopted. Then, the final 
loss function of the deep neural network can be expressed as 

2 2

1

1 ˆ
2

n

i i
i

Loss y y
n

λ
=

= − +∑ w  (14) 

where w  is the L2 norm of the weight vector w , and λ  is the regularization parameter. The 

regularization parameter is tuned in the training process. 
Another regularization approach is Dropout. In the Dropout method, the neurons in the network 

are deleted randomly in the training process, as illustrated in Figure 6. This trick can significantly 
reduce the interaction between the feature detectors (the hidden layer nodes). Detector interaction 
means that, in a deep network, some detectors only show their effect depending on other detectors. 
In this study, the dropout layers are inserted behind the input and hidden layers to diminish 
overfitting in training process. The dropout rate is set as 0.2, which means each neuron has a 20% 
probability of being deleted in the training process. 

 
Figure 6. Schematic representation of dropout trick in a fully connected network. 

3. Experiment 

To acquire the training and testing dataset for a deep learning model, the milling experiment is 
performed. The experimental setup is shown in Figure 7. The experiment is carried out on a 
YHVT850Z three-axis machining center. The work material is GH4169. The up milling is used with a 
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12 mm diameter indexable carbide insert tool APMT113PDER-H2. To control random factors in the 
machining process, the milling process is performed without a coolant. The cutting force is measured 
with a Kistler 9123C rotating dynamometer. The flank wear of the cutting tool was measured with 
Alicona InfiniteFocus optical measurement device.  

 
Figure 7. Experimental setup: (a) cutting force online measurement system, (b) layout of cutting tool 
and workpiece. 

To simulate the actual milling process with time-varying cutting depth, the milling process is 
designed with variable radial cutting depth. The tool path is illustrated in Figure 8. A total of 12 
cutting passes are performed. For each pass, the radial cutting depth is from 0.5 to 1.5 mm. With the 
increase of cutting length, tool wear is gradually increased. Each cutting pass is divided into 10 
segments. The cutting process was paused after each segment and the tool wear measurement was 
performed offline after each segment was finished. The average cutting forces in each segment are 
recorded as the input features of tool wear monitoring. The cutting parameters are listed in Table 1. 
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Figure 8. Tool path of varying depth milling: (a) tool path design, (b) tool path, (c) cutting process 
simulation. 
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Table 1. Cutting parameters in milling experiment. 

Cutting Parameters Setting Values 
Spindle speed 1200 rev/min 

Feedrate 0.05 mm/rev 
Axial cutting depth 2 mm 
Radial cutting depth 0.5~1.5 mm 

4. Results and Discussion 

4.1. Features Extracted from Cutting Force Signals 

The raw cutting force signal in a single segment is shown in Figure 9. This shows that the 
magnitude of the force is increased with the cutting depth. The average cutting force and the cutting 
force coefficients are selected as the input cutting force features of the deep learning model for tool 
wear monitoring. The average value of the cutting force in each segment are calculated and used as 
the input features. Cutting force coefficients are calibrated by applying linear regression as per 
Equations (3) and (4). 

 
Figure 9. Raw signal of cutting force in a single segment. 

By reconstructing the cutting force signal with the WPD, the cutting force components caused 
by cutting vibration are obtained. The features related to tool wear are extracted from these two kinds 
of signals. With the three-layer WPD, the cutting force signals in the 0~1.5 KHZ are decomposed into 
eight frequency bands. By using 8 db wavelet packet decomposition, the width of each frequency 
band is 150 Hz. Taking the cutting force signal in three cycles as an example, the reconstructed signals 
in each band after WPD are shown in Figure 10. 
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Figure 10. Reconstructed cutting force signals in each frequency band with wavelet packet 
decomposition. 

From Figure 10, the reconstructed signals in different frequency band can be analyzed 
intuitively. According to the cutting force model Equation (1), the signal in the 0~150 Hz frequency 
band is related to the static cutting force component; the other signal in higher frequency band can 
be regarded as the dynamic component caused by cutting vibration and noise. From the results of 
WPD, the tangential force signal in 150~300 Hz is related to cutting vibration. The reconstructed force 
is denoted as tV . The radial force signal in 450~600 Hz is related to cutting vibration. The 

reconstructed force is denoted as rV . These two parameters are selected as the input cutting vibration 
features of the deep learning model for tool wear monitoring. 

4.2. Training and Validation of Deep Neural Network 

After the feature pre-selection and measurement shown above, the dataset for deep learning is 
shown in Appendix A. There are a total of 120 samples (acquired from 10 segments in 12 cutting 
passes). The Keras deep learning library is employed with Tensorflow as the back-end to implement 
the proposed deep learning networks. The dataset is randomly split into 80% training set (96 samples) 
and 20% testing set (24 samples). Before training, all the input parameters are normalized. Then, the 
grid search technique is employed to select the optimal hyper-parameters, including epochs, neuron 
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numbers, optimizer, learning rate and regularization parameter. The obtained optimal hyper-
parameters are given in Table 2. 

Table 2. Optimal hyper-parameters of deep neural network obtained by grid search. 

Hyper-Parameters Setting Values 
Epochs 1000 

Neuron number of the input layer 50 
Neuron number of the hidden layer 10 

Optimizer RMSprop 
Learning rate 0.001 

Regularization parameter 0.001 

With the proposed deep learning model in Section 2, with the above optimal hyper-parameters, 
the training process is carried out. In the training process, four-fold validation is used, with 24 
samples in each fold. The mean value of the mean absolute error in all the fold is recorded as the 
training error. 

The training curve is shown in Figure 11. The final mean absolute error after 1000 epochs is 34.93 
μm, and the corresponding 2R  value is 0.9826. This proves the accuracy of the trained deep learning 
model.  

 
Figure 11. Mean absolute error of proposed deep learning model in training process. 

The mean absolute error with the trained network in the four folds of the validation set is shown 
in Figure 12. The prediction error of tool wear value is less than 37 μm, and it is enough to monitor 
the tool wear state in the real machining process. This proves the effectiveness of the trained deep 
learning model. 
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Figure 12. Mean absolute error in four-fold validation set. 

4.3. Testing of Deep Neural Network 

The trained deep learning model is used for tool wear prediction on the testing set. The average 
error in percentage is used to evaluate the performance of the trained model, which is calculated as 

*

1

1 m
i i

i i

VB VB
error

m VB=

−
= ∑  (15) 

where *
iVB  is the predicted tool wear value, iVB  is the measured tool wear value, and m  is the 

total number of the testing samples.  
The testing result is shown in Figure 13. The average error of the 24 testing samples is 8.2%, as 

per Equation (15). In the testing samples, the maximum relative error occurs in the test NO.13, with 
64.8 μm larger than the measured value. In this case, the new tool has just begun to cut, with the 
measured flank wear of 25.7 μm. Besides, the maximum absolute error occurs in the test NO.15, with 
82.3 μm less than the measured value. In this case, the cutting edge is seriously worn and the 
measured flank wear reaches 402.9 μm, far beyond the ISO tool wear criterion of 300 μm. Except for 
the two extreme cases shown above, where the actual tool wear value is too small or too large, the 
trained deep learning model predicts well for all the testing samples. For the cases where the tool 
wear is too small or too large, the model has a larger prediction error because the training set obtained 
from the experiment covers few samples of the tool wear with such extreme values, and thus the 
rules learnt in the model under these situations are somewhat under-fitting. The proposed deep 
learning model can be more accurate with more varied training data through additional experiments. 
This will be investigated in future research work. In this study, the testing result shows that the 
proposed model works well in most cases and this proves the generalization ability of the trained 
deep learning model. 
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Figure 13. Testing result in 24 samples of the trained deep learning model. 

Then, the radial basis function neural network (RBF NN) is implemented on the same dataset as 
the baseline to compare it with the performance of the proposed method. It turns out that the average 
error of RBF NN is 13.8%. Compared with the RBF NN, the proposed method shows higher accuracy 
in the tool wear prediction of varying cutting depth milling. 

5. Conclusions 

In this paper, a monitoring method based on deep learning is presented to give a solution to the 
feature extraction and accurate prediction of tool wear in complex part milling. A deep neural 
network is developed to estimate tool wear with the features pre-selected based on the cutting force 
model and wavelet packet decomposition, and further extracted using a deep autoencoder. The 
conclusions of this paper are summarized as: 1) the feature pre-selection based on cutting force model 
and wavelet packet decomposition and extraction coupled with a deep autoencoder is able to learn 
the highly correlated features for tool wear monitoring from single cutting force signals; 2) the 
proposed deep leaning model with the optimal settings has high accuracy for predicting tool wear; 
3) the proposed deep learning method is proved to have higher accuracy than radial basis function 
neural network in varying cutting depth milling. 
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Appendix A 

Table A1. Experimental data in varying cutting depth milling. 

Ft 
(n) 

Fr 
(n) 

Vt 
(n) 

Vr 
(n) 

Ktc 
(MPa) 

Kte 
(n/mm) 

Krc 
(MPa) 

Kre (n/mm) ap (MPa) VB 
(μm) 

1459.1 298.1 1302.7 274.6 −1349.8 342 761.7 61 0.55 4.4381 
1602.3 223.4 1413.4 330.1 −1238.5 176 649 73 0.65 13.7772 
1425.2 269 1727.5 308.6 −973.21 237 606.69 29 0.75 25.6596 
1683.9 209.7 1620.1 321.9 −1057.7 433 681.5 2 0.85 38.4103 
1744.1 225.8 1629.4 301.7 −1054.1 294 687.3 80 0.95 50.89 
1772.3 207.7 1660.3 232.4 −880.45 −156 730.55 −69 1.05 62.374 
1672.8 177.4 1909.3 237.8 −889.18 −6 603.24 −38 1.15 72.4515 
2003.3 168 1756.2 279.9 −878.06 250 642.87 13 1.25 80.9435 
2096.7 380.3 1840.3 200.1 −844 357 618 −40 1.35 87.8359 
2155.3 283 1947.2 289 −890.49 264 571.82 43 1.45 93.2272 
1466.6 264.8 1469.2 283.9 −1220.2 345 1055.7 75 0.55 97.2865 
1551.2 302.1 1552.2 338.8 −1350.9 260 823.4 150 0.65 100.2214 
1634.5 316.1 1584.1 321.7 −1128.1 289 760.1 125 0.75 102.2543 
1735.4 196.5 1601.5 326.3 −1138.4 447 742.2 54 0.85 103.6044 
1719.9 243.2 1692.4 311 −1068.6 334 706.3 152 0.95 104.4762 
1743.4 228.6 1740.2 235.3 −936.78 230 774.3 −31 1.05 105.0513 
1831.6 184.2 1832.2 243.7 −952.43 −118 610.3 −46 1.15 105.4842 
2014.8 226.2 1829.3 293.4 −951.5 288 647.7 27 1.25 105.9005 
1981.3 245.4 1973.2 269 −919.93 372 630.93 73 1.35 106.3973 
2208.2 262 2096.9 295.3 −979.94 243 641.1 78 1.45 107.0448 
1397.1 287.6 1388.7 353.2 −1274.2 780 985.7 114 0.55 107.8888 
1611.9 340.1 1616.2 380.5 −1314.4 570 856.4 168 0.65 108.9541 
1670.2 331 1731.8 346 −1196.3 348 815.2 134 0.75 110.2482 
1751.3 242 1788 321.5 −1264.7 511 757.6 155 0.85 111.7645 
1865.5 262.9 1827 322.4 −1137.6 472 716.2 138 0.95 113.486 
1867.6 267.5 1872.3 248.3 −1078.4 238 798.77 42 1.05 115.3889 
1939.7 241.1 1978.7 276.1 −1104 204 646.73 35 1.15 117.4449 
2055.8 337 2029.5 325.5 −1006.1 375 719.5 8 1.25 119.6239 
2143.7 359 2306.2 390 −936.07 460 679.18 79 1.35 121.8962 
2332.4 436.5 2429.1 464 −1000.4 336 670.88 129 1.45 124.2341 
1478.4 380.2 1348.3 208.2 −1459.5 755 975.6 181 0.55 126.613 
1774.5 378.7 1751.6 437.8 −1335 716 862.7 246 0.65 129.0121 
1881.1 530.2 1918.5 544.6 −1362.7 562 827.4 199 0.75 131.415 
2066.7 414.5 2093.3 519.6 −1346.9 754 801 187 0.85 133.8098 
2004.8 413.3 1987.2 430.9 −1176.8 555 855.9 171 0.95 136.1888 
2046.6 313.4 2003.2 263 −1142.4 342 809.5 88 1.05 138.5482 
2094.5 289.4 2025.4 301.7 −1094.2 287 676.42 122 1.15 140.8876 
2172.1 363 2302.2 384.7 −1031 378 730.4 25 1.25 143.2091 
2262.7 440.5 2519.8 469.9 −904.63 374 791.85 177 1.35 145.5169 
2497.5 558 2714.6 500.4 −1042.3 542 697.24 135 1.45 147.8161 
1773.8 478.4 1560.1 462.6 −1118 −58 921.5 128 0.55 150.1124 
1603.1 335.1 1714.2 384.8 −1273.9 305 622.4 240 0.65 152.411 
1709.8 388.8 1758.7 419.4 −1190 333 572.7 250 0.75 154.7163 
1806 331.6 1891.5 332.8 −1076.9 510 372.6 140 0.85 157.031 

1842.8 293.9 1919.2 313.4 −913.35 147 351.8 190 0.95 159.3561 
1902.8 342.9 2107.3 348.3 −946.33 268 155.59 289 1.05 161.6902 
1952 368.9 2086.9 322.5 −990.2 246 263.8 202 1.15 164.0297 
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2018 260 2131.5 255.3 −829.85 −137 219.1 264 1.25 166.3684 
2026.2 280.2 2192.9 315.1 −737.38 −249 297.1 246 1.35 168.698 
2084.3 279.7 2075.5 206.4 −839.1 153 242.72 257 1.45 171.0079 
1893.9 324.5 1768 475.8 −1134 63 1081.3 193 0.55 173.2859 
1828.2 328.7 2010.7 404.2 −1304.5 407 780.5 244 0.65 175.5185 
1889.2 397.5 2117.9 466.6 −1169.6 340 661 371 0.75 177.6913 
2027.6 370.6 2159.4 410.8 −1186.2 553 352.2 257 0.85 179.7893 
2007.6 325.6 2204.9 316.7 −1128.9 351 427.99 202 0.95 181.7983 
2050.7 349.2 2272 396.9 −887.75 −26 406.65 302 1.05 183.7045 
2142.9 196.3 2394.2 283.9 −1012.2 314 441.4 311 1.15 185.4958 
2159.9 280.9 2494.5 313.3 −969.15 −35 348.69 369 1.25 187.1618 
2188.6 312.7 2569.1 386.4 −888.6 55 396.01 394 1.35 188.6949 
2305.8 291.3 2684 289.1 −911.61 391 310.12 366 1.45 190.09 
1939 362.9 1843.1 481.2 −1673.4 681 1222.5 230 0.55 191.3455 

1873.3 402.8 2098.1 460.2 −1272.2 624 991.1 334 0.65 192.4632 
2000.5 472.5 2290.4 527.1 −1246.8 590 980.6 375 0.75 193.4483 
1984.4 468 2322.7 399.9 −1197.3 411 1046.1 218 0.85 194.3099 
2158.9 323.7 2368.6 338.3 −1120.1 490 938.9 219 0.95 195.0602 
2153.3 369.4 2545.5 437.2 −1151.5 888 982 373 1.05 195.7152 
2236.5 436.4 2458.5 372 −1048.5 360 913.1 315 1.15 196.2933 
2286.6 276.3 2642.1 343.7 −1006.6 87 946.3 420 1.25 196.8157 
2315.7 400.3 2752.6 421.1 −891.5 244 921.83 459 1.35 197.3056 
2242.5 403 2722.2 403 −993.13 516 959.55 383 1.45 197.7874 
1908 572.1 2238.1 523.5 −1654.1 818 1308.1 407 0.55 198.2861 

1885.1 444.7 2268.6 595.1 −1389 798 1277.8 422 0.65 198.8267 
1991.9 517.5 2353.8 657.6 −1379.1 640 1176.9 457 0.75 199.4334 
2013.9 571.2 2434 469.2 −1367.8 912 1147.2 362 0.85 200.1284 
2100.7 415.4 2582.5 537.4 −1315.1 1079 1099.8 347 0.95 200.9318 
2075.2 379.4 2603.8 430.7 −1220.3 957 1136.4 395 1.05 201.8606 
2196.2 460.6 2715.2 526.7 −1147.7 561 1083.2 433 1.15 202.9279 
2033.4 388.4 2952.1 532.9 −1025.5 244 1056.3 484 1.25 204.1425 
2242.2 488.3 2869.1 433.3 −1201.8 882 1089.5 489 1.35 205.5085 
2332.3 468.7 2958.7 503.8 −916.35 187 994.5 480 1.45 207.0249 
1867.7 333 2448.9 419.6 −1150.6 −144 1602 −83 0.55 208.6857 
2062 330.7 2494.8 436.2 −1425.8 428 996.3 151 0.65 210.4795 
2102 372 2609.9 452.3 −1264.1 278 1278.5 −399 0.75 212.3903 

2208.2 401.5 2679.6 426.9 −1271.1 257 1412.5 21 0.85 214.3974 
2234.8 424.5 2852.4 361.2 −947.3 442 1307.5 −251 0.95 216.4763 
2310.1 281.8 2890.6 367.3 −1169.4 468 1250.1 −352 1.05 218.5993 
2315.1 281.9 3005.4 354.5 −1100 481 1113.5 −34 1.15 220.7367 
2477.8 299.7 3033.9 380 −1138.1 291 1164.8 −391 1.25 222.8577 
2509.5 374.8 3144.9 446.4 −1068.8 120 1064.4 271 1.35 224.932 
2315.8 371.7 3273.9 472 −844.1 100 1029.1 205 1.45 226.9309 
2097.7 462.9 2633.9 478.2 −1524.8 161 1859 −515 0.55 228.8288 
2144.6 376.8 2726.3 441.3 −1481.9 595 1566.8 225 0.65 230.605 
2227 457.6 2820.1 521 −1393.5 223 1595.1 −268 0.75 232.245 

2363.9 578.2 3011.5 432.5 −1355.6 276 1588.5 142 0.85 233.7418 
2363.6 414.3 3061.6 425.4 −1059.3 525 1305.2 362 0.95 235.0976 
2343.8 330.8 3220.2 375.3 −1182.6 504 1332.5 −11 1.05 236.3249 
2468.6 370 3196.8 391 −1075.4 610 1328.8 146 1.15 237.447 
2520.5 326.5 3389.9 444 −1259.4 435 1301.3 −242 1.25 238.4994 
2500.6 291.2 3406.1 365 −1116.1 260 1284.5 197 1.35 239.5294 
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2536.6 451.7 3536.2 556.4 −1113.9 288 1257.9 −382 1.45 240.5966 
2217.6 422 2809.5 477.3 −1355.7 894 1870.8 −191 0.55 241.7719 
2315.8 482.7 2984.9 521.1 −1658.2 631 1895.2 475 0.65 243.1369 
2300.7 531.4 3048 529.6 −1553 782 1589.9 297 0.75 244.7824 
2418.9 627.2 3114.5 549.7 −1408.9 565 1681.8 178 0.85 246.8062 
2407.4 689.2 3226.6 441.9 −1100.1 659 1605.6 573 0.95 249.3112 
2575.1 418.9 3357.7 398.5 −1216.2 595 1512 345 1.05 252.4023 
2469.1 474.1 3659.3 526.2 −1113.2 728 1360.8 657 1.15 256.1839 
2551 343.3 3746.9 484.2 −1216.2 486 1354.6 624 1.25 260.7562 

2627.1 400.8 3868 482.8 −1167.4 430 1358.7 438 1.35 266.2127 
2598.8 349.2 3856.5 531.2 −1145.6 601 1212.1 553 1.45 272.6374 
2221.1 598.5 2204.8 691.2 −1885.5 945 2161.7 −622 0.55 280.1025 
2267.4 500.7 3340.9 617.1 −1592.5 1114 1972.7 626 0.65 288.668 
2386.6 535.2 3390.2 570.9 −1646.5 1060 1646.8 414 0.75 298.3815 
2597.7 796.9 3717.5 659.3 −1444.7 877 1691.9 527 0.85 309.2817 
2563.2 707.3 3919.5 583.2 −1197.9 1233 1688.8 893 0.95 321.4035 
2662.1 696.1 4051 621.3 −1374.5 678 1574.9 485 1.05 334.7875 
2711.7 689.5 4156.5 513.8 −1266.3 954 1514.1 943 1.15 349.4937 
2742.9 543.2 4333.8 640.3 −1348.7 526 1563.1 875 1.25 365.6212 
2914.2 527.1 4622.7 492.5 −1448.2 518 1359.9 785 1.35 383.3351 
2836.4 527.7 4773.4 674.9 −1157.2 665 1255.5 634 1.45 402.9015 
1459.1 298.1 1302.7 274.6 −1349.8 342 761.7 61 0.55 4.4381 
1602.3 223.4 1413.4 330.1 −1238.5 176 649 73 0.65 13.7772 
1425.2 269 1727.5 308.6 −973.21 237 606.69 29 0.75 25.6596 
1683.9 209.7 1620.1 321.9 −1057.7 433 681.5 2 0.85 38.4103 
1744.1 225.8 1629.4 301.7 −1054.1 294 687.3 80 0.95 50.89 
1772.3 207.7 1660.3 232.4 −880.45 −156 730.55 −69 1.05 62.374 
1672.8 177.4 1909.3 237.8 −889.18 −6 603.24 −38 1.15 72.4515 
2003.3 168 1756.2 279.9 −878.06 250 642.87 13 1.25 80.9435 
2096.7 380.3 1840.3 200.1 −844 357 618 −40 1.35 87.8359 
2155.3 283 1947.2 289 −890.49 264 571.82 43 1.45 93.2272 
1466.6 264.8 1469.2 283.9 −1220.2 345 1055.7 75 0.55 97.2865 
1551.2 302.1 1552.2 338.8 −1350.9 260 823.4 150 0.65 100.2214 
1634.5 316.1 1584.1 321.7 −1128.1 289 760.1 125 0.75 102.2543 
1735.4 196.5 1601.5 326.3 −1138.4 447 742.2 54 0.85 103.6044 
1719.9 243.2 1692.4 311 −1068.6 334 706.3 152 0.95 104.4762 
1743.4 228.6 1740.2 235.3 −936.78 230 774.3 −31 1.05 105.0513 
1831.6 184.2 1832.2 243.7 −952.43 −118 610.3 −46 1.15 105.4842 
2014.8 226.2 1829.3 293.4 −951.5 288 647.7 27 1.25 105.9005 
1981.3 245.4 1973.2 269 −919.93 372 630.93 73 1.35 106.3973 
2208.2 262 2096.9 295.3 −979.94 243 641.1 78 1.45 107.0448 
1397.1 287.6 1388.7 353.2 −1274.2 780 985.7 114 0.55 107.8888 
1611.9 340.1 1616.2 380.5 −1314.4 570 856.4 168 0.65 108.9541 
1670.2 331 1731.8 346 −1196.3 348 815.2 134 0.75 110.2482 
1751.3 242 1788 321.5 −1264.7 511 757.6 155 0.85 111.7645 
1865.5 262.9 1827 322.4 −1137.6 472 716.2 138 0.95 113.486 
1867.6 267.5 1872.3 248.3 −1078.4 238 798.77 42 1.05 115.3889 
1939.7 241.1 1978.7 276.1 −1104 204 646.73 35 1.15 117.4449 
2055.8 337 2029.5 325.5 −1006.1 375 719.5 8 1.25 119.6239 
2143.7 359 2306.2 390 −936.07 460 679.18 79 1.35 121.8962 
2332.4 436.5 2429.1 464 −1000.4 336 670.88 129 1.45 124.2341 
1478.4 380.2 1348.3 208.2 −1459.5 755 975.6 181 0.55 126.613 
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1774.5 378.7 1751.6 437.8 −1335 716 862.7 246 0.65 129.0121 
1881.1 530.2 1918.5 544.6 −1362.7 562 827.4 199 0.75 131.415 
2066.7 414.5 2093.3 519.6 −1346.9 754 801 187 0.85 133.8098 
2004.8 413.3 1987.2 430.9 −1176.8 555 855.9 171 0.95 136.1888 
2046.6 313.4 2003.2 263 −1142.4 342 809.5 88 1.05 138.5482 
2094.5 289.4 2025.4 301.7 −1094.2 287 676.42 122 1.15 140.8876 
2172.1 363 2302.2 384.7 −1031 378 730.4 25 1.25 143.2091 
2262.7 440.5 2519.8 469.9 −904.63 374 791.85 177 1.35 145.5169 
2497.5 558 2714.6 500.4 −1042.3 542 697.24 135 1.45 147.8161 
1773.8 478.4 1560.1 462.6 −1118 −58 921.5 128 0.55 150.1124 
1603.1 335.1 1714.2 384.8 −1273.9 305 622.4 240 0.65 152.411 
1709.8 388.8 1758.7 419.4 −1190 333 572.7 250 0.75 154.7163 
1806 331.6 1891.5 332.8 −1076.9 510 372.6 140 0.85 157.031 

1842.8 293.9 1919.2 313.4 −913.35 147 351.8 190 0.95 159.3561 
1902.8 342.9 2107.3 348.3 −946.33 268 155.59 289 1.05 161.6902 
1952 368.9 2086.9 322.5 −990.2 246 263.8 202 1.15 164.0297 
2018 260 2131.5 255.3 −829.85 −137 219.1 264 1.25 166.3684 
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