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Abstract

To improve the accuracy of predicting the remaining useful life (RUL) of computer numerical control (CNC) machine tool
components, this study proposes a novel method. In the method, a condition monitoring platform for components is built to obtain
component operation information. The collected information is processed to acquire signal features with better trend. The Weibull
model is modified via the fusion of internal signal features and external operating information. Accordingly, a Weibull regression
model that fully considers the operating condition information of components is established. The fminsearch function is applied to
solve the WRM with complete parameterization, and the optimal parameter estimates of the model are obtained. The RUL
prediction method is demonstrated using a specific example. Multiple indexes are used to evaluate the model performance.
Furthermore, the validity of the model is verified by comparison. The proposed method can obtain more accurate RUL prediction
results of the components. It is of great significance to the health operation of CNC machine tools.

Keywords- Computer numerical control machine tool, Operation condition, Weibull regression model, Remaining useful life,
Fminsearch function.

1. Introduction

In the context of global intelligence, manufacturing systems are constantly upgrading, and manufacturing
equipment is gradually developing towards precision, informatization, and integration (Ahmad and Ghazal,
2020; Chen and Wells, 2022). As the core equipment of manufacturing systems, CNC machine tools are
bound to put forward higher requirements for the performance indicators of their components (Li et al.,
2021). Therefore, conducting effective and reasonable prediction of the remaining useful life of components
has important significance in reducing machine tool downtime losses caused by failure (Rao and Li, 2021).

The RUL prediction is based on the current or existing historical performance information of the research
object to predict the future state, and then estimate the remaining usable time (Bouzenita et al., 2020; He et
al., 2023). Since the concept of RUL prediction was put forward, scholars have carried out extensive
research and achieved corresponding results. It mainly includes RUL prediction methods based on physical
model, data-driven and hybrid models (Ferreira and Goncalves, 2022).
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(i) Methods based on physical models. RUL prediction methods based on physical models establish an
accurate mathematical model to reflect the life distribution law on the basis of fully understanding the
failure mechanism of equipment and evaluate the RUL of equipment combined with the corresponding
parameter information (Zhiyong et al., 2021). Qian et al. (2017) proposed an improved Paris crack growth
model to describe the fault propagation of bearings and combined it with the enhanced phase space crimping
technology to realize RUL prediction of bearings. Lei et al. (2016) built a degradation process model
integrating multiple feature mutual information indicators for the establishment of health indicators in the
process of RUL prediction and the parameter estimation of the degradation model. This model used the
maximum likelihood method to estimate model parameters and updated the parameters through particle
filtering, thereby achieving RUL prediction for rolling bearings. Baraldi et al. (2013) constructed a physical
degradation process model for turbine blades and used Kalman and particle filter techniques to predict
turbine blade RUL. The methods based on physical models are mainly applied to research objects which
the fault mechanism is known and the degradation evolution can be described. In engineering, some
phenomena such as complex failure process, failure mode coupling, and frequent unknown factors will
occur. In these situations, establishing an accurate physical model to describe the physical changes of
equipment becomes difficult.

(ii) Data-driven methods. Data-driven RUL prediction methods obtain the hidden degradation law of
equipment according to the historical information or the monitored state data and then carry out RUL
prediction research (Li et al., 2024). There are widely used given their high computational efficiency and
low requirement for prior knowledge of the research object. Yuting et al. (2018) applied long short-term
memory neural networks, with the advantage of time-series data modeling, to realize RUL prediction of
aero engines. Huang et al. (2017) established an adaptive skew-Wiener model to simulate the degradation
drift of equipment. On the basis of the prior knowledge and historical data of bearings, they proposed an
online filtering algorithm for state estimation and used a two-stage algorithm to estimate the unknown
parameters of the model, thereby predicting the RUL of ball bearings. The data-driven RUL prediction
method mainly constructs degradation trends through a large amount of historical monitoring data, without
the need for fault mechanisms, and is suitable for equipment with complex structures or complex fault
mechanisms. However, these models have high requirements for data mining, hidden information
recognition and the promotion ability of the prediction model. They also require high-performance
prediction algorithms as support, which will affect the application scope of the prediction method.

(iii) Methods based on hybrid models. These RUL prediction methods combine the physical model of the
research object with the relevant data and algorithms, and make full use of their advantages to carry out
RUL prediction of the equipment (Li et al., 2019; Wu et al., 2021). Sun et al. (2018) combined physical
models with data-driven models to establish a hybrid tool RUL prediction method, which obtains tool wear
status information through sensors. Based on the physical model and the Wiener process, a tool state
degradation model was established to predict the RUL of tools. Hybrid model give full play to the
advantages of the above-mentioned two models. They mostly process the collected condition monitoring
information with a data-driven method to infer the degradation status of the research object and then model
the degradation status via a physical model to achieve RUL distribution estimation. Hybrid models have
better prediction results and are the trend of future RUL prediction research.

In summary, traditional research on predicting the RUL of machine tool components is mostly based on the
operation of components under a fixed condition, which requires separate modelling for each condition.
Alternatively, RUL prediction is only based on the signal features of components, without taking into
account the real-time processing conditions of CNC machine tools. Otherwise, the operating conditions of
CNC machine tools are considered without integrating them, which will inevitably lead to high errors in
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the RUL prediction results of machine tool components.

Therefore, we take into account the operating condition parameters of CNC machine tools whilst obtaining
the signal features of components. This study regards the signal features of machine tool components after
dimensionality reduction as internal covariates, and the operating load and speed as external covariates to
establish a WRM. The model fully considers the information on machine tool operating status. Hence, RUL
prediction of the machine tool components based on WRM is conducted. Accurate and reasonable RUL
prediction analysis is the basis for optimizing the predictive maintenance strategy of machine tool
components. It is also the cornerstone in promoting a healthy and stable operation of CNC machine tools.

Contributions of this work are outlined as follows:

(i) We propose a novel method to predict the remaining useful life of CNC machine tool components. (ii)
A Weibull regression model has been established, which comprehensively considers the operating
information and signal features of components during machine tool processing. (iii) The fminsearch
function is applied to realize the complete parametric solution of the Weibull regression model, and the
optimal parameter estimation of the model is obtained. (iv) A detailed case study using the real data of CNC
machine tool spindle is conducted, and we finally verified the superiority of the proposed model by
comparison.

The rest of this paper is organized as follows. The second part elaborates the RUL prediction method for
CNC machine tool components. The third part demonstrates the progressiveness of the proposed method
through a case study. In the fourth part, the performance evaluation of the model is conducted. A
comparative analysis is presented in the fifth part, and conclusions are given in the sixth part. Table 1 lists
the acronyms used throughout the paper.

Table 1. Notations.

Notation Meaning Notation Meaning
F(t) Failure probability function 6’ Scale parameter of the WRM
t Time variable RUL(t, Z(t)) The function of remaining useful life
to The current time Z(t) Operating information of components
6 Scale parameter Xrms Effective value
y Shape parameter X, Peak to peak value
ay Intercept X, Skewness
I [ internal covariates K Kurtosis
E; j external covariates Xpc Center of gravity frequency
a Coefficient of the internal covariate Xrmsr Root mean square of frequency
b; Coefficient of the external covariate Xrvr Frequency standard deviation
A(t,IE) Failure rate function A Eigenvalue
f(t, LE) Probability density function RUL Remaining useful life
Tr(X,t) Trend coefficient WRM Weibull Regression Model
The degraded eigenvalue of the component at time L .
X(ty) ty PCA Principal component analysis
N The total number of data points Bias Deviation method
PC, The signal feature vector after dimension reduction MSE Mean squared error method
s Speed E, The difference between the actual and predicted
values
L Load ISV The improved score method
R(t,PC,L,S) | Reliability function W Considering the operating parameters
L(y,6") Likelihood function NW Without considering the operating parameters
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2. Remaining Useful Life Prediction

The flowchart of the RUL prediction of CNC machine tool components based on WRM is shown in Figure
1. WRM considers the operating conditions of the machine tool components and the measured signal feature
to improve the prediction accuracy. The model addresses the issue that the traditional RUL prediction
method does not consider the degree of component degradation (signal feature parameter) and working
condition information at the same time. Moreover, it reduces the tedious work of constructing multiple
single prediction models, thereby effectively guiding the preventive maintenance of machine tool
components.
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Figure 1. Flowchart for predicting the RUL of CNC machine tool components based on WRM.

This study combines engineering to divide the RUL of CNC machine tool components into two parts. One
is model construction, and the other is model application. The construction part of the model builds a
condition monitoring platform of the machine tool components to obtain the signals of the components
under different operating conditions. The time domain features and frequency domain features are extracted
and reduced dimensionally by principal component analysis (PCA). The signal features after dimension
reduction are regarded as internal covariates. The operating condition parameters under different working
conditions of the machine tools are taken as external covariates. The internal and external covariates are
combined to construct a WRM. The fminsearch function is used to solve the model parameters. Then, the
RUL of components is predicted. Combined with several performance evaluation indexes, the performance
of WRM is evaluated comprehensively. The application part of the model establishes a WRM model for
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machine tool components under any working condition on the basis of the component WRM models trained
under different working conditions. Subsequently, the RUL of the machine tool components under any
working condition is predicted. The WRM which does not consider the operating conditions of the machine
tool is compared with the WRM which considers the operating conditions. The results show that
considering operating condition parameters is necessary to predict the RUL of components.

2.1 Modeling Principle of Weibull Regression Model

The Weibull distribution is widely used in the reliability analysis of various complex systems (Ahmad and
Ghazal, 2020). It can reflect the fatigue life of mechanical components under random load. Therefore, we
choose the Weibull distribution as the fault data distribution for CNC machine tool components. The
cumulative failure probability function of the Weibull distribution model is shown as follows:

F@©) =1-exp|-(2) ]t =0 1)

where, t is the time variable, t > 0. 6 represents the scale parameter, 8 > 0. y represents the shape
parameter, y > 0.

Equation (1) indicates that for mechanical products such as CNC machine tools, the failure probability of
components is a function of time. However, other external factors, including the operating speed of
equipment, the application of load and other environmental factors, can affect the failure evolution of
machine tool components in engineering. These covariates can be divided into external and internal
covariates. Covariates such as speed and load are referred to as external covariates. Machine tool
components with the same material and design configuration often have different RUL owing to different
manufacturing processes, processing quality, product users and other reasons. The parameters obtained
through monitoring with sensors, such as vibration, temperature and noise, are internal covariates.
Therefore, under the premise that the failure mechanism of machine tool components remains unchanged,
this paper describes the scale parameters of the model using internal and external covariates during the
operation of machine tool components. The Weibull model is extended to WRM (Yoo, 2022). The failure
probability function of WRM can be transformed into the following equation:

F(t)=1—exp [— (é)y], o = ea0+z?=1 aili+Xj%, bjE;j 2

where, a, represents the intercept. I;(1 < | < q) denotes [ internal covariates. E;(1 < j < m) represents j
external covariates. a;(1 <[ < q) and b;(1 < j < m) correspond to the coefficients of the internal and
external covariates, respectively.

The expanded equation of the failure probability function is shown below.

Y
(e ©
ea0+Zl:1alIl+Zj:1bjEj

Through generalizing Equation (3) to a more general form, the failure probability function of WRM is
obtained as follows:

F(t)=1—exp

¢ Y
F(t,l,E)—l_exp[_(m) ] “
Thus, the failure rate function of WRM can be obtained as:

/1(1', I, E) " exp(ag+al+bE) (exp(a0+a1+bE)) (5)
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According to Equations (4) and (5), the probability density function of WRM can be derived as follows:
-1
f(t'I'E):A(t’I’E)X(l_F(t'I'E)): : ( t )V XExp( t )Y (6)

exp(ag+al+bE) \exp(ag+al+bE) exp(ayg+al+bE)

On the basis of fully considering the internal and external covariates during the operation of components,
a WRM model of machine tool components are established. Then RUL prediction of machine tool
components is carried out.

2.2 Signal Feature Dimensionality Reduction

Combined with the functional structure characteristics of machine tool components, a status monitoring
platform for components is built. The platform mainly includes monitored equipment, sensors, signal
acquisition instrument, signal analysis platforms, connecting lines and PC terminals.

After the signals of the component are collected, they are preprocessed with trend item elimination, noise
reduction and feature extraction (Liu et al., 2023). PCA is an unsupervised technique is widely used in
signal feature dimension reduction. This method can effectively reflect the maximum variation in signal
feature information. At the same time, the feature information loss of the signal is minimized. Therefore,
this paper adopts the PCA algorithm to reduce the dimensionality of the signal features (Andras et al.,
2018). The processing flow is shown in Figure 2. Firstly, the signal features are decentralized to obtain the
covariance matrix of the feature sample set, and the mean and variance are calculated. Then, all eigenvalues
and their corresponding eigenvectors are calculated. Afterwards, the variance contribution rate and
cumulative variance contribution rate of each principal component are calculated. When the cumulative
variance contribution rate is greater than 95%, a new fusion feature can be obtained. Finally, the
dimensionality reduction of signal features is realized.
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Figure 2. Flowchart of signal feature dimensionality reduction processing based on PCA.

According to the PCA dimensionality reduction process, the extracted signal features are reduced, and the
eigenvalues of each signal feature vector under different operating conditions are calculated. The extracted
features have good correlation with time and the operating status of machine tool components. The level of
correlation can affect the establishment of RUL prediction models and even the final results of component
RUL prediction (Niu et al., 2016; Zhao et al., 2016). The trend coefficient displays the correlation between
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features and time, ranging from 0 to 1, and is related to the performance of the research object (Zhang et
al., 2016). The trend coefficient is defined as follows:
Tr(X,t) = INYX(tn)tn-2X(tn) X tnl )

JvExEn-Exen v G- on?)

where, X (ty) represents the degraded eigenvalue of the component at time t,. N is the total number of data
points.

2.3 Parameter Estimation of Weibull Regression Model

The signal feature vector PC, after PCA dimension reduction exhibits a better trend with the change in
component performance. Therefore, it is used as an internal covariate of the WRM model for machine tool
components. The lifespan of the components is also related to the working conditions, such as speed S and
load L, so we use these working conditions as external covariates of WRM. Combined with Equation (3),
the reliability function of the machine tool component at ¢ is obtained as follows:

Y
R(t,PC,L,S) = exp [—( ‘ ) ] (8)

exp(ag+a; XPCy+a;XPCo+-+agXPCq+by XL+byXS)

where, a, represents the intercept. y is the shape parameter. a,, a,, -+, a, are the regression coefficients of
the internal covariates PCy, PCy, -+, PCy, respectively. by and b, represent the regression coefficients of
the external covariates load and speed, respectively.

Before the RUL of machine tool components is predicted with WRM, the parameters should be estimated.
Accurate parameter estimation is crucial for predicting the RUL of machine tool components (Yan et al.,
2019). In this study, the maximum likelihood estimation (MLE) method is used to estimate the parameters
of WRM (Liu and Liu, 2022). According to Equation (2), the likelihood function is as follows:

100 =T (55 xemn (- (5)) 0

Compared with the likelihood function, the logarithmic likelihood function is easier to process. Thus, the
logarithmic likelihood function is used to express to facilitate calculation.

¥
L(y,6") = nin(y) = ny In(8") + (v = DI, Int; - 31, (5) (10)
where, 8" = exp(ag + a; X PC; + a; X PCy + -+ ag X PCq+ by X L+ b, X S).

The partial derivatives of the parameters ay, a,ay, -, aq, by, b, in Equation (10) are calculated. The
partial derivatives are set to zero, then the optimal value of each parameter can be obtained. Considering
that many parameters exist and that the calculation is relatively complex, we need to use an intelligent
optimization algorithm to solve the parameters. WRM is a fully parameterized model that can combine the
corresponding operating status monitoring data and operating parameters of components to achieve RUL
prediction of machine tool components at any time.

The fminsearch function is widely used in solving multidimensional unconstrained linear optimization
problems because of its strong applicability (Bella and Kebbab, 2022). Therefore, this study uses the
fminsearch function to estimate the parameters of the maximum likelihood function. The specific steps for
solving the parameters are as follows.
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(1) The logarithmic likelihood function expression of the model parameters, that is Equation (10), is
clarified.

(2) A function, TgtVal =TgtFcn(x,data) , where data represents the sequence
(t,PCl,PCZ,---,PCq,L,S) of internal and external covariates in WRM, is established. Then, x =
(x(1),x(2), -, x(q + 4)) is set to correspond to the unknown parameters (ao, a;, az, -+, ag, by, b, y) in
Equation (10).

(3) TgtVal = —TgtVal is set, and the maximum value-solving problem is converted into finding minima.

(4) fun = @(x)TgtFcn(x,data), and [x, fval, exitflag] =fminsearch (fun, x,) are set. where fval is
the minimum value of the function. exitflag represents the output conditional value of the return function.
exitflag =1 indicates that the function converges to a solution. exitflag =0 implies that the function has
reached the maximum number of iterations. exitflag = — 1 represents the termination algorithm for the
output function. For obtaining accurate parameter estimation results, the least squares method is used to
determine the initial value of the parameters (Aydi and Alduais, 2022), which is used as the starting point
for iterative optimization. Thereafter, the parameter estimates can be obtained.

2.4 Remaining Useful Life Prediction

The RUL prediction of CNC machine tool components refers to the time difference from the current time
to to the reliability threshold required by the user at time t. The RUL function is assumed to be
RUL(t,Z(t)), and the geometric meaning of RUL at ¢, is the area of the reliability function curve in the
operating interval [t,, t], then,

RUL(t,2(®)) = J; R(z,2(D)) de (11)

where, Z(t) represents the operating condition information of components.

Therefore, Equation (3) is utilized to determine the reliability of components. On the basis of Equation (11),
the RUL prediction of components at t, can be achieved. In accordance with the above modelling ideas
and in combination with the collected operating condition information of machine tools, the WRM
remaining useful life prediction model proposed in this paper is demonstrated using the leave-one-out cross-
validation method (Geroldinger et al., 2023). The reliability values of each component can be obtained at
any time and under any working conditions. Further research on component RUL prediction can be carried
out.

3. Case Study

This study takes a certain workpiece production process of a cooperative enterprise as an example to
conduct monitoring experiments. A certain model of CNC machine tool spindle is selected as the research
object. During the machining process, B17R0.8 cutting tools are used to perform precision machining on
the workpiece surface. The vibration signals during the machining process of the spindle are measured
using a 5E101 eddy current displacement sensor and a 1A313E acceleration sensor, with a sampling
frequency of 5 kHz. A DH5922D dynamic signal testing and analysis system is used to collect vibration
data; it is connected with a DHDAS signal analyzer to complete signal storage.

To obtain the vibration status of the spindle under different working conditions during processing, this study
regards the normal processing conditions of the workpiece as the standard and reasonably changes the
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spindle speed to obtain the vibration status signals under several different conditions. The processing
parameter settings are shown in Table 2. The spindle vibration signals obtained in the complete processing
cycles are used as experimental data for each working condition.

Table 2. Processing parameters under different working conditions.

Condition Feed rate (mm/min) Spindle speed (r/min) Processing depth (mm) Tool condition
1 1800 3000 5.75 normal
2 1800 1800 5.75 normal
3 1800 2400 5.75 normal
4 1800 3600 5.75 normal

On the basis of the structural characteristics of the spindle, we extract time-domain features, such as the
effective value X,.,,,5, peak-to-peak value X,,, skewness X, and kurtosis K, as well as frequency-domain
features such as the center of gravity frequency X, root mean square of frequency Xz sr, and frequency
standard deviation Xz, (Wang and Du, 2022). Amongst them, the effective value reflects the magnitude
of energy in the signal. For example, the greater the wear during the operation of a CNC machine tool, the
greater the effective value of the monitored signal characteristics. The peak value represents the impact
force of each component during the operation of the machine tool, which can reflect the wear, pitting
corrosion and crack of the components, and is suitable for early performance monitoring of the machine
tool components. The skewness of the signal reflects the non-neutrality of the sampled signal sequence,
which is related to the operating status of the machine tool components. Kurtosis is used to represent the
flatness of the signal waveform, reflecting the distribution of variables. These features need to show a
predictable change trend in the performance degradation of machine tools. To improve the efficiency and
accuracy of predicting, we apply the PCA algorithm to reduce the dimensionality of the extracted signal
features. The eigenvalues of each signal feature vector under different working conditions are calculated.
Given working condition 1 as an example, the obtained eigenvalues are summarized in Table 3.

Table 3. Eigenvalues of vibration signal eigenvectors for condition 1.

Number A4 A, A3 Ay As Ag Ay
Eigenvalue 2.0874 1.6962 1.1676 0.9781 0.7230 0.3473 0.0004

The variance contribution rate and cumulative variance contribution rate of each feature component are
calculated. The cumulative variance contribution rate of the first five feature components is as high as
95.03%, as shown in Figure 3. Therefore, the new feature vector after dimensionality reduction can include
most of the information of the original feature vector.

From Table 3 and Figure 3, the first five feature components after dimension reduction by PCA form a
new set of feature vectors. The trend of the first principal component over time is plotted in Figure 4. As
can be seen from Figure 4, with the extension of time, the first principal component presents a certain
downward trend, which can reflect the degradation of machine tool components to a certain extent.

On the basis of Equation (7), the trend coefficients of each feature before and after dimensionality reduction

of the vibration signal in condition 1 can be calculated. The results are summarized in Table 4 and Table
5.
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Figure 3. Variance contribution rate and cumulative variance contribution rate of the first five feature components.

Table 4. Trend coefficient of each feature before dimensionality reduction.

Feature Xy K Xrms Xy Xrc Xrusr Xpvr
Coefficient 0.122 0.012 0.016 0.002 0.478 0.002 0.004
3 T T T T T T T T T
2 - -
1 \1 -
0 - E
Sk
o
_"J_ b=
ey -
A -
5 1 1 1 1 1 1 1 1 1
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Figure 4. Trend diagram of the first principal component over time.
Table 5. Trend coefficient of each feature after dimensionality reduction.
Feature PCy PC, PC, PC, PC
Coefficient 0.554 0.033 0.447 0.097 0.695

1249 | Vol. 9, No. 6, 2024




: - ; P ; ; Ram Arti
Mu et al.: Remaining Useful Life Prediction of Computer Numerical Control Machine... Publishers

Before dimensionality reduction, the features with relatively high trend coefficients are the center of gravity
frequency (Xg¢), peak-to-peak value (X,,), effective value (X,-,,5), and kurtosis (K), with a maximum trend
coefficient of 0.478. The maximum and minimum trend coefficients of the feature vectors after
dimensionality reduction are 0.695 and 0.033, respectively, which are significantly higher than those before
dimensionality reduction. Therefore, the features after dimensionality reduction have better trendiness and
can more accurately predict the RUL of machine tool components.

After obtaining signal features with good trend, we apply the fminsearch function for parameter estimation
to obtain the optimal parameters in WRM. With working condition 1 as an example, the WRM of the
spindle under condition 1 is calculated, and the parameters are shown in Table 6.

Table 6. Parameters of WRM under condition 1.

Number Parameter Value
1 a, 0.054
2 a, 0.060
3 a, 0.036
4 as -10.220
5 ay -1.357
6 as -19.420
7 by 2.417
8 b, -0.095
9 y 0.641

The WRM of the spindle under operating condition 1 can be obtained using the parameters of WRM listed
in Table 6 and via Equation (8), shown as follows:

R(t,PC,L,S) = exp [— (5)0'641] (12)

0.054 + 0.060 X PC; + 0.036 X PC, — 10.220 X PC; —)

where, 0" = exp (1.357 X PCy — 19.420 X PCs + 2.417 x L — 0.095 X S

Table 7. Parameters of WRM under different operating conditions.

Parameter Condition 2 Condition 3 Condition 4
a 0.0563 4.8738 1.7890
a, 54791 2.2561 19.3613
a, -2.9191 0.0134 -23.5668
as -1.1080 -0.3380 -9.4450
ay 0.0795 1.6306 0.7689
as -0.0006 0.0888 -0.0219
by 0.6410 0.6410 0.6410
b, 0.0563 4.8738 1.7890
y 54791 2.2561 19.3613

Similarly, the WRM of the machine tool spindle under different working conditions can be obtained, and
the parameters are listed in Table 7.

This study still uses condition 1 as an example to predict the RUL of components. The first 172 sets of the

173 collected sets of data are used for parameter estimation of WRM, and the remaining set of data is used
as the test data to predict RUL. The predicted results are shown in Figure 5.
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Figure 6. RUL prediction results of component under different operating conditions.
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Generally, the 20% area of the actual RUL is considered the allowable range of error. According to Figure
5, the RUL of component predicted by WRM is close to the actual RUL of component, and the predicted
results are all within the 20% error range. This indicates that our model has good predictive performance.
Similarly, the RUL prediction results of components under different operating conditions can be obtained,
as shown in Figure 6.

From Figure 6, the RUL of components predicted by WRM is close to the actual RUL of components, and
most of them fall within the error range of 20%. It can be intuitively found that the prediction error of
conditions 1 and 3 is smaller, while the error of conditions 2 and 4 is relatively larger. In these two working
conditions, the spindle speed is at the minimum and the maximum, which leads to a certain error in the
prediction results. Therefore, the model is more suitable for the prediction of smoothly running components.

4. Performance Evaluation of the Model

Evaluating the model performance is necessary to measure the accuracy of RUL prediction results of CNC
machine tool components on the basis of WRM. The WRM model constructed in this study is a regression
model. The commonly used regression model performance evaluation methods are the deviation method
(Bias) and the mean squared error method (MSE) (Afshari and Mahajan, 2021), as shown in Equations (13)
and (14), respectively.

Bias = - Y, E; (13)
MSE =%, (E;)? (14)

where, E; represents the difference between the actual and predicted values at the i -th time point.

From Equations (13) and (14), the prediction error values calculated using the Bias method have positive
and negative values, which will affect the judgment of model accuracy. Meanwhile, when the MSE method
is applied, only the absolute value of the prediction error can be obtained, and different error categories
cannot be well distinguished. Therefore, some scholars have proposed a performance evaluation method
for RUL prediction models based on the improved score method (ISV) (Wang and Mamo, 2019), as shown
in Equation (15):

ISV =2YN A, A = exp (ln(O.S) : (ﬂ)) (15)

N =144 20

From Equation (15), in the process of applying the ISV method for the model performance evaluation, the
larger the ISV value, the smaller the error of the model and the better its performance.

Through Equations (13) to (15), combined with the actual and predicted RUL values, the performance
evaluation results of WRM under different operating conditions can be obtained. Table 8 shows the details.

Table 8. Performance evaluation results of WRM for machine tool spindle under different operating conditions.

Index Condition 1 Condition 2 Condition 3 Condition 4
Bias -1.996 -10.558 -1.000 -14.657
MSE 9.263 159.812 1.000 306.257
ISV 0.936 0.713 0.966 0.634

From Table 8, WRM has good performance. Specially, under condition 3, the deviation and mean squared
error of WRM are only 1, and the ISV value is as high as 0.966. Thus, WRM can achieve accurate RUL
prediction of machine tool component.
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5. Comparative Analysis

A comparative analysis is conducted to verify the superiority of the method proposed in this work and the
necessity of comprehensively considering the internal and external variables during the operation of
components in the WRM modelling. The WRM of the components considering the operating condition
parameters (W) is compared with the model without considering the operating condition parameters (NW).
Given condition 1 as an example, the model comparison diagram is shown in Figure 7. Meanwhile, the
performance evaluation indexes of the model are summarized in Table 9.

Table 9. Performance evaluation results of W model and NW model.

Index w NW
Bias -1.996 -12.617
MSE 9.263 378.505
ISV 0.936 0.720

According to Figure 7 and Table 9, when establishing a RUL prediction model based on WRM, if the
model includes condition parameters (W), the prediction results are better than those without considering
operating conditions (NW), thus proving the superiority of the method proposed in this work. Similarly, the
comparison diagram of the prediction results under the remaining operating conditions is obtained, as
shown in Figure 8. The performance evaluation index values of the model under different operating
conditions are generated using Equations (13) to (15), and are summarized in Table 10.
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Figure 7. Comparison diagram of RUL prediction trend for condition 1.

From Table 10 and Figure 8, under different operating conditions, the operation parameters should be
considered when conducting RUL prediction. In such situations, the prediction error is reduced. The W
model has better performance indexes than the NW model under all operating conditions. In condition 2
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for example, the predicted deviation of the W model is 9.745, whereas that of the WN model is 16.820. The
mean squared error decreases from 478.879 to 129.711. In addition, under all operating conditions, the ISV
value of the W model is improved over that of the WN model. For example, the ISV value in condition 3 is
increased from 0.608 to 0.966. This finding indicates the necessity of including operating condition
parameters when estimating model parameters and proves that the model we built in this study can
accurately predict the RUL of machine tool components within the error range.

Table 10. Performance evaluation results of W model and NW model.

Index Condition 2 Condition 3 Condition 4
Bias (W) 10.558 -1.000 -14.657
Bias (NW) -31.804 -16.344 -129.114
MSE (W) 159.812 1.000 306.257
MSE (NW) 1504.235 385.491 1254.186
ISV (W) 0.713 0.966 0.634
ISV (NW) 0.431 0.608 0.453
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Figure 8. Comparison diagram of RUL prediction trend for different conditions.
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6. Conclusion

On the basis of obtaining status monitoring information of CNC machine tool components under different
operating conditions, this study comprehensively considers the operating information and signal features
of the components during the machining process. It establishes a WRM for machine tool components from
internal and external perspectives to predict the RUL of CNC machine tool components.

(1) This study preprocesses the collected component signals using the principal components after PCA
dimensionality reduction as internal covariates of WRM and the load and speed of machine tool components
as external covariates to establish WRM.

(2) The fminsearch function is used to solve WRM with complete parameterization, and the optimal
parameter estimates of the model are obtained. The RUL prediction results of WRM are validated through
the leave-one-out cross-validation method, and the model performance is evaluated through multiple
indexes.

(3) Comparison indicates that when estimating the model parameters, if the operating conditions of the
machine tool components are not considered, it will impact the prediction results of the model.

(4) The proposed method can provide corresponding predictive maintenance suggestions for machine tool
manufacturers, thereby reducing machine tool downtime losses, improving production efficiency and
increasing enterprise economic benefits.

The proposed method can obtain more accurate remaining useful life time of machine tool components.
According to this, equipment maintenance personnel can take certain protective measures and maintenance
strategies. Furthermore, it effectively reduces the interference of faults on the operation of the machine tool,
greatly improves the reliability and operational efficiency of the equipment, and reduces maintenance and
replacement costs. At the same time, it can also ensure the safety of production and work. This is very
important for machine tool manufacturers and users, especially small and medium-sized enterprises.
However, the predictive accuracy of the model depends on a large amount of historical data. Therefore, the
application and generalization of this prediction method face some challenges. In the future, we will try to
add multiple operating parameters, such as the material of the machining tool and the depth of cutting
during the machining process. That is, in the process of WRM construction, the scale parameters are
composed of load, speed, tool material and cutting depth. In this way, a more comprehensive WRM model
is constructed. Thereafter, a more accurate RUL prediction results of the machine tool components can be
obtained.
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